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Extreme climate events can have severe impacts on both vegetation and the carbon cycle. However, whether land
management exacerbates or mitigates the effects of extreme climate events on vegetation remains unknown. We
investigated the case of an extreme precipitation event that occurred in a region dominated by double-cropping
(DC) systems located in the Yangtze-Huai plain in China. Waterlogging disasters were triggered by an extreme
precipitation event in October 2016, which severely affected the sowing and seedling emergence of winter crops
(mainly winter wheat). The lack of sowing and low seedling emergence rate subsequently led to months of low
growth, as evidenced by negative enhanced vegetation index (EVI) anomalies, especially from March to May
2017. Local agricultural meteorological monthly reports, government announcements, and winter wheat data
based on statistics and remote sensing confirmed the reduced yields. The influence on vegetation ended in June
2017, when summer crops were planted. Our results demonstrate that, in such a DC system, when extreme events
occur during the key sowing period, the impacts will continue through the entire crop growth period, until the
next sowing. More generally, agricultural land management could extend the duration and magnitude of the

impacts of extreme climate events on vegetation.

1. Introduction

Climate extremes, referring to the statistically unusual climate con-
dition which could affect an ecosystem function outside the considered
normal bounds (Reichstein et al., 2013; Smith, 2011), have reduced
national cereal production by at least 9-10 % worldwide (Lesk et al.,
2016). Such extremes are increasing in frequency, intensity, and dura-
tion according to historical records and projections employing state-
—of-the-art models (AghaKouchak et al., 2014; Easterling et al., 2000;
Fischer et al., 2013; Katz, 2010; Sillmann et al., 2013; Zhai et al., 1999).
Specific attention has been given to the impacts of climate extremes on
terrestrial ecosystems (Jabal et al., 2022; Piao et al., 2019; Reichstein
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et al., 2013; Ummenhofer and Meehl, 2017; Wu et al., 2018; Yin et al.,
2020), as terrestrial ecosystems serve as the biggest carbon sinks for
regulating climate change (Ciais et al., 2014; Friedlingstein et al., 2019;
Pan et al., 2011), and further provide most of the basic food services
(Tilman et al., 2011; Vermeulen et al., 2012).

The mechanisms by which climate extremes impact ecosystems are
diverse, since specific impacts are often the result of a combination of
different climate extremes and a certain ecosystem type (Reichstein
et al., 2013). Typical climate extremes, including drought, heavy rain,
heat waves, cold waves, and snowstorms are frequently recurrent, and
typically severely damage vegetation. Some ecological disasters can be
triggered by such extremes, including tree mortality, wildfires, and
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insect infestations (Allen et al., 2010; Anderegg et al., 2012; Bowman
et al., 2017).

Land management refers to the activities applied on land resources
within a certain type (different from land cover/use change) (Chen et al.,
2022a, 2022b; Erb et al., 2016; Luyssaert et al., 2014; Zhou et al., 2022).
Take cropland as an example, land management includes multiple
cropping, fertilizer usages, irrigation, agricultural machination and so
on. Theoretically, land management could mitigate or exacerbate the
impact of climate extremes on vegetation. A notable example is the
impact of extreme drought events on vegetation in Russia in 2010,
which was regulated by forest management and crop rotation (Loboda
et al., 2017).

The most intense land management usually occurs in croplands,
especially in the multiple cropping systems, which directly leads to the
huge difference between the phenology of the crops and the natural
vegetation (Chen,et al., 2016; Gaba et al., 2015). Double cropping (DC)
systems involve planting on a given cropland twice during a calendar
year, and are commonly used worldwide to enhance crop production
(Siebert et al., 2010; Yan et al., 2014). As a result of global warming, the
growing season in mid-latitude regions is lengthening, and the culti-
vated areas that are suitable for DC systems have expanded significantly
(Liu et al., 2013; Seifert and Lobell, 2015). There are two transition
(harvest-sowing) periods in the DC system. In order to ensure sufficient
growth periods and guarantee yields, DC systems generally necessitate
strict control over the time of harvest and sowing.

DC planting can be classified as a form of land management, as there
is no change in land cover type. Usually, for single-cropping systems, if
there is a failure in sowing due to disasters, reseeding is a reasonable and
common recovery strategy (Bussmann et al., 2016; Marteau et al.,
2011). However, for a two—season rotation system consisting of over-
winter crops, the two sowing periods are fixed, each within a relatively
narrow period of about one month. Once the optimal sowing period is
missed due to extreme weather events, farmers are more inclined to
simply not sow. Therefore, in theory, extreme events that occur during
the transition periods may interfere with sowing and generate long-
-lasting negative effects. However, there have been few studies inves-
tigating the effects of extreme climate events on vegetation growth of DC
systems. Therefore, a robust case is needed to establish a comprehensive
logical chain, proving the impact of land management on DC agricul-
tural systems during extreme events. One crucial metric in this regard is
quantifying the duration of this impact. Clarifying this process helps
enhance the ability of vegetation models to deal with land cover type of
cropland, especially considering the influence of land management.

In this paper, we investigate a potential benchmark case in the
Yangtze-Huai plain in China, whereby we aim to provide insights into
the mechanism of the impacts of an extreme precipitation event during
the sowing period on the vegetation of DC croplands. The plain under
study is located in the eastern part of China, and is dominated by the East
Asia Summer Monsoon. DC systems are widespread in this area (Chen
et al., 2016; Yan et al., 2014). The winter crops planted in late autumn
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and harvested in summer are mainly winter wheat, with lesser amounts
of rapeseed. The summer crops planted in the plain differ from north
(dryland crops such as maize, soybean, and cotton) to south (paddy
rice). The objective of this study is to understand further the integrated
impact on ecosystem from the combination of climate extremes and
specific land management.

2. Methods
2.1. Study area

The study region is located in the Yangtze-Huai plain (Fig. 1a) of
Eastern China, covering a rectangular area between 30°N-36°N and
112°E-123°E. The topography is illustrated in Fig. 1a, using Global 30
Arc-Second Elevation (GTOPO30) (USGS, 1996). Plains dominate the
area, although there are a few mountainous areas, including Mount Tai
in Shandong Province, and the Dabie and Yellow Mountains in the south
of Anhui Province.

This region is dominated by the East Asian monsoon with precipi-
tation concentrated in the summer monsoon season. During the last
decade (take 2009-2018 as a reference), the annual precipitation
exceeded 1000 mm and temperature in the coldest month is still above
1 °C. DC systems are the main cropping types in this region (Yan et al.,
2014), and can further be roughly divided into paddy field DC systems in
the south and dry cropland DC systems in the north (Fig. 1b). ‘Paddy
rice-winter wheat’ is the dominant combination in the paddy field DC
systems, followed by ‘paddy rice-rapeseed’ and a small proportion of
‘paddy rice-paddy rice’. In the dry croplands, ‘summer crops-winter
wheat’ is the main type of DC system. Summer crops mainly include
corn, soybean, and cotton (Ho et al., 2012). The spatial distribution of
these two types of DC systems is roughly the same as paddy field and dry
field in land use classification (Fig. 1b, Tablel). The letter S in Fig. 1
indicates the Shouxian National Climate Observatory, which is a typical
‘winter wheat—paddy rice’ DC cropland.

2.2. Datasets

We use the enhanced vegetation index (EVI) to describe vegetation

Table 1
Land cover types corresponding to Fig. 1b, and the land-cover percentages of
each component of the area bounded by the red curve.

Class  Class Name %

1 Paddy field 37.67
2 Dry field 30.52
3 Woodland and grassland 5.11
4 Water body, including natural land waters and land for 12.18

water—conservancy facilities

5 Built-up land 14.49
6 Unused land 0.03

36°N 800 m 360N
6 Unused land
700
; 600 5 Built-up land
34°N . 34°N
500 4 Water body
400
R 3 Woodland and grassland
32N 300 32oN
200 2 Dry field
100 ; 1 Paddy ficld
30°N 0 30°N 2 :
116°E

114°E

114°E 118°E  120°E 122°E

Fig. 1. Topography (a) and land cover (b) of the study area. Type 1-6 are Paddy field, Dry field, Woodland and grassland, Water body, Built-up land and Unused
land respectively. The extent of the area covered by extreme precipitation events is illustrated by the red line (see the details in section 2.3).
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conditions, which is a widely used method (Huete et al., 2002).
Compared with NDVI (Normalized Difference Vegetation Index), EVI is
proposed to overcome the saturation effect of NDVI and reduce both
atmospheric and soil background noises (Huete et al., 2002). In addi-
tion, EVI can also reflect the change of crop yield to a certain extent,
which has been well proved in previous studies (Bolton & Friedl, 2013;
Karthikeyan et al., 2020; Skakun et al., 2017).

The monthly 1-km resolution MODIS EVI (MOD13A3) data were
obtained from the LAADS DAAC (Level-1 and Atmosphere Archive &
Distribution System Distributed Active Archive Center; https://ladsweb.
modaps.eosdis.nasa.gov). The study region was divided into two tiles,
h27v05 and h28v05, in a sinusoidal projection.

In order to reduce the uncertainty of EVI in representing of vegeta-
tion conditions and crop yield, solar induced chlorophyll fluorescence
(SIF) data was further used. A large number of studies have demon-
strated a strong correlation between SIF and crop yield (Guan et al.,
2016; Cao et al., 2021; Peng et al., 2020). Here, three SIF data sets were
used to increase the robustness of SIF changes, including two SIF data
sets (GOSIF and CSIF), which are widely used to estimate crop yield, and
one SIF data set developed based on TROPOMI SIF (RTSIF) (Chen et al.,
2022c¢; Li & Xiao, 2019; Zhang et al., 2018). These data sets all have a
spatial resolution of 0.05 degree.

Daily and monthly 0.5-degree gridded precipitation and tempera-
ture records were obtained from the China Meteorological Administra-
tion (CMA) (https://data.cma.cn/). This dataset was generated from
observation data from more than 2,000 weather stations across the
country. Therefore, it is one of the most accurate public datasets avail-
able for this study region (Xu et al., 2009).

Besides precipitation and temperature records, soil moisture data
from various resources were selected using the methods of remote
sensing, land model and reanalysis. Soil moisture from European Space
Agency (ESA) Climate Change Initiative (CCI) is a long-term remote
sensing-based soil moisture data which could represent the surface
moisture condition (Liu et al., 2012) (https://www.esa-soilmoisture-cci.
org/). Meanwhile, it has been well demonstrated that surface soil
moisture can also reflect the water constraints on terrestrial ecosystems
(Chen et al., 2014). Soil moisture of the top 28 cm from ERAS reanalysis
(Hersbach et al., 2018) (https://cds.climate.copernicus.eu/) and root
zone soil moisture from GLEAMv3.5a (Global Land Evaporation
Amsterdam Model) dataset (Miralles et al., 2011) (https://www.gleam.
eu/) were selected. Both CCI and GLEAM soil moisture are at 0.25°
spatial resolution, and ERAS5 soil moisture is at 0.1°.

The land cover dataset (Fig. 1b) was provided by the Data Center for
Resources and Environmental Sciences, Chinese Academy of Sciences
(RESDQC) (https://www.resdc.cn) at about 1-km resolution (Liu et al.,
2014). The dataset was produced using Landsat images, and contains 6
primary land use/land cover categories (Table 1). The proportions of
each land cover type are listed in Table 1. One remarkable feature of this
data is that paddy fields and dry fields are separated in the cropland
group. The RESDC data is generated roughly every five years, and the
2015 data was selected for this study. The adjacent pixel method was
used to convert the RESDC data to the sinusoidal projection of MODIS
EVI

Crop mapping with specifical crop type information is always a
challenging academic task. We searched the sown area and yield of
winter wheat at the county level in the statistical yearbook. Considering
the uncertainty of statistics, we also used two data sets about planting
area of winter wheat, both of which were extracted based on pheno-
logical methods. Dong et al. developed the planting area of winter wheat
with a resolution of 30 m, and Luo et al. developed the planting area of
wheat with a resolution of 1 km (Dong et al., 2020; Luo et al., 2020). The
planting area of winter wheat of these two data sets were counted at the
county level. It should be pointed out that the sown area represents the
area of winter wheat that farmers had during the winter wheat sown
season (last October), while the planting area refers to the area of winter
wheat that year based on remote sensing monitoring.
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2.3. Analysis processing

After a survey of historical records, the extreme precipitation event
in October 2016 was chosen for analysis. This region has undergone a
rapid process of agricultural modernization, with significant changes in
the agricultural landscape over the decade. To highlight the impact of
the current extreme event, we chose not to consider an overly long
historical period. Instead, we opted for the years immediately before and
after the occurrence of this extreme event as a reference. Therefore, the
period from 2014 to 2018 was selected as the reference period for
calculating monthly anomalies.

A threshold of 100 mm in precipitation monthly anomalies for
October 2016 compared to the average of 2014-2018 was used to
approximate the spatial extent of the event for convenience of analysis
(illustrated by the red line in Fig. 1). Further analyses were conducted in
this area defined by the 100 mm anomaly threshold. Although the
threshold of 100 mm is somewhat subjective, it is roughly consistent
with the 200 mm extension in October 2016. Importantly, precipitation
in October 2016 was the historical maximum (264 mm in the regional
average, greater than the mean plus four standard deviations) from 1961
to 2018 based on CMA data records. Meanwhile, the precipitation in
October 2016 was higher than the multi-year average for July, the
month with the highest average precipitation. Therefore, this is a very
typical extreme case.

We first analyzed the general climate and vegetation characteristics
of the area, and then selected the period of October 2016 to June 2017 to
demonstrate the response of vegetation (mainly EVI) to the precipitation
extremes. In addition, we also analyzed the sown area, planting area,
yield of winter wheat and SIF to further confirm the correlation between
the EVI anomalies in 2017 and precipitation extremes in 2016. The
change in yield of winter wheat was expressed by the difference between
the 2016 and 2017 growing seasons of EVI and SIF (the mean of March
to May). At the same time, we used the sown area of winter wheat in
2016 minus sown area of winter wheat in 2015 to reflect the change in
sown area of winter wheat caused by extreme precipitation in October
2016. Accordingly, we also use the planting area (yield) of winter wheat
in 2017 minus planting area (yield) of winter wheat in 2016 to reflect
the change in planting area (yield) of winter wheat caused by the change
in sown area of winter wheat. If these changes are consistent, then we
have established a direct link between extreme precipitation and
changes in planting area (yield) of winter wheat, that is, between
extreme precipitation and changes in EVI.

3. Results
3.1. Seasonal characteristics

During the period of 2014-2018, only one peak per year was found in
the temperature, precipitation, and natural vegetation EVI records
(Fig. 2a—c), with their maxima occurring in July (Table 2). Temperature
in the coldest month (January) was still above zero, at 3.24 °C. Pre-
cipitation exhibited large interannual variations for each month, espe-
cially October due to the extreme case in 2016. The seasonal variations
in natural vegetation maintained close consistency with these
conditions.

However, a typical bimodal seasonal cycle was observed over the
croplands, including both paddy field and dry croplands (Fig. 2d-f,
Table 2). In croplands, the peaks in EVI occurred in April and August; the
EVI in August represented the yearly maximum. The EVI of paddy fields
were generally lower than those of dry croplands from January to May.
This could reflect either the difference in plant types or the proportions
of sowing. However, EVI for paddy fields and dry croplands both
reached their lowest values in June during summer. Therefore,
compared with natural vegetation, the bimodal distribution of EVI for
cropland was presumed to be caused by agricultural rotations rather
than the natural factors of precipitation and temperature.
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Fig. 2. Seasonal cycles of monthly temperature (a), precipitation (b), and EVI of natural vegetation (c), croplands (d), paddy field (e), and dry cropland (f) of the
study region which is framed by the red line in Fig. 1 during 2014-2018. The blue curved lines indicate the monthly averages, with one standard deviations indicated

by the shaded grey areas.

Table 2
Statistical characteristics of seasonal cycles of temperature, precipitation, and
EVL

Variable Maxima (month) Minima (month)
Temperature 28.9 °C (Jul.) 3.24 °C (Jan.)

Precipitation 209 mm (Jul.) 27 mm (Dec.)

EVI-Natural 0.518 (Jul.) 0.187 (Jan.)

EVI-Crop 0.406 (Apr.) 0.547 (Aug.) 0.317 (Jun.) 0.194 (Jan.)
EVI-paddy field 0.355 (Apr.)  0.527 (Aug.)  0.322 (Jun.)  0.162 (Jan.)
EVI-dry cropland 0.469 (Apr.) 0.554 (Aug.) 0.312 (Jun.) 0.211 (Nov.)

3.2. Response to the extreme precipitation

To characterize the response of vegetation to the precipitation ex-
tremes, the spatial and temporal patterns corresponding to a period of
vegetation response to the precipitation extremes (i.e., October 2016 to
June 2017) were illustrated on a monthly basis (Fig. 3). This period was
selected because it covers the extreme precipitation events in October
2016 and extends until the summer harvest occurring in June.

Fig. 3 illustrates monthly anomalies in precipitation, temperature,
and EVI for the period from October 2016 to June 2017. In October
2016, strong positive precipitation anomalies occurred in Eastern China,
primarily within a triangular area (Fig. 3al). Daily, 7-day, and 15-day
regional average precipitation levels were calculated to demonstrate the
temporal distribution (Fig. 4). Continuous precipitation began at the end
of September. In October, 18 out of 31 days had an average daily rainfall
exceeding 5 mm, leading to the continuity in October precipitation

levels in the 7-day and 15-day smooth curves. This also indicates that
soil moisture was continuously maintained at a high level, in contrast to
a single flood event where the flood water quickly recedes after rainfall.
Therefore, waterlogging disasters could be triggered by such rainfall
distribution patterns, which would inevitably exert serious impacts on
seeding. The temperature anomalies in this area were negative in the
west and positive in the east (Fig. 3b1). However, EVI did not exhibit any
clear and spatially consistent anomaly (Fig. 3c1). Due to the low EVI
during the harvest season, it seems apparent that cropland vegetation
did not respond much to this extreme event.

In the following winter months (from December 2016 to February
2017), precipitation did not show strong anomalies. Temperature was
generally warmer than usual, especially in December 2016. During the
same period, EVI exhibited a positive anomaly in the north, with the
maximum occurring in February. There were no significant anomalies
observed in the other regions.

The period from March to May is the essential period in which winter
crops grow most vigorously (Fig. 2). However, in this case, from March
to May 2017, EVI exhibited obvious negative anomalies over most of the
region (Fig. 3c6-¢8). Although there were some fluctuations in precip-
itation and temperature during March to May, precipitation is at 47 mm,
73 mm and 75 mm respectively, and temperature is at 9.6 °C, 17.0°C and
22.1°C respectively. Therefore, no agricultural droughts and heatwaves
were detected. The spatial pattern of the negative EVI anomalies was
consistent with the spatial extent of the extreme precipitation in October
2016. However, in June 2017, EVI suddenly exhibited strong positive
anomalies over the entire region (Fig. 3c9). Thus, it appears that the
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Fig. 3. Monthly anomalies in gridded precipitation (left column of panels, mm month™), temperature (middle column of panels, °C), and EVI (right column of
panels, unitless), from October 2016 to June 2017. A 100 mm precipitation anomaly was selected as the threshold to map the approximate spatial extent of extreme
precipitation in October, which is indicated by the red boundary line.
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impact of the extreme precipitation on vegetation ended around that
time.

The responses of vegetation to the extreme precipitation event were
further analyzed according to different land cover types. Fig. 5 illus-
trates the regionally averaged anomalies in EVI, precipitation, and
temperature. The EVI of cropland showed negative anomalies from
March to May 2017. The behaviors of paddy fields and dry cropland
were not consistent. Specifically, the negative anomalies in paddy fields
were very obvious, and included November 2016 and February to May
2017. For the dry croplands, strong negative anomalies only appeared in
April and May 2017, with the March anomaly being insignificant; the
other months exhibited positive EVI values. The EVI values of paddy
fields and dry croplands demonstrated consistent positive anomalies in
June 2017. The magnitude of this anomaly was lesser than that of the
croplands. At the same time, the only negative anomaly in the first half
of 2017 occurred in April (Fig. 5). Therefore, the extreme precipitation
event in October 2016 mainly negatively affected cropland vegetation
rather than natural vegetation. The impact on paddy fields was thus
obviously greater than it was on dry croplands.

3.3. Relationship between EVI anomalies and extreme precipitation

In order to confirm the correlation between EVI anomalies and
extreme precipitation, winter wheat related data in the study area were
further analyzed. County-level statistics showed a significant consis-
tency between changes in sown area and yield of winter wheat, espe-
cially in areas where sown area of winter wheat declined, such as some
parts of the central and southern regions (Fig. 6 a-b). This means that the
change in yield of winter wheat is only related to the sown area of winter
wheat. In other words, the decrease in yield of winter wheat in 2017 was
due to a decrease in the sown area of winter wheat in October 2016.
Fig. 7 shows the changes of planting areas of winter wheat generated
based on remote sensing. Although not entirely consistent with county-
level statistics, both data sets showed a widespread decline in planting
area of winter wheat in some parts of the central and southern regions in
2017.

Compared with these winter wheat datasets, EVI declines were more
widespread (Fig. 6¢), which occurred in the central and southern re-
gions. The decline was most pronounced in some parts of the central
regions, where EVI declined by more than —0.1. The three SIF datasets
showed results that are highly consistent with EVI, with declines in CSIF
and RTSIF exceeding —0.3 and GOSIF around —0.1 in some parts of the
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is missing.

central regions (Fig S1). In some regions where yield increased, EVI and
SIF showed inconsistent decrease, which may be due to some un-
certainties in the statistical yield or climate-influenced fluctuations in
EVI and SIF.

Despite some inconsistencies, all data sets show that crop growth
(yield of winter wheat, EVI, SIF) was significantly lower in 2017 than in
2016 in some parts in the central and southern regions. By direct com-
parison with sown area and planting area of winter wheat, we suggest
that one possible mechanism is that waterlogging disasters triggered by
extreme precipitation had severely affected the sowing and seedling
emergence (planting area) of winter crops (mainly winter wheat), thus
affecting crop growth (EVI in this study) in 2017.

3.4. Further evidence supporting the potential mechanism

As a historical event, it is no longer possible to conduct field in-
vestigations. Therefore, we have further searched relevant documents
and reports. We also surveyed the agricultural meteorological bulletins
of some provinces and cities in the study area. The Anhui Meteorological
Bureau announced in its monthly agricultural meteorological report that
a continuous heavy rainfall in October 2016 had caused waterlogging
disasters in the central and southern parts of the province, which
severely affected the sowing of winter wheat and rapeseed. In northern
Anhui, planting of winter wheat was almost completed as usual
(Table S1). This further confirms the negative EVI anomalies which were
mainly observed in the central and southern regions.

Information released by the Shouxian Meteorological Bureau (SMB)
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Fig. 7. Changes in planting area of winter wheat at the county level. (a) is change in planting area of winter wheat developed by Luo et al (2017 minus 2016), (b) is
change in planting area of winter wheat developed by Dong et al (2017 minus 2016).

states that the yield reduction for winter wheat was mainly due to the
lack of sowing caused by the extreme precipitation event, and the
weather conditions during the growth period were generally good ac-
cording to the SMB’s report (Table S1). As illustrated in Fig. S2— Fig. 54,
the photos of the surroundings were taken on March 29, 2017, with a
roof of the observation station as the center—point. It can be seen clearly
that both inside and outside the station, a large amount of cropland had
been abandoned (lack of sowing), and were instead covered with very
small grasses. We also tried to locate some sown winter wheat fields. The
distribution of winter wheat on the ground appeared mottled (low
seedling emergence rate), indicating that the germination of seedlings
during the sowing period was seriously negatively affected (Fig. S2—
Fig. S4). Rapeseed was in the flowering period (yellow flowers), and was
mainly planted on the edges of the fields.

4. Discussion

Climate extremes seriously threaten global agricultural production
and could affect significantly on terrestrial carbon cycle (Lesk et al.,
2016; Piao et al., 2019; Reichstein et al., 2013). DC systems are expected
to continue to expand in the future, and are regarded as one of the most
effective ways to increase food production (Liu et al., 2013; Seifert and
Lobell, 2015). This paper presents a potential benchmark case involving
DC systems, suggesting a newly reported mechanism for the impact of
extreme climate events on vegetation, namely that land management
extends the duration of the impacts of extreme climate events on
vegetation in double—cropping systems.

4.1. Robustness of the potential mechanism

To firmly establish the causality of waterlogging disasters caused by
extreme precipitation during the sowing period and negative vegetation
anomalies in spring, the suspicion of serious negative effects on EVI led
by other climatic factors during the growing season of winter crops need
to be ruled out. In this article, it specifically refers to whether the high
temperature (about + 2 °C) and low precipitation that occurred in April
and May 2017 as shown in Fig. 3 caused a heatwave or a drought.
Indeed, precipitation is not very low during these two months at 73 mm
and 75 mm respectively. Temperature is also far from “hot”, at 17.0°C
and 22.2°C of each. A paper which is an official agricultural meteoro-
logical briefing released by the National Meteorological Centre (Zhang
et al., 2017), confirmed that April and May are relatively warmer and
sunnier, which helps to significantly improve the negative effects of
insufficient light caused by early continuous rainfall (Table S1). There-
fore, the spring climatic conditions are very conducive to the growth of
winter crops.

Soil moisture condition is essential in agriculture water availability,
which usually has not efficient direct ground observations for regional
scale application. Here, three soil moisture datasets were selected (see
Methods). As illustrated in Fig. 8, all data showed that in the first 3-4

months, soil moisture had been maintained at a high level. Since the
spring of 2017, soil moisture had shown a downward trend. During the
period from March to May, the soil moisture in the southern part of the
study area was significantly higher than that in the northern part, and
the above-mentioned decline in EVI was mainly concentrated in the
southern area. This further proves that the high temperature and low
precipitation from March to May did not cause drought, nor was it the
cause of the decline in EVI during the same period. One thing that needs
to be explained is that the reasons for the abnormally high-value areas
in the northern and southern parts of the study area shown by the ERA5
data are still unclear.

4.2. Comparison with other extreme events

In general, the damage to vegetation caused by extreme drought is
significant. However, the response of vegetation to extreme precipita-
tion may be different. In some systems with limited water resources,
ecological processes are primarily driven by precipitation, and extreme
precipitation events further promote vegetation growth (He et al.,
2023). In some humid and subhumid areas, extreme precipitation does
not promote or even inhibit the growth of vegetation. Previous studies
have highlighted various mechanisms. For instance, extreme precipita-
tion has been reported to disrupt soil stability, resulting in a decrease in
vegetation biomass (Qu et al., 2023). Additionally, insufficient solar
radiation and waterlogging, stemming from extreme precipitation, have
significantly impeded vegetation photosynthesis (Chen et al., 2023). The
adverse effects of extreme precipitation on crop yields are multifaceted,
encompassing direct physical damage and processes linked to excessive
soil moisture, such as waterlogging and flooding (Li et al., 2019).
Notably, these mechanisms are primarily associated with climate
change and seldom address land management. Our study delves further
into the ways in which extreme precipitation impacts vegetation,
shedding light on crucial insights. This holds particular significance for
forecasting models related to crop yield, given that existing process-
based models have been noted to inadequately capture yield losses
resulting from extreme precipitation (Li et al., 2019).

In this study, the mechanism we proposed reflects more of a lagged
effect of vegetation response to land management under extreme events,
that is, the current land management affects the vegetation change in the
subsequent period of time. A similar mechanism has been reported in
previous studies in Europe’s extreme drought of 2018, in which a warm
spring climate promoted vegetation growth and intensified soil water
consumption, which in turn amplified summer drought (Bastos et al.,
2020). Again, this mechanism is very similar to the well-known legacy
effects of drought, which are extremely prevalent in temperate and
boreal forests worldwide (Anderegg et al., 2015). Therefore, whether
this mechanism is widespread in DC croplands around the world needs
to be further explored in the future.
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4.3. Implication of the potential mechanism

From the information gathered above, it was confirmed that the EVI
anomalies in some parts of the central and southern regions illustrated in
Fig. 3, particularly those from March to May 2017, were mainly caused
by the extreme precipitation event in October 2016. Thus, the impact on
vegetation lasted 8 months, and the time period is clearly quantifiable in
this case.

The waterlogging disaster induced by the extreme precipitation
events which inhibited sowing was also influenced by the soil condi-
tions. This is reflected in the differences in the responses to this extreme
event between vegetation in dry croplands and that in paddy fields, as
shown in Fig. 5. As illustrated by the photos in Fig. S2-Fig. S4, in the DC
field of ‘winter wheat-paddy rice’, winter wheat was planted by
broadcast seeding rather than by drill seeding in lines by machines. One
basic reason for the necessity for broadcast seeding is that the soil of
paddy fields has a very high water-holding capacity and is very sticky; it
is not suitable for agriculture machinery sowing operations. Therefore,
the impact of extreme precipitation during the sowing period of winter
wheat in the paddy rice DC systems was more severe than that in the dry
croplands DC systems.

Food demand is expected to increase continuously in the future.
Increasing plant intensity, for example by using methods such as mul-
tiple cropping, is an important way to enhance food production, espe-
cially as it does not require increased cropland area. In the context of
global warming, the areas suitable to DC systems have expanded and are
expected to continue to expand. At the same time, in the future, the
frequency and intensity of extreme precipitation will increase (Myhre
et al., 2019; Tabari, 2020). Therefore, the risk of the mechanism illus-
trated herein, by which croplands may be negatively affected under
similar future scenarios, needs to be assessed in subsequent studies.

4.4. Limitations and prospects

Although our study demonstrates the impact of land management on
vegetation during extreme precipitation, we did not use some of the
statistical or modeling methods used in previous studies (Chen et al.,
2023; Li et al., 2019). On the one hand, most of the previous studies
proved the impact of climate change on crops, but rarely involved land
management, so it is easy to obtain a strong correlation between climate
factors and crop yield. However, this may be applicable to our study,
because the accurate quantification of the impact of land management
on vegetation is still a research blank, which needs further exploration
and exploration (Chen et al., 2019). On the other hand, because the
impact of land management on vegetation is difficult to quantify accu-
rately, the current models rarely contain the module of land manage-
ment, especially for yield models, so it is difficult to use modeling
methods to analyze.

5. Conclusion

In conclusion, we established a case study to systematically analyze
the impact of extreme precipitation on cropland vegetation during the
sowing period. The extreme precipitation that occurred in October 2016
led to a serious decline in winter wheat sowing. This resulted in a sig-
nificant negative anomaly in the vegetation index of the winter wheat
growth season in spring of the following year. These negative anomalies
lasted until June 2017, when the next summer crops were planted. As
indicated by the vegetation index, the impact of the precipitation
extreme was most pronounced in April and May, lagging the precipita-
tion extreme by more than 6 months. Our discoveries broaden the un-
derstanding of how extreme precipitation affects cropland vegetation,
potentially advancing the development of vegetation models over agri-
cultural areas. The impact area of this mechanism will expand in the
future due to the increasing demand for grain production, the expansion
of areas suitable for double-season planting, and the anticipated increase
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in extreme precipitation events. However, the threshold for triggering
such a mechanism still needs further research in order to provide a
reasonable reference value for future risk analysis.
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