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Abstract: In this study, we investigated the synchronous responses of vegetation to extreme tempera-
tures and/or precipitation at middle-to-high latitudes in Asia using semi-monthly observations of the
GIMMS and GLASS leaf area index (LAI) from 1982 to 2016. The extreme vegetation and climate states
were specified using standard anomalies of the annual cycle with removed variables. The results
show that the area with the maximum or minimum LAI increased or decreased in correspondence
with global warming. Both the GIMMS and GLASS LAI mostly reached their maximum in spring
and autumn. The GIMMS LAI mostly reached its minimum in summer, while the GLASS LAI mostly
reached its minimum in late spring or late summer. The GIMMS and GLASS datasets were generally
consistent regarding the vegetation responses to extreme temperatures and precipitation, especially
in the areas covered by trees. Extreme cold and/or wet conditions inhibited forest growth in the area
south of 60 ◦N, particularly from October to November. Extreme hot and/or dry conditions promoted
forest growth, particularly in the central and northern parts of Siberia from August to September.
However, in some arid areas of Central Asia and the Mongolian Highlands, which are mostly covered
by sparse vegetation and grasses, low temperature extremes and/or strong precipitation promoted
vegetation growth, while high temperature extremes and/or low precipitation had adverse effects on
vegetation growth. This was more apparent in the GIMMS LAI than it was in the GLASS LAI, since
the GIMMS dataset supplied more values representing extreme states of vegetation. The compound
extreme of hot-and-dry and cold-and-wet climates were more frequent than the combination of cold
and dry climates and hot-and-wet climates were. The overall positive response of the vegetation
was superior to the negative response. The results of this study suggest that a continuous increase in
vegetation density and coverage will occur over the boreal region in the future if the warming trend
persists. The consequent climate feedback in this area on the regional and global scales should be
afforded more attention.

Keywords: extreme temperature; extreme precipitation; leaf area index

1. Introduction

Climate change is one of humanity’s greatest challenges in the 21st Century [1]. The
global 2 m temperature increased by 1.53 ± 0.15 °C from 1850–1900 to 2006–2015, and this
trend may become more prominent in the coming decades [2]. Along with the warming
trend, most terrestrial areas have experienced an increase in the number of warm and
hot nights and a decrease in the number of cold days and nights [3]. The frequency and
intensity of the observed heat-related events have also significantly increased [3]. In future
decades, 50–80% of the land area is projected to undergo more heat events than those that
are observed in the present day [4]. Although the long-term trend of global droughts are
still a controversial problem due to natural variability, potential deficiencies in drought
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indices, uncertainty regarding the quality of the precipitation data, and changes in the
frequency and intensity of droughts are evident in some regional areas [5–8]. A recent
global analysis of a dataset encompassing 4500 meteorological sites found an increase
in the drought frequency affecting the east coast of the USA, Amazonia, northeastern
Brazil, Patagonia, the Mediterranean region, north-eastern China, and most parts of Africa,
while a decrease was observed in northern Argentina, Uruguay, and Northern Europe [9].
Global warming intensifies the hydrological cycle and affects extreme regional precipitation
events [10,11]. During 1981–2010, the global number of record-breaking rainfall events
increased significantly by 12% compared to the expected figure due to multi-decadal climate
variability [12].

Extreme compound events have also gained increasing attention from the scientific
community and climate researchers. The Intergovernmental Panel on Climate Change
Sixth Assessment Report [13] reported that the number of compound dry–hot events
observed worldwide has increased since the 1950s. This increasing trend is projected to
continue with high probability if global warming persists in the future [13]. In particular,
compound dry–hot events are likely to occur more frequently in northern Eurasia, Europe,
southeastern Australia, the United States, India, and northwestern China [14]. During
2021, China, Germany, and Bangladesh experienced severe floods; Australia and British
Columbia experienced record-breaking wildfires; severe heat waves occurred in Siberia,
extending to the Death Valley; Japan and Texas experienced destructive typhoons [15].
Therefore, it is necessary to understand the consequent damage and disasters related to
extreme weather and climatic events.

The impacts of extreme climate and weather events on terrestrial ecosystems have
attracted the interest and attention of researchers worldwide [16,17]. Terrestrial vegeta-
tion is a vital component of ecosystems and forms the natural bond between land and
atmosphere [18]. Climate states and variability influence variation in ecosystems [19,20].
In general, warm climates promote vegetation growth when energy is the limiting factor
for vegetation growth; however, extremely hot climates may inhibit vegetation growth by
influencing plant metabolism and cell integrity when water is the limiting factor [21–25].
The impacts of extreme cold events on ecosystems have also been investigated [26]. Studies
have suggested that extreme cold events during the growing season weaken the water
absorption capacity of vegetation, which slows their growth. Furthermore, cell dehydration
caused by freezing can lead to freezing injuries and even the death of plant tissues [27,28].
Although the number of frost days has decreased in recent decades [29], this decrease
does not always occur during the vegetation growing period. Significant increases have
been observed in some areas, such as Europe. This is because of the longer vegetation
growing season due to climate warming [30]. The influence of extreme precipitation on
ecosystems mainly depends on the water conditions of the ecosystem during extreme
precipitation events [31]. In arid regions, extreme precipitation increases the soil moisture,
further increasing ecosystem productivity and carbon accumulation. However, in humid
regions, extreme precipitation can impede ecosystem carbon sequestration [32]. Many
studies have consistently concluded that droughts reduce the greenness of vegetation,
significantly weaken the carbon sink function of ecosystems, and even cause terrestrial
ecosystems to switch from a carbon sink to a carbon source [33–36].

Areas at high latitudes are characterized by short growing seasons due to long, cold
winters and the persistence of snow [37]. However, since the Industrial Revolution, the
warming trend has affected the high latitudes of Eurasia the most [38], with the area expe-
riencing an increase in extreme heat. A warmer climate generally benefits the terrestrial
vegetation in these areas because warmer temperatures during the growing season promote
photosynthetic activity and enhance terrestrial carbon uptake [13,39]. Using numerical
models, some studies have projected that the future vegetation coverage will likely expand
northward in the high-latitude Northern Hemisphere [40–42]. In Asia, most previous
studies have concentrated on Central Asia, where strong relationships between vegeta-
tion greenness and extreme climates with high spatiotemporal heterogeneity have been
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explored [43–46]. However, very few studies have focused on the impacts of extreme
climates on the terrestrial ecosystems at high latitudes. Therefore, analyzing the responses
of vegetation to extreme events at middle-to-high latitudes is essential for the long-term
improvement of the monitoring of vegetation changes and ecosystem protection.

Therefore, in this study, we investigated the responses of vegetation to extreme temper-
atures and precipitation at middle-to-high latitudes in Asia using vegetation indices based
on satellite observations. The remainder of this study is organized as follows: Section 2
describes the study area, data, and methods used. Section 3 focuses on the spatial and
temporal distribution of the extreme values of vegetation states and the impacts of extreme
temperatures and precipitation, together with the compound extremes, on vegetation. The
discussion and conclusions are in provided Sections 4 and 5, respectively.

2. Materials and Methods
2.1. Study Area

The studied area is located between 50–160 ◦E and 40–80 ◦N, which covers most of the
high-latitude area in Asia and extends over a land area of approximately 26,624,630 km2.
The vegetation types in this area include broadleaf and needleleaf forests, grasses, shrubs,
lichens, and mosses (Figure 1). The climate of this area is modulated by monsoons, wester-
lies, and polar weather systems [47,48]. During 1982–2016, the annual 2 m air temperature
ranged from −4 ◦C to 30 ◦C, the total precipitation during the growing season from April
to November ranged from 200 mm to 1000 mm, and the maximum leaf area index (LAI)
was less than 4 (Figure 2). Most of this area experienced significant increases in the 2 m
temperature and LAI during the growing season between 1982 and 2016. Pronounced
decreases in precipitation were observed in Eastern Europe, the Mongolian Plateau, and
north-eastern China.
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Figure 2. Averages of 2 m temperature (a), total precipitation (c), GIMMS LAI (e), and GLASS LAI (g)
from April to November in 1982–2016 and their linear trends (b,d,f,h). The stippling means the trends
are statistically significant at the 5% level based on the two-tailed Student’s t-test.

2.2. Satellite-Based and Climate Datasets

The leaf area index (LAI) is an important biophysical variable of vegetation, which
is defined as the one-sided green leaf area per unit of vegetated ground area in broadleaf
canopies and as one-half of the total needle surface area per unit of the vegetated ground
area in coniferous canopies [49]. It characterizes the physiologically functional surface
area through which energy, mass, and momentum are exchanged between the vegetated
land surface and the planetary boundary layer [50,51]. It has been widely used for the
monitoring and estimating terrestrial vegetation growth, land surface process simulation,



Remote Sens. 2023, 15, 1251 5 of 20

and global change studies [52–58]. To reduce uncertainty and enhance credibility in our
analysis of the LAI, we applied two different satellite LAI datasets. One was the Global
Inventory Monitoring and Modeling Studies Leaf Area Index third-generation (GIMMS
LAI3g) dataset, which is derived from the GIMMS NDVI3g dataset, utilizing an artificial
neural network model [51]. It adopts the geographic coordinate system with a 1/12◦ spatial
resolution and semi-monthly temporal frequency, covering the time span from 1982 to
2016. The other was the Global Land Surface Satellite (GLASS) LAI product generated
from Advanced Very High-Resolution Radiometer (AVHRR) reflectance data. It has a
temporal resolution of eight days at a spatial resolution of 0.05◦ spanning from 1981 to
2018 [59]. Liang et al. [60] highlighted that these LAI products can reasonably represent the
global vegetation characteristics and their seasonal variability with a high reliability and
consistency. However, the GLASS LAI products are spatially complete and are attributed
to the applied retrieval algorithm, which uses surface reflectance over a one-year period
as its input to estimate a one-year LAI profile for each pixel and a series of preprocessing
tasks to produce improved algorithm inputs. However, the GIMMS LAI3g (abbreviated
as GIMMS LAI) products contain many missing pixels, especially in arctic regions from
December to March, which indicates that GIMMS LAI3g data should be preprocessed.

The 2 m temperature and precipitation are derived from the daily agrometeorological
EAR5 datasets (AgERA5). This dataset is derived from the hourly European Centre for
Medium-Range Weather Forecasts (ECMWF) ERA5 data and presented as the input for
agriculture and agro-ecological studies [61]. The annual average of the Climate Data
Records Land Cover (CDR-LC) dataset provided by the Copernicus Climate Change Service
(C3S) was used in this study to show the present-day vegetation types, as shown in Figure 1.
The temporal coverage of land cover dataset is from 1992 to 2020. Except for the shrinking
of the Aral Sea caused by human activities, the land cover type changed only a little from
1992 to 2016 in most areas.

These data differ in their spatial resolution, temporal resolution, and data record
length (Table 1). To minimize the impact of the differences between different data sources,
the AgEAR5 daily 2 m temperature, precipitation, and GLASS LAI were averaged half-
monthly to coincide with the time frequency of the GIMMS LAI. For the daily data and
semi-monthly data, we divided each month into the first half of the month (16, 15, or
14 days) and the second half of the month (15 or 14 days), and then calculated the average
of the half-month data. For GLASS LAI, which had a temporal resolution of 8 days, we first
created an empty daily dataset, and then filled it with GLASS LAI data. In other words,
the new dataset had the same value for every 8 days. After that, we repeated the above
steps, transforming the daily data into semi-monthly data. The LAI and land cover were
aggregated every 0.1◦ to coincide with the spatial scale of the AgEAR5 dataset. Due to the
time spans of the datasets used, we selected 1982–2016 as our study period. The growing
season from April to November was analyzed in this study.

Table 1. Data used in this study.

Dataset Type Variables Resolution Frequency Record Length Missing Value
of the Land

AgERA5 Reanalysis Temperature, precipitation 0.1◦ × 0.1◦ Daily 1979–present No
GIMMS Satellite LAI 1/12◦ × 1/12◦ Semi-monthly 1982–2016 Yes
GLASS Satellite LAI 0.05◦ × 0.05◦ 8 d 1981–2018 No

C3S Satellite Land cover class 300 m × 300 m Yearly 1992–2020 No

2.3. Detection of Climate Extremes and Corresponding Vegetation Responses

First, we masked certain poor values to reduce the impact of cloud occlusion on the
GIMMS LAI. To ensure that the variables were comparable across seasons and years, we
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removed the 35 year annual cycle, and then calculated the standardized anomalies of the
variables in each grid to remove the annual changes using Equation (1) as follows:

xi,j =
Xi,j − Xi

std(Xi)
(i = 0, 1, . . . , 15; j = 1, 2, . . . , 35) (1)

where xi,j is the standardized anomaly of the variable in half-month i of year j in each grid.
Xi is the multi-year average of the variable in half-month i, and std(Xi) is the multi-year
standard deviation. Xi and std(Xi) are derived from the annual-cycle-removed variables.

To analyze the temporal characteristics of climate extremes, such as the year and month
in which they occurred, we took the maximum and minimum values of the standardized
anomalies throughout the time series for each grid as the research indexes. The maximum
or minimum values were found for a specific month of a specific year. To study the
spatial characteristics of climate extremes, such as the frequency distribution, we defined
the climate extremes as percentiles. Specifically, extremely high value events, such as
extreme hot and extreme wet conditions, demonstrate that the variable was greater than
the 95th percentile, and extremely low value events, such as extreme cold and extreme dry
conditions, demonstrate that the variable is less than the 5th percentile. Compound climate
extremes demonstrate both the 2 m temperature and precipitation in extreme situations.
Therefore, there are 4 types of compound climate extremes, including extreme hot and wet
(the 2 m temperature and precipitation are both greater than the 95th percentile), extreme
hot and dry (the 2 m temperature is greater than the 95th percentile and precipitation is
less than the 5th percentile), extreme cold and wet (the 2 m temperature is less than the
5th percentile and precipitation is greater than the 95th percentile), and extreme cold and
dry climates (the 2 m temperature and precipitation are both less than the 5th percentile),
respectively. In addition, the corresponding vegetation responses are also expressed as
percentiles in this paper. When an extreme climate occurs, the larger the percentile of
LAI is, the more positive the impact of the corresponding extreme climate on it will be.
In our study, the spheres with extreme variable states were calculated for each grid and
accumulated to evaluate the geographic scope affected.

3. Results
3.1. Extreme States of Vegetation

Before analyzing the impact of extreme 2 m temperatures and precipitation, the
extreme values of LAI were investigated to explore the spatial and temporal changes in the
extreme vegetation states in the study area.

Figure 3a,b shows that the maximum LAI was reached after 2000 in most areas,
especially in 2011 and 2016. Additionally, in parts of western and southern Siberia, the
GIMMS LAI peaked in 1997. The GLASS LAI peaked in 1997 between 50 ◦N and 60 ◦N.
The area with the maximum GIMMS LAI and GLASS LAI were found to show increasing
trends during 1982–2016 (Figure 3c) at rates of 1.85 × 104 km2/year and 0.66 km2/year,
respectively, which was caused by the warming trend and corresponds with the findings of
other studies [58,62]. The areas with the minimum GIMMS LAI and GLASS LAI showed
decreasing trends at rates of −0.66 km2/year and −2.46 km2/year, respectively (Figure 3f).
In the area north of 65 ◦N, the maximum GIMMS LAI was mostly observed in June and July,
and this finding was also revealed by the GLASS LAI. Meanwhile, for the area between
50 ◦N and 60 ◦N, the maximum GIMMS LAI was mostly observed in April and May or
November, and the maximum GLASS LAI was mostly observed in October and November
(Figure 3g,h). The GIMMS LAI in northern Kazakhstan and north-eastern China mostly
reached its maximum in autumn. However, most of the area reached the minimum GIMMS
LAI in summer between late July and August. The minimum GLASS LAI appeared in
June in most of the area. In the areas with sparse vegetation, in which water is the limiting
factor for vegetation growth, such as Kazakhstan and north-western China, the minimum
GLASS LAI appeared mostly in September (Figure 3j,l). Except for the monthly occurrence
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of the minimum LAI, the two datasets generally showed similar patterns for the extreme
vegetation states.
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Figure 3. Years (a,b,d,e) and months (g,h,j,k) when the maximum and minimum GIMMS LAI
(a,b,g,h) and GLASS LAI (d,e,j,k) were recorded. The histograms in (c,f,i,l) show the area (unit in
104 km2) in which the maximum and minimum values were recorded in different years and half-
months. The lines in c and f are the linear trend of change in the area calculated by least-squares
regression. The missing values are masked.

When the GIMMS LAI peaked, nearly half of the area had a 2 m temperature higher
than the 80th percentile. Only some arid and semiarid areas, such as Kazakhstan, had a
maximum GIMMS LAI accompanied by a lower-than-average temperature (Figure 4a).
However, the percentile of the 2 m temperature was fairly well distributed when the GLASS
LAI peaked, which suggests that extreme warming had a small impact on the GLASS LAI
(Figure 4b). When the GIMMS and GLASS LAI reached their minimum, most of the area
had a lower-than-average temperature, with approximately 40% (33%) of the area having a
temperature lower than the 20th percentile (Figure 4d–f). However, in some areas of the
Mongolian Plateau, the minimum GIMMS LAI and GLASS LAI were accompanied by 2 m
temperatures higher than the 75th percentile (Figure 4d,e). Moreover, in Eastern Europe,
as well as central and eastern Siberia, the percentile of the 2 m temperature was higher
than 75 when the GIMMS LAI reached its minimum (Figure 4d). Nearly 18% of these areas
experienced precipitation quantities of lower than the 10th percentile with the maximum
GIMMS LAI, while approximately 20% of these areas had precipitation quantities that were
higher than the 90th percentile with the minimum GIMMS LAI (Figure 4g,j). The GLASS
LAI showed the relatively minimal responses of the vegetation to extreme precipitation
compared with that shown by the GIMMS dataset.
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3.2. Impact of Temperature Extremes

We then focused on the temporal characteristics of extreme 2 m temperatures or
precipitation and explored the synchronous vegetation response. The effects of compound
extreme temperatures and precipitation were also explored.

A relatively large area reached the maximum 2 m temperature in the early August of
1998 and late May of 2011 in central Siberia, in the late July of 2011 in the plain south of
the Stanovoy Range, and in the August of 2016 on the northern edge of Siberia and some
highlands, such as the south-eastern Tibetan Plateau. During these three years, this area
accounted for 27% of the total area (Figure 5a–d). In the area, the maximum 2 m temperature
was found to increase at a rate of 1.84 × 104 km2/year (p < 0.01), which is consistent
with the warming trend from 1982 to 2016. When the maximum 2 m temperature was
recorded in central Siberia, south-west Siberia, and north-eastern China, the percentiles of
the GIMMS LAI and GLASS LAI were above the 90th percentile, indicating that extremely
high temperatures in these areas would greatly promote vegetation growth. However, in
Eastern Europe, Kazakhstan, and eastern Siberia, an LAI less than the 10th percentile was
observed (Figure 5e,f). Figure 5h shows the probability density distribution of the LAI
percentiles for different vegetation types. The two datasets are consistent in that the area
covered by trees, including broadleaved, needle-leaved, and mixed leaf trees, shows above-
average states, and the area covered by cropland and grassland shows lower-than-average
states. However, the two datasets show different responses of shrubs, mosses, and sparse
vegetation. The GIMMS LAI basically shows above-average states for the extremely high
temperature condition, while the GLASS LAI shows the opposite responses. This implies
the inconsistency of the two datasets for vegetation with a small LAI.
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Figure 5. Years (a), half-months (c), and percentiles of GIMMS LAI (e) and GLASS LAI (f) when
the maximum 2 m temperature was recorded, and the corresponding accumulated areas (unit in
104 km2 (b,d,g)). The box plot (h) shows the percentile of the LAI for different vegetation types, with
the white lines showing the 25th, 50th, and 75th percentiles, and the dots showing the averages. The
line in b is the linear trend calculated by least-squares regression.

The minimum 2 m temperature was mostly recorded before 2005, accounting for 92%
of the total area (Figure 6a). It was mostly recorded at the end of the growing season in
October and November, mainly in eastern Kazakhstan, north-eastern China, and Siberia
(Figure 6c). Extremely low temperatures were recorded mostly with an LAI of less than the
10th percentile, suggesting that extremely low temperatures generally limit the growth of
vegetation in most parts of the area. However, an LAI greater than the 90th percentile was
found in the arid and semiarid areas, such as the western parts of Kazakhstan, which are
covered by sparse vegetation (Figure 6e–h). Extremely low temperatures generally had a
negative effect on vegetation, especially needle-leaved and broadleaved trees. Inconsistent
with the GIMMS LAI, the GLASS LAI showed that the growth of shrubs, lichens, mosses,
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and sparse vegetation was prompted when extreme cold was recorded. This may be related
to the quality of the data for the areas covered by these vegetation types (Figure 6h).
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Figure 6. Same as Figure 5 but for the LAI when the minimum 2 m temperature was recorded.
Years (a), half-months (c), and percentiles of GIMMS LAI (e) and GLASS LAI (f) when the minimum
2 m temperature was recorded, and the corresponding accumulated areas (unit in 104 km2 (b,d,g)).
The box plot (h) shows the percentile of the LAI for different vegetation types, with the white lines
showing the 25th, 50th, and 75th percentiles, and the dots showing the averages. The line in b is the
linear trend calculated by least-squares regression.

In order to analyze the spatial characteristics of climate extremes and extreme LAI,
we further counted the number of times when the four types of extreme temperatures
and extreme LAI were recorded simultaneously for each grid (Figure 7). The extremes
were specified if the variables were less than the 5th percentile or greater than the 95th
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percentile; otherwise, they were specified as normal. The four types of extremes were small
LAI and cold extremes (TSLAIS), small LAI and warm extremes (TLLAIS), large LAI and
cold extremes (TSLAIL), and large LAI and warm extremes (TLLAIL). When the LAI is
large, it indicates that the impact of the corresponding climate extremes on it is positive,
and the impact is negative when the LAI is small. As shown in Figure 7, TSLAIS were
recorded the most frequently, TLLAIL were the second most frequent type, and TLLAIS and
TSLAIL were less frequent than the former types. Moreover, the probability distribution
of the GLASS LAI was more concentrated than that of the GIMSS LAI, while the GIMMS
LAI was better at representing the extreme vegetation states. The GIMMS LAI showed that
TSLAIS were recorded mostly between 50 ◦N and 65 ◦N in areas where mostly broadleaf
trees were distributed (Figures 6h and 7e). TLLAIL were found mostly in Eastern Europe,
central Siberia, and some high latitudes at around 60 ◦N in areas where needleleaf trees are
distributed. The GLASS LAI showed similar spatial pattens for the TLLAIL and TSLAIS in
western Siberia, but different patterns in areas at approximately 90 ◦E (Figure 7h,i). This
was more apparent in the case of the GIMMS than it was in the case of the GLASS LAI
(Figure 7d,e). The distributions of the TLLAIS and TSLAIL shown by the GIMMS LAI
and GLASS LAI were similar. Specifically, the TLLAIS were concentrated in the northern
Mongolian Plateau, and TSLAIL were seldom recorded in Kazakhstan.
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Figure 7. (a,b) Scatter plot of the 2 m temperature and LAI with their probability distributions
overlaid (lines). The black dashed lines mark the of 5th and 95th percentiles. The subscripts “L” and
“S” represent values of the variables larger than the 95th percentile and smaller than 5th percentile,
respectively. (c–j) Frequencies of the 4-compound extreme LAI vs. extreme temperature situations
(GIMMS LAI: (a,c–f); GLASS LAI: (b,g–j)).

3.3. Impact of Precipitation Extremes

Representing a large number of areas, the maximum precipitation was recorded in the
mountains of eastern Siberia in early October 2016, spanning an area of 116 million km2. In
addition, the areas with maximum precipitation had a comparatively scattered distribution
(Figure 8a–d). Extreme precipitation caused a less-than-the-tenth-percentile GIMMS LAI
to be recorded in approximately 20% of the areas. However, a large number of areas in
Kazakhstan that are covered by sparse vegetation were found to have GIMMS LAI and
GLASS LAI that are greater than the 90th percentile (Figure 8e–h). The average percentiles
of all the vegetation types were less than 50%, indicating that extreme precipitation was
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unfavorable to all the vegetation types. The negative effects were most significant for the
trees, whereas they were comparatively small for the crops, grasses, and sparse vegetation
(Figure 8h).
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Figure 8. Same as Figure 5, but for the LAI when the maximum precipitation was recorded. Years
(a), half-months (c), and percentiles of GIMMS LAI (e) and GLASS LAI (f) when the maximum
precipitation was recorded, and the corresponding accumulated areas (unit in 104 km2. (b,d,g). The
box plot (h) shows the percentile of the LAI for different vegetation types, with the white lines
showing the 25th, 50th, and 75th percentiles, and the dots showing the averages. The line in b is the
linear trend calculated by least-squares regression.

When minimum precipitation recorded, the area with values greater than 90th per-
centile was the largest (Figure 9g), which suggests that the overall response of vegetation to
extreme dryness was positive. Positive impacts of extreme dryness, as shown by the GLASS
LAI, were observed in Kazakhstan and central Siberia. The two datasets were consistent
regarding the negative responses that were mainly recorded in the transition zone from
desert areas to vegetated areas, such as the central Mongolian Plateau. The consistent and
positive effects of extreme dry on the trees were clear (Figure 9h). However, the GIMMS
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LAI implied positive responses of the shrubs, lichens and mosses, and sparse vegetation to
extreme dry, while the GLASS LAI showed minimal responses.
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Figure 9. Same as Figure 5, but for the LAI when the minimum precipitation was recorded. Years
(a), half-months (c), and percentiles of GIMMS LAI (e) and GLASS LAI (f) when the minimum
precipitation was recorded, and the corresponding accumulated areas (unit in 104 km2. (b,d,g).
The box plot (h) shows the percentile of the LAI for different vegetation types, with the white lines
showing the 25th, 50th, and 75th percentiles, and the dots showing the averages. The line in b is the
linear trend calculated by least-squares regression.

Four types of extreme precipitation vs. extreme LAI, that is, extreme wet/drought and
large/small LAI (PLLAIL, PLLAIS, PSLAIL, and PSLAIS), were also observed. The GIMMS
data showed that PLLAIS and PSLAIL were recorded more frequently than the other two
types were. However, the GLASS data showed approximately equivalent time frequencies
for the four types (Figure 10). PLLAIS with GIMMS LAI were mainly recorded between
50 ◦N and 60 ◦N, particularly in the southern parts of central Siberia and north-eastern
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China, where trees occupy the majority of the land area (Figure 10c). PSLAIL with GIMMS
LAI were mainly recorded in the Central Siberian Plateau, which is mostly composed of
needle-leaved trees and grasslands (Figure 10f). The frequency of PSLAIS with GIMMS
LAI was nearly negligible (Figure 10e). The frequency of PLLAIL was also relatively low
(Figure 10d,h). However, it was mainly concentrated in Kazakhstan and the Mongolian
Plateau, where mostly sparse vegetation is distributed, and it showed a positive response
of the vegetation to the extremely wet climate (Figure 10d,e,h,i).
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3.4. Impact of Compound Extremes

After exploring the effects of extreme temperatures and precipitation on the LAI, we
investigated the possible effects of compound extreme temperatures and precipitation.
Based on the analysis of the extreme 2 m temperature and precipitation (Figure 11), four
types of compound extreme climates were identified. The four types of compound extreme
climates were dry and cold (PSTS), wet and hot (PLTL), dry and hot (PSTL), and wet and cold
ones (PLTS). We then counted the occurrence of each type in each grid and calculated the
corresponding average percentile of the LAI for each type. The most frequent compound
extreme climate in this area was PSTL (Figure 11d). It was mainly observed between 50 ◦N
and 60 ◦N in Asia, central Siberia, and north-eastern China. Basically, the GIMMS and
GLASS LAI showed similar responses to the four types of compound extremes. In southern
central Siberia, the PSTL climate generally promoted vegetation growth to some extent
(Figure 11h,l). The second most frequent compound extreme climate was PLTS (Figure 11a),
which mainly appeared in areas south of 60 ◦N, particularly in Kazakhstan and northern
China. It generally benefited vegetation growth in the arid and semi-arid areas. Although
they were recorded with limited frequency, the compound PLTS had a detrimental effect
on the vegetation at high latitudes (Figure 11e,i). Only some dry areas in Kazakhstan and
scattered areas with sparse vegetation were shown to experience a positive effect. The
frequency of PSTS and PLTL climates was found to be considerably lower than that of the
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former two types. PSTS were recorded 2–6 times in 35 years in central Siberia (Figure 11c),
and this type was generally accompanied by vegetation prosperity (Figure 11g,k).
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4. Discussion

Compared with previous studies that focused on small areas, particularly arid regions,
we investigated the responses of vegetation to extreme climates in a relatively large area,
namely, the boreal region in Asia, on a semi-monthly basis. We found that extreme hot
and/or dry conditions had positive impacts on the forests at high latitudes, which expe-
rienced large seasonal variations in temperature and sunlight. The possible mechanisms
of this process are that higher temperatures and less rain reflect the conditions of more
daylight and less snow cover, resulting in longer growing seasons, more photosynthesis,
and greener vegetation [63]. In contrast to global warming and enhanced vegetation cover
across the Arctic, extreme cold events can cause negative impacts, including physical and
physiological damage, such as premature leaf falling, bending, splitting, breakage, cold in-
jury, and mortality [64,65], in the forests at mid-latitudes [66–69]. Extremely wet conditions
may also inhibit forest growth. The possible reason for this is that water stress in forests
is relatively low because the soil in the forest area is able to store a large amount of water.
Extreme precipitation leads to wetter conditions, so that the threshold of water available
to plants is easily be exceeded, which will have negative effects on forest growth [70]. In
arid and semi-arid areas, where mostly sparse vegetation and grass are distributed, such as
Kazakhstan and the northern Mongolian Plateau, extremely hot conditions accelerate the
evaporation of surface water, resulting in a decrease in soil moisture, which has adverse
effects on vegetation growth [71]. However, extremely wet conditions can replenish the soil
moisture to some extent, and these events can even infiltrate the deep soil layer, which is
beneficial for vegetation [72]. Here, we focused on the synchronous responses of vegetation
to climates, without considering the subsequent reactions after the extreme events. Some
studies have suggested that cold temperatures during the dormancy period may favor
vegetation growth in the following year [73], and grasses can recover soon after a drought
event [74]. The possible responses of vegetation after extremes in this area should also be
studied in the future.

The relationships of vegetation with extreme climates, observed on a semi-monthly
basis, correspond with the findings of previous research, which focused on the relationship
between typical vegetation and the climate [57,62,75]. This implies the adaptation of the
vegetation in this area. It is projected that this greening trend will continue and expand
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northward. This has been demonstrated in several numerical studies [39–41]. However,
prosperous vegetation at high northern latitudes is likely to increase the absorption of solar
radiation, further increasing the warming trend. The ways in which this will affect the local
and global climates should also be explored.

5. Conclusions

In this study, we investigated the impacts of extreme climates on the vegetation at
middle-to-high latitudes in Asia from 1982 to 2016 on a semi-monthly basis. Standardized
anomalies, with the annual cycle removed, were scrutinized to determine the extremes of
the climate and vegetation states. During these 35 years, the study area experienced both
increases and decreases in the frequency of extremely hot and cold conditions. The area
with the maximum or minimum LAI increased or decreased during 1982–2016, which cor-
responds with the global warming trend. The LAI mostly reached its maximum in spring
and autumn. Generally, extremely cold conditions accelerated leaf fall during October and
November in northern Kazakhstan, southern Siberia, and north-eastern Asia, where forests
and croplands occupy the majority of the land area. Extreme heat promoted vegetation
growth, particularly during summer in the northern and central parts of Siberia and in
north-eastern China, where trees occupied a large proportion of the land. However, a
negative effect of extreme heat and a positive effect of extreme cold were also observed,
although to a much lesser extent than they were in the former two situations. The neg-
ative effect of heat on grass and sparse vegetation was mostly observed in the northern
Mongolian Plateau. A positive effect of the cold on mostly sparse vegetation was observed
in central Kazakhstan. The impact of extreme precipitation on vegetation was generally
negative, with trees at around 50 ◦N and 60 ◦N being harmed most frequently. The most
frequent response of vegetation to extreme dryness was positive, and it occurred mostly
in the cases of mixed trees in central Siberia and lichens and mosses on the northernmost
edge of Asia. The positive effect of extreme wetness was found to be much less than those
of the former two conditions, and the negative effect of extreme dryness was found to be
the least significant one. Extreme precipitation promoted slight vegetation growth in the
arid areas in Kazakhstan and the Mongolian Plateau, but it inhibited tree growth in the
areas between 50 ◦N and 60 ◦N.

The most frequent compound extreme climate of temperature and precipitation was
the dry and hot one (PSTL), followed by the wet and cold one (PLTS). Dry and hot (PSTL)
climates exist in a vast area that excludes the boreal region, highland areas, and the desert
covered by sparse vegetation. Overall, this condition had positive effects, including the
promotion of the greening of forests. Wet and cold (PLTS) climates mostly exist south
of 60 ◦N, which includes Kazakhstan, the northern Mongolian Highlands, and northern
China. Although it seldom exists at high latitudes, this condition was found to significantly
damage boreal vegetation. The dry and cold climate (PSTS) was observed in central Siberia
and generally had a positive effect on forest growth. The wet and hot climate (PLTL) was
observed as the least frequent condition, and its effect varied with the location.

Generally, the GIMMS and GLASS LAI were consistent regarding the responses of
the vegetation to the extremes. Moreover, the GIMMS LAI showed stronger responses of
the vegetation than the GLASS LAI did. Extremely cold and/or wet conditions were the
most unfavorable conditions for forest growth in the study area. These conditions were
recorded more frequently from October to November than they were during the growing
season. Dry and/or hot conditions were favorable to boreal forests, particularly during
the growing season and before September. The increase in hot areas corresponded to the
significant warming trend observed in this area. This observation may suggest that extreme
warm conditions promote forest growth. Opposite effects of the extremes were mostly
found in arid areas, that is, Kazakhstan and the Mongolia Highlands, primarily occupied
by sparse vegetation and grass. This implies the existence of a climate response, specifically,
a transition from forest to sparse vegetation in this area.
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