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Abstract: In July 2021, a flooding event, which attracted the attention of the whole country and even
the world, broke out in Henan, resulting in dramatic losses across multiple fields (e.g., economic
and agricultural). The basin at the junction of Hebi, Xinxiang, and Anyang was the most affected
region, as the spread of water from the Wei river submerged surrounding agricultural land (e.g.,
corn-dominated). To comprehensively evaluate the flooding impacts, we proposed a framework to
detect the flooding area and evaluated the degree of loss using satellite time series data. First, we
proposed a double-Gaussian model to adaptively determine the threshold for flooding extraction
using Synthetic Aperture Radar (SAR) data. Then, we evaluated the disaster levels of flooding with
field survey samples and optical satellite images. Finally, given that crops vary in their resilience
to flooding, we measured the vegetation index change before and after the flooding event using
satellite time series data. We found the proposed double-Gaussian model could accurately extract
the flooding area, showing great potential to support in-time flooding evaluation. We also showed
that the multispectral satellite images could potentially support the classification of disaster levels
(i.e., normal, slight, moderate, and severe), with an overall accuracy of 88%. Although these crops
were temporarily affected by this flooding event, most recovered soon, especially for the slightly
and moderately affected regions. Overall, the distribution of resilience of these affected crops was
basically in line with the results of classified disaster levels. The proposed framework provides
a comprehensive aspect to the retrospective study of the flooding process on crops with diverse
disaster levels and resilience. It can provide rapid and timely flood damage assessment and support
emergency management and disaster verification work.

Keywords: double Gaussian; corn; crop distribution; disaster level; resilience

1. Introduction

A series of heavy precipitation events caused the Henan flood in July 2021. On
and after 17 July 2021, continuous heavy precipitation dominated Zhengzhou, Kaifeng,
Xinxiang, Hebi, Anyang, and other places in Henan Province, causing infrequent and
catastrophic floods with many casualties and injuries. The Zhengzhou weather station
reported that the maximum hourly rainfall reached 201.9 mm, and around 19 national-
level meteorological stations exceeded the highest daily rainfall since the establishment of
stations. The maximum daily precipitation at Zhengzhou National Meteorological Station
was 624.1 mm, which is close to the annual average precipitation (640.8 mm) of the station,
and the maximum hourly rain intensity was as high as 201.9 mm, which is close to 1/3 of
the annual average precipitation of Zhengzhou, breaking the historical record of China’s
inland meteorological observation [1,2]. The torrential rain caused severe floods in many
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parts of Zhengzhou and surrounding areas. This flooding with heavy rain led to a total
of 14.8 million people affected, of which 389 people died. The direct economic loss was
estimated to be above 120 billion RMB. Flooding has profound physical and mental impacts
on people, especially those whose houses and farms are destroyed [3,4].

With the advent of remote sensing and geographical information science, in-time
monitoring and evaluation of flooding and its impacts have become possible [5–7]. Rapid
acquisition of flood information using satellite observations with scientific evaluation of
disaster loss can promote rapid emergent responses to flooding. Thus, extracting water
bodies from satellite images is essential in flooding disaster monitoring and evaluation.
Although optical satellite images are rich in terms of spectral information [8,9], it is expected
that minimal satellite images are available due to the contamination of clouds and rain,
failing the task of in-time monitoring of flooding. On the contrary, Synthetic Aperture
Radar (SAR) satellite observations can penetrate the cloud and rain with clear images.
Therefore, they are the primary data source for water detection during flooding [10].

Many studies have been carried out using backscatter from SAR data for flooding
mapping. Ref. [11] found that the brightness of submerged areas (e.g., roads, squares, and
other open areas) is diminished compared to the status before flooding due to the reduction
of the scattering coefficient. Ref. [12] also pointed out that when the dry, bare soil is flooded,
the SAR-derived backscatter coefficient drops suddenly, making it easier to be identified
from satellite images. Presently, the relationship between backscatter coefficients from
SAR data and the degree of flooding has not been comprehensively evaluated, especially
in terms of automatic optical threshold determination for in-time flooding monitoring.
Changes in backscatter coefficients of ground objects before and after the flooding can be
well characterized by the SAR images. This proposes new challenges in automatic flood
area extraction from multi-temporal SAR images.

Unlike other disasters (e.g., heat waves), flooding shows a typical intermediate effect
within a couple of hours. That is, the duration of heavy rain is not long, and the disaster
degree is heterogenous across spaces [13–17]. At the same time, bad weather during a
disaster event (e.g., clouds and rains) presents challenges for optical satellite images [18,19],
because satellite images acquired under these weather conditions are always associated
with relatively poor quality. This limitation can be complemented by SAR images [20–22].

Many SAR-based studies for flood monitoring have been carried out [23]. It is worth
noting that most of these studies only focus on the changes in the water area, with limited
efforts in exploring the impact of flooding on crops, especially considering the differences
in damage degree [24,25], although this is crucial for risk management and mitigation.
Existing studies of flooding-induced agricultural impacts mainly focus on one single epoch,
lacking a systematic perspective to study the resilience of agriculture to the flood disaster
itself [26,27]. It is essential to conduct a comprehensive and systematic evaluation of
flooding impacts on agricultural lands [28]. For instance, by analyzing the resilience of
crops to floods, it is possible to further evaluate the potential loss of yield by tracking the
vegetation growth instead of simply evaluating the crop status when the flooding event
occurs [29].

In this study, we took the 2021 Henan flooding event as an example and evaluated
the disaster degree and the resilience of impacted crops (i.e., corn). We chose the junction
area of Hebi, Xinxiang, and Anyang as our study area. First, we mapped the flooding
extent using multi-temporal SAR data. Then, we assessed the impact of flooding on crops
with outcomes of mapped damage degree. Finally, we evaluated the resilience of flooding-
impacted crops by combining long-term satellite remote sensing images. The remainder
of this paper is organized as follows: Section 2 introduces the study area and datasets;
Section 3 describes the details of the proposed method; Section 4 presents the results with
discussion; and the concluding remarks are provided in Section 5.
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2. Study Areas and Datasets

We chose the junction area of Hebi, Xinxiang, and Anyang as our study area, which
was the most severely affected area in Henan (Figure 1). It is composed of plains, basins,
and mountains. Since 17 July 2021, this area has experienced continuous heavy rains,
resulting in dramatic flooding. Due to the impact of the mountains in the northwest corner,
the rainwater flowed down and gathered in the basin area at a lower elevation. This region
was determined by the watershed algorithm based on the digital elevation model (DEM).
Therefore, the selected study area is rational choice, as it experienced extensive flooding
during this event, making it a good candidate to evaluate our proposed monitoring and
evaluation framework.
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Figure 1. The geographical map of our study area.

We collected multiple-source satellite observations to evaluate the flooding-induced
crop loss and crop resilience. The adopted satellite observations can be divided into two
categories. The first comprises SAR images. We collected all Sentinle-1 SAR images during
the flooding week (i.e., 20–27 July 2021) on the Google Earth Engine (GEE) platform to
obtain approximate intermediate flooding extents. Due to the cloudy weather during
flooding periods, optical satellite images are commonly unavailable. The SAR images are
the primary data sources we used in this study. The other group of satellite observations
is the optical images derived from the Sentinel-2 and Landsat data. For these datasets,
the radiance, atmosphere, and terrain collections were performed in advance, with clouds
and shadows removed. In addition, we harmonized the Sentile-2 and Landsat images to
composite the harmonized time series data. The optical images were used for two purposes:
for collecting samples to represent different damage severity, and to measure the resilience
of crops after a certain period. We also collected the crop data layer in 2021 in Henan and
field-collected samples during the flooding event.

In addition, we also collected field-surveyed samples during the flooding event, as
promoted by the Department of Emergency Management of China, for loss evaluation.
Through visually inspecting the in situ damage situation and conducting field surveys
of local farms, we evaluated the damage degree of crops and collected the sample set
for disaster-level classification. The fieldwork involves on-the-spot surveys, visits, and
photographic evidence, to collect adequate and helpful information, such as the submerged
range, submerged depth, and submerged duration (Figure 2). After that, we built the
sample database, which includes the geographical location, damage degree, and photos as
supports. This dataset can be used as training samples for damage degree classification.



Remote Sens. 2023, 15, 1305 4 of 15

Remote Sens. 2023, 15, x FOR PEER REVIEW  4 of 16 
 

 

In addition, we also collected field‐surveyed samples during the flooding event, as 

promoted by the Department of Emergency Management of China, for loss evaluation. 

Through visually inspecting the in situ damage situation and conducting field surveys of 

local farms, we evaluated  the damage degree of crops and collected  the sample set for 

disaster‐level classification. The fieldwork involves on‐the‐spot surveys, visits, and pho‐

tographic evidence, to collect adequate and helpful information, such as the submerged 

range, submerged depth, and submerged duration (Figure 2). After that, we built the sam‐

ple database, which  includes  the geographical  location, damage degree, and photos as 

supports. This dataset can be used as training samples for damage degree classification.  

 

Figure 2. Illustration of the severity of flooding‐induced crop loss from satellite observations and 

samples. 

3. Methodology  

We  evaluated  the damage degree  and  the  resilience of  crops using  the proposed 

framework below (Figure 3). First, we identified the approximate immediate water extent 

before and after the flooding using multi‐temporal SAR images (Figure 3a). A self‐adap‐

tive approach with the double Gaussian model was proposed during this step to identify 

the optical threshold for water extent mapping. Then, by jointly using field‐collected sur‐

vey data and the optical images from the Sentinel‐2 observations, we mapped the damage 

degree of crops (i.e., slight, medium, and severe) caused by the extreme flooding event 

(Figure 3b). Finally, we evaluated  the  resilience of crops  (i.e., corn)  to  the  flooding by 

quantifying the recovery of crop growth in regions with different damage degrees (Figure 

3c).  In addition,  influencing  factors  that were  relevant  to  the  crop  resilience were dis‐

cussed. Details of each component can be found in the following sections.  

Figure 2. Illustration of the severity of flooding-induced crop loss from satellite observations
and samples.

3. Methodology

We evaluated the damage degree and the resilience of crops using the proposed
framework below (Figure 3). First, we identified the approximate immediate water extent
before and after the flooding using multi-temporal SAR images (Figure 3a). A self-adaptive
approach with the double Gaussian model was proposed during this step to identify
the optical threshold for water extent mapping. Then, by jointly using field-collected
survey data and the optical images from the Sentinel-2 observations, we mapped the
damage degree of crops (i.e., slight, medium, and severe) caused by the extreme flooding
event (Figure 3b). Finally, we evaluated the resilience of crops (i.e., corn) to the flooding
by quantifying the recovery of crop growth in regions with different damage degrees
(Figure 3c). In addition, influencing factors that were relevant to the crop resilience were
discussed. Details of each component can be found in the following sections.
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Figure 3. The proposed framework for crop resilience mapping of the flooding. (a) Approximate
real-time flooding extent mapping; (b) Mapping the damage degree of crops from the flooding;
(c) Evaluating the resilience of crops using satellite time series data.

3.1. Mapping Immediate Flooding Extent Using Multi-Source SAR Images

We used multi-temporal SAR data to composite the images before and after the
flooding event. We derived the level-1 Sentinel-1 GRD data [30] product through the
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Google Earth Engine (GEE) platform. The adopted data were preprocessed sequentially
with thermal noise removal, radiometric calibration, and terrain correction. We collected
Sentinel-1 SAR images during the flooding event time. First, we collected the Sentinel-1
data to composite the image before the flooding. Thus, the extent of the flooding area could
be extracted from the composited SAR images from these two epochs (i.e., 27 July and 8
August). Then, we proposed a double-Gaussian approach to identify the optimal threshold
for water extraction from SAR images [31]. We extended the river with buffers (i.e., 5 km)
to locate potential influencing areas. After that, we implemented a double-Gaussian model
to characterize the flooding and non-flooding areas (see Figure 4). In general, backscatters
from the SAR images in flooding areas are notably lower than the non-flooding regions,
and their values in these two areas can be quantitatively expressed as two Gaussian models.
Thus, the interaction between these two curves was commonly regarded as the optimal
threshold to separate the flooding and non-flooding regions.
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3.2. Evaluating the Severity of Flooding-Induced Loss

To evaluate the damage degree of impacted crops, we first collected samples that
indicated different damage levels for classification. According to the Department of Emer-
gency Disaster Management requirements, we divided the disaster degree into four types:
normal, slight, moderate, and severe. Their distribution with the field survey can be found
in Figure 5. Normal indicates that the crops were not affected by flooding, while slight,
moderate, and severe damage correspond to different levels of damage (see Figure 6).
The standard for these three degrees of crop damage is mainly guided by the National
Emergency Management Department, with supports form field surveys according to the
damage degree. For instance, for the category of severe damage, more than 80% of areas
are visually submerged in water, while for categories of moderate and slight damage, the
water coverage is more than 30% and 10%, respectively [32]. For crops that are slightly or
moderately impacted, there is a relatively high chance to be recovered after the flooding
due to the inherent resilience. In contrast, it is difficult to recover for those severely dam-
aged, and the yield would be dramatically decreased compared with the normal condition.
According to the in situ investigation, these four categories with different disaster levels
can be measured.
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We mapped the damage degree using collected field survey samples and the random
forest classifier. This work was implemented on the GEE platform using Sentinel-2 images
close to the flooding time. Random forest (RF) classification is a commonly used machine
learning approach based on the ensemble decision of massive decision trees. The RF
algorithm was trained using the bagging approach, and the final result was derived using
the voting of decision trees. In general, around 70% of the samples we collected were
randomly selected to build the RF classification model, and the remaining 30% were used
for accuracy assessment, using commonly used indicators such as overall accuracy, kappa
coefficient, and confusion matrix. Multiple bands from Sentinel-1 and Sentinel-2 images
were used for classification using the RF classifier.

3.3. Measuring the Resilience of Crops to the Flooding

We measured the resilience of crops to flooding using the harmonized Landsat and
Sentinel time series data. Although we mapped the damage level with field survived
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samples, the level only reflects the status during that time. This is not the actual damage
evaluation, since some can be recovered from the time series data. To reflect the resilience
of crops during the flooding, we analyzed the change of normalized vegetation difference
index (NDVI) from the harmonized Landsat-8 OLI and Sentinel-2 data at the pixel scale
(Figure 7). Before we used the data, the cloud impact was removed through atmospheric
correction. Considering the phenology difference of different crops, which may impact the
derived conclusions, here we only included corn. We measured the mean NDVI before
(i.e., one month earlier) and after (i.e., one month later) the flooding event. We derived
the ratio of NDVI between these two epochs and measured the NDVI increase relative to
the mean status before the flooding. Finally, through jointly analyzing the NDVI change
and the severity map, we measured the resilience of crops to flooding and analyzed their
differences across different disaster degree levels.
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Overall, the trend of NDVI change coincides with the damage caused by the flood-
ing (Figure 7). The NDVI significantly decreased after 26 July, suggesting the flooding
disturbed the crop growth within a short period; after that, it increased again due to the
physical rhythm of recovery. The NDVI ratio between these two epochs across these four
damage levels indicates crop resilience. If this value is greater than 1, it means that the
crops are gradually recovering after the disaster. The recovery status is better if the ratio
becomes large. Because maize is in the growing state, the value greater than 1 indicates
the synthesized impacts of disaster and phenology patterns. Therefore, it is better to com-
pare growing status in different regions to see the damage degree, because the phenology
patterns are highly similar in this region. Obviously, for normal and slight damage, their
NDVI becomes larger compared to the pre-disaster status. On the contrary, for regions with
an NDVI ratio less than 1, the crop does not recover to the normal condition. Those regions
categorized as severe damage have the lowest NDVI ratio compared to the moderately
damaged ones. Finally, we counted the NDVI ratio change across different disaster levels
and analyzed the resilience of damaged crops in our study area [33–36].

4. Results
4.1. Detected Flooding Areas from Multi-Source Satellites

The double-Gaussian model performs well regarding the extracted water body from
the Sentinel-1 SAR image. However, the terrain may slightly affect the model performance
(Figure 8). Clearly, the water surface shows distinctly low backscatter values (i.e., black
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areas) in the SAR image. The optical threshold can be obtained directly from the double-
Gaussian model (see Figure 4). For instance, the extracted water body clearly agrees with
the distribution of backscatters from the Sentinel-1 SAR image. They are distributed around
the river within a flattened terrain. There was almost no water before 20 July, and most
areas were submerged due to the flooding around 27 July. Later, on 8 August, most of the
water retreated, except for those regions in the northeast part of our study area. Despite the
good performance of the double-Gaussian model, it is worth noting that in some mountain
areas, shadows may be misclassified as water due to the impact of terrain. These regions
can be eliminated using DEM in our study.
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We validated the derived flooding areas from the double-Gaussian approach (see
Table 1). Through random sampling of flooded and non-flooded areas, we visually in-
terpreted their labels using high-resolution satellite images and SAR data. Overall, the
accuracy of the proposed approach is high, with an overall accuracy of 94.77%, suggesting
the double-Gaussian approach is suitable for flooding detection.

Table 1. Confusion matrix of mapped flooding area.

Flooding Non-Flooding User’s Accuracy

Flooding 67 3 95.71%

Non-Flooding 6 96 94.12%

Producer’s Accuracy 91.78% 96.97% 172

Overall Accuracy 94.77% Kappa: 0.89

The flooding areas are mainly distributed in Xinxiang and Hebi, with the latter more
severe, since the water did not retreat within a short period. Figure 9 shows the dynamics of
the surface water body before, during, and after the flooding, with statistics of the flooding
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areas. Before the flood, there was almost no water in the study area. The total flooded area
peaked during the flooding, as illustrated in regions along the Gong Chan Zhu Yi channel
and the Weihe river. Due to the relatively low and flattened terrain, the flooding initially
occurred on the north side of our study. Later, the flooding submerged the south side
of these two rivers/channels, encroaching on the surrounding agricultural areas. Finally,
the flooding slightly decreased and mainly centered around the north side. Overall, most
flooded waters were effectively controlled and receded in Xinxiang. In contrast, waters
converged in the junction area of Heibi and Anyang, and both experienced severe flooding
damage. This is also supported by the area statistics of the water during these three epochs
and the mapped water surface in Figure 9.
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4.2. Severity of the Crops from Satellite Observations

In general, the mapped results with different damage levels agree with the mapped
water surface, showing a noticeable distance-decay pattern from the river to surrounding
areas (Figure 10). The area statistic results suggest the normal type has the largest area,
accounting for about 50% of the total crop areas. Whereas for the other three types (i.e.,
slight, moderate, and severe), their areas are similar and spatially close regarding their
water content differences. According to the distribution of mapped disaster levels, it can be
found that most affected crops are roughly concentrated in the flooded areas, especially
for Hebi and Xinxiang. The degree of damage overall shows a good agreement with the
water distribution, as the field survey of crops took the water depth and extent as crucial
criteria for judgment. As two categories distinctly affected by the flooding, the moderate
and severe damage levels are close regarding their distribution.
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Figure 10. Distribution of four mapped categories with different damage levels.

Supported by the field survey samples and the RF classifier, we mapped these
four damage categories with an overall accuracy of 88% and a kappa coefficient of 0.83
(see Table 2). Regarding the user’s s accuracy, the slight and moderate categories are
likely to be confused, whereas normal and slight are easily misclassified for the producer’s
accuracy. The confusion matrix suggests two transition categories—normal to slight, and
slight to moderate—that are easily misclassified. This issue is related to the definition of
these categories in the training samples, as well as the mixed pixel effect from the remote
sensing aspect.

Table 2. Confusion matrix of mapped damage levels.

Normal Slight Moderate Severe User’s Accuracy

Normal 27 0 1 0 96.43%
Slight 3 22 4 0 75.86%

Moderate 2 1 54 11 79.41%
Severe 0 3 8 89 95.70%

Producer’s Accuracy 84.38% 84.62% 90.00% 89.00% 218

Overall Accuracy 88.07% Kappa: 0.83

There is a distinct relationship between the terrain (e.g., DEM) and the damage degree
(Figure 11a). To explore this issue, we analyzed their relationship using box plots. We
excluded those high DEM regions using the threshold of 100, and only those crops in the
flattened plain were considered. We found that the most severe damage regions were in
relatively low regions, as the 25th and 75th quantile range was relatively low. The range
of the box was between 70 and 60, with its median line near 65 m. The upper and lower
quartiles and median positions of the three categories, except for severely damaged areas,
show a general decreasing trend with the severity of the flooding event. The DEM value
corresponding to its median line position gradually decreased from above 70 m to 65 m.
Similarly, the closer the flood is, the more serious the damage will be, as illustrated in
Figure 11b. Obviously, the category of severely damaged is closer to the flooded area, with
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a relatively close distance of less than 200 m, regarding the length of the boxplot. The
distance corresponding to its median line position showed a decreasing trend from normal
to severe, from above 0.2 km to below 0.1 km.
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4.3. Identify Resilient Crops from the Sentinel-2 Time Series Data

The distribution of vegetation resilience was consistent with the results of disaster
classification. The analysis was performed based on the estimated vegetation resilience
(Figure 12). Because the NDVI calculation value of the flood part was negative, it affected
the calculation results; thus, the maximum flood area extracted was used as a mask, and
only the non-flooded areas were analyzed. An NDVI of less than one indicated a region
in which crops were severely damaged; for crops that can be recovered, the NDVI ratio
commonly was elevated due to corn’s growth stage during July–August. As illustrated
in Figure 12, those severely damaged regions with an NDVI ratio below one are mainly
distributed in the Gongchanzhuyi Channel and Weihe River, suggesting the hotspot of the
flooded area has permanent damage from floods. Conversely, less severely damaged pixels
are sparsely distributed in the southwest part of Xinxiang.

The overall resilience of corn agrees with the damage level pattern, as illustrated in
Figure 13, using the NDVI ratio before and after the flooding event. It can be found that
with the severity of the disaster, the resilience of maize gradually weakens until the harvest
fails. We found along with the increase of damage degree (e.g., from slight to severely
damaged), the resilience gradually decreases, as illustrated by the height of four boxes
in Figure 13. For those regions with a normal status, due to the growth stage of corn
during July–August, commonly the NDVI ratio increased. For instance, the NDVI after
the flooding rose by about 50% relative to before. Such a pattern of NDVI ratio decrease
across categories from slightly, moderately, and severely damaged categories, suggested our
classification of the damage degrees agreed with the resilience reflected by the NDVI time
series change. There is a clear trend of decrease from mild to severe, where the NDVI ratio
corresponding to its median line changes from above 1.5 to 1. Using the NDVI ratio equal
to 1, it can be found that more maize in the extinction and severe cases could not recover.
In contrast, most of the maize in normal and light cases could recover after the damage.
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5. Discussion

The double-Gaussian model is a statistical approach that is rapid and accurate in
extracting flood areas. The model works by fitting two Gaussian distributions to a time
series of satellite images, one representing the dry season and the other the wet season.
The difference between the two distributions is then used to identify flooded areas. This
approach has several advantages over other flood detection methods, including its ability
to quickly and accurately identify flooded areas and its simplicity and applicability in a
wide range of regions [37].

Exploring changes in crop growth over time can reveal the long-term impact of
flooding on agricultural productivity. By examining the extent and severity of crop damage
in a time series, it is possible to identify trends in crop growth and resilience after flood
events. For example, certain crops may be more resilient to flooding than others, and
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the extent of the damage may depend on the timing and duration of the flood event. By
examining these factors, farmers and policymakers can develop strategies for managing the
risks associated with flooding and other environmental stresses. Moreover, the resilience
of crops after flood events can depend on a variety of factors, such as soil quality, water
availability, and climate conditions. By examining these factors in conjunction with crop
damage, it is possible to develop a more comprehensive understanding of the long-term
impact of flooding on agricultural productivity. For example, if a particular crop is found
to be more resilient to flooding than others, it may be possible to promote the cultivation of
that crop in flood-prone areas, thereby reducing the risk of crop damage and promoting
food security.

There are still some uncertainties in this study. These include the effects of farmers
replanting crops after the flooding, such as clearing existing crops to plant vegetables.
Although we quantified this impact by exploring the changes in NDVI over time, the
analysis based on NDVI time series still contains some uncertainties due to the lack of
detailed crop type information and updated data.

6. Conclusions

The primary purpose of this study is to evaluate the damage degree and the resilience
of crops caused by heavy flooding in Henan in 2021. First, we used the double-Gaussian
model to determine the optical threshold and extract the flooding area from the Sentinel-1
SAR data. Then, we classified the damage degree (i.e., normal, slight, moderate, and severe)
as the guideline from the Department of Emergency Management, using the samples
collected from the field survey. Finally, we evaluated crop resilience to flooding across
different damage categories, using NDVI time series before and after the flooding events.

The double-Gaussian model performs well in extracting the flood area, and it is suitable
for in-time flooding monitoring during the event, especially for large-scale applications.
With the supporting field survey samples, we mapped the damage degree of this flooding
on agricultural lands. The overall accuracy and Kappa coefficient are above 80% and 0.8,
respectively. The lower the DEM values and the closer to the flooding areas, the more
severe the crop damage. This finding is in line with our understanding of disaster-affected
factors. The resilience analysis suggests for those regions with slight or moderately damage
that there is a relatively high chance of recovery after the flooding. Thus, a comprehensive
evaluation of crops during and after flooding should be considered in future works to
support a more rational and scientific evaluation of disaster-induced risks. In the future,
diverse crop types’ response to flooding events should be comprehensively studied to
better adapt to and mitigate agricultural climate risks.
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