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Abstract: Flood is one of the most frequent natural disasters in the Yangtze River Basin. Flood risk 
evaluation is of great social significance, especially for large hydrological systems. Rainfall is both 
temporal and spatial, influencing surface hydrological activities. The water body range is the final 
outcome of a flood and can be observed from synthetic aperture radar (SAR) images under any 
weather condition. A flood severity evaluation model is proposed to quantitatively evaluate the 
flood based on water body range from area disparity and flood duration. Large hydrological objects 
usually span a wide range and have significant differences. This results in different initial water 
areas in each region. This approach addresses the issue through normalization processing. In this 
paper, Sentinel-1 data are used to extract the temporal water body using the adaptive bimodal 
method, and the water level data were also incorporated to improve the observation frequency for 
water area. The flood severity evaluation approach can be used to assess flood risk between any 
region of large hydrological systems or any flood event, regardless of their regional spatial differ-
ences and rainfall duration differences. The results show that: (1) In general, the average water body 
area in 2020 was 20.40% larger than it was in 2019, and the daily water body areas in 2020 were all 
greater than the average of 2019 with 71.36% of the days in 2020 having an area greater than the 
maximum in 2019. The flood severity in 2020 was 1.75 times as much as that of 2019; (2) Reach 
performance indexes in 2020 were in order of Yueyang (2.21) > Jiujiang (2.04) > Hankou (1.44) > 
Chizhou (1.32), which were inconsistent with the spatial site; (3) Flood event impact indexes in 2020 
were in order as No.2 (1.64) > No.3 (1.61) > No.1 (1.44) > No.4 (1.17) > No.5 (1.15); (4) The flood was 
more likely the result of cumulative rainfall for 30 days. 
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1. Introduction 
Flooding is one of the most destructive and devastating natural disasters. Flood risk 

evaluation is a crucial approach for disaster prevention and reduction, with great social 
significance. The Yangtze River (YZR) is the longest river in China and the third longest 
river worldwide [1] whose water level and water area vary seasonally. The Yangtze River 
Basin (YZRB) has experienced many severe floods throughout history [2], especially sev-
eral catastrophic floods [3]. From July 2020 to August 2020, several floods of varying se-
verity affected some reaches of the Yangtze River. 

Flood risk evaluation is an easy and intuitive tool for qualifying hazard risk. Three 
categories of risk analysis approaches have been identified: (1) Mathematical Statistics 
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Methods, which implement flood evaluation by using historical statistical data [4]; (2) In-
dicator System Methods, where indicator selection is the core, such as analytical hierar-
chical process (AHP) [5] and machine learning algorithms [6]; (3) Scenario simulation 
methods, e.g., using hydrodynamic software to simulate flood features [7–9]. These meth-
ods have been successfully employed in flood risk evaluation in the YZRB. Lu et al. [10] 
proposed a framework for flood risk mapping and influence analysis using hydrody-
namic simulations. Sun et al. [2] established a flood disaster risk evaluation model and 
used three Multi-Criteria Decision-Making (MCDM) methods to compare the flood disas-
ter risk in four administrative units of the Yangtze River Delta. Almost all the flood risk 
evaluation studies took the land as the target area and the administrative region as the 
evaluation unit. A large hydrological system is looked at as a whole but usually spans a 
wide range with significant hydrological differences between different regions, and floods 
are not confined to simple administrative regions. The flood risk evaluation is usually im-
plemented for rainfall, which does not consider the redistribution of rainfall caused by 
surface hydrological activities. In addition, flood risk evaluation usually considers flood 
severity more from the perspective of social impact, such as the potential for loss of life, 
injury, destruction, or damage to assets. However, for large hydrological systems such as 
the Yangtze River and the Yellow River, the flood severity reflected by their hydrological 
states are as important as their direct social impact. In addition, flooding is a complex 
process, and the hydrological responses to different flood events in different reaches vary 
greatly. Therefore, a more comprehensive approach to evaluate the flood severity of large 
hydrological systems between different regions and events is vital, but currently there is 
a lack of relevant approaches. Water level data and water area data are two factors that 
can reveal the hydrological status of rivers, which can be considered the final flood results. 
Although daily water level data provide high temporal resolution, they often offer limited 
insight since they are single-point measurements. The water area can typically be ex-
tracted from satellite images, which can reveal the spatial variation in rivers, but there is 
a limitation due to the low temporal resolution [11]. Water level and water area usually 
have a high correlation; therefore, the daily water area data can be estimated by combing 
water level measures with satellite-derived water area data. A flood severity evaluation 
approach based on spatial-temporal variations in water body is proposed in this paper, 
which aims to reveal the risk differences caused by different flood events and quantita-
tively evaluate the performance of any area with large hydrological systems. The ap-
proach focuses on solving the problems caused by inconsistent flood evaluation standards 
in different regions due to the differences in spatial characteristics and differences in du-
ration of each flood event. 

Flood mapping is a critical part of flood severity evaluation. Satellite remote sensing 
technology can extract large-scale and multi-temporal water area data. With the develop-
ment of remote sensing technology, the available data sources have increased greatly. Op-
tical satellite images have been widely used for flood mapping for a long time [12,13], but 
it is difficult to achieve uninterrupted monitoring during flood events due to its vulnera-
bility to cloud cover [14–16]. Satellite synthetic aperture radar (SAR) systems have become 
the preferred tool for flood mapping [17], owing this to their all-time and all-weather ac-
quisition capabilities. SAR-based water body extraction takes advantage of the unique 
characteristics of open water in the microwave spectrum [18]. Both supervised and unsu-
pervised methods were employed for flood mapping using SAR images. Image classifica-
tion or recognition algorithms such as support vector machine (SVM) [19], random forest 
(RF) [20], and artificial neural networks [21] were used to extract flood extent. Supervised 
classifications require high-quality training data, which can be difficult to obtain. Unsu-
pervised methods such as histogram thresholding [22], fuzzy c-means clustering, fuzzy 
decision, and active contour modeling [23] are generalized to image classification or seg-
mentation algorithms. In terms of goals, image segmentation is similar to image classifi-
cation. Water extraction is usually carried out by image segmentation based on the thresh-
old method [24] which only considers completely inundated areas, such as open water 
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bodies, to be flooded areas [25], and extracts floods by detecting changes in pre-flood and 
flooding period. A single threshold is used to separate the open water area and non-water 
area. Yet, some areas do not become open water even though they were flooded; however, 
they are not non-water either, like farmlands, for example, that do not become completely 
covered by the floods [26]. As such, multi-threshold methods were developed to extract 
the floods from specific objects that were not completely inundated [27]. 

Sentinel-1 SAR has a high spatial and temporal resolution which can be used to gen-
erate the time series of flood maps. The adaptive bimodal method was employed for large-
scale water extraction. In this paper, Sentinel-1 GRD images and the adaptive bimodal 
method are used to obtain the multi-temporal water body area. To obtain the flood dura-
tion information, the daily water area was calculated based on the correlation between 
water level and area. A novel flood severity evaluation approach is proposed to numeri-
cally evaluate the flood process from the perspectives of water area disparity and flood 
duration. The evaluation unit of the novel model is the river reach. The objectives for the 
study are (1) obtaining the flood spatial-temporal variations during flood season in 2020, 
(2) quantitatively analyzing the performance for each reach during five flood events in 
2020 and evaluating the overall flood severity in 2020. 

2. Materials and Methods 
2.1. Study Area 

The YZR can be divided into three streams: the upper stream (above Yichang), the 
middle stream (from Yichang to Hukou), and the lower stream (from Hukou to the estu-
ary). The water body in the upper stream of the YZR does not change significantly. The 
middle and lower stream reaches of the YZRB frequently experience heavy rainfall. In 
particular, the middle stream suffers from floods during the flood season nearly every 
year [28]. July to August is the flood season in the YZRB. 

Catastrophic floods occurred in the middle and lower streams of the Yangtze River 
in 2020. As such, this paper aims to assess the flood severity in the middle and lower 
streams. However, satellite imaging cannot cover the entirety of the middle and lower 
streams; the four reaches (Yueyang, Hankou, Jiujiang, Chizhou) were instead taken as the 
target objects (Figure 1). Yueyang and Hankou reaches are in the middle stream while 
Jiujiang and Chizhou reaches are in the lower stream. The Yueyang reach is in the upper 
stream of the Dongting Lake entrance, and the Jiujiang reach is in the upper streams of 
the Poyang Lake entrance. Poyang Lake and Dongting Lake are river-communicating 
lakes in the YZR. The four river reaches were selected for the following three reasons: (1) 
Historically, flood events occurred frequently in these river reaches. These reaches in Hu-
nan, Hubei, Anhui, and Jiangxi provinces are more prone to flooding. In addition, there 
are two river-communicating lakes in the Yueyang reach (Dongting Lake) and Jiujiang 
Lake (Poyang Lake) which have a greater impact on flooding; (2) The coverage frequency 
and spatial range of Sentinel-1 satellite images determine the extent of the study area. 
Sentinel-1A and Sentinel-1B satellites can both cover Yueyang, Hankou, and Jiujiang 
reaches, but the coverage of the two satellites is not consistent. To obtain a higher time 
observation frequency, both data from the two satellites were used, so the final coverage 
area is the common coverage area of the two satellites. In each of three river reaches, one 
scene of Sentinel-1 image was used for water extraction every day. The Chizhou reach is 
only covered by Sentinel-1A satellite, and the situation in this reach is complicated. The 
research area is the area covered by two Sentinel-1 images; (3) The extents of the four 
reaches are not same because the proportion of each reach in the Sentinel-1 image is dif-
ferent, resulting in different scales in the study area. Yueyang and Hankou reaches occupy 
about one quarter of the images, and Jiujiang and Chizhou reaches occupy about three 
quarters of the images. Figure 1b–e are Landsat 8 RGB composite images of each reach. 
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Figure 1. Map of the study area: (a) the middle and lower streams of YZRB; (b) research scope of 
Yueyang reach; (c) research scope of Hankou reach; (d) research scope of Jiujiang reach; (e) research 
scope of Chizhou reach. 

The floods in 2020 were more severe than those in 2019, with five floods in 2020 and 
one flood in 2019 during the flood season. The total rainfall recorded by the 39 rainfall 
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stations in the YZRB from July and August was 17,042.5 mm in 2020 and 11,688.2 mm in 
2019, indicating an increase of 45.81%. There were two heavy rainfalls in the middle and 
lower reaches of the YZR from 3 July to 17 July in 2019, and the flood lasted from 13 July 
to 17 July in 2019. The total rainfall of the 39 rainfall stations in the YZRB from 3 July to 17 
July was 338.69 mm, and the rainfall from 13 July to 17 July was 322.36 mm. While the 
total rainfall of the 39 rainfall stations in the YZRB from 2 July to 12 July in 2020 was 471.29 
mm, which was greater than that of 2019, the rainstorm has continued since 12 July in 
2020. It rained almost every day from June to August in the YZRB, and exceptional rain-
storms mainly occured from June to mid-July. A brief description of flood events in 2020 
is provided in Table 1. The first flood of the YZR in 2020 was largely a result of the previous 
rainfall in June. 

Table 1. A brief description of flood events in 2020. 

Flood Events Date Duration Atd_R_2020 1 Atd R_2019 1 Rainfall Increase 
No.1 2 July–12 July 11 days 471.29 320.5 47.05% 
No.2 17 July–22 July 6 days 388.5 293.17 32.52% 
No.3 26 July–29 July 4 days 281.4 77.95 261.00% 
No.4 14 August–16 August 3 days 188.17 67.2 180.01% 
No.5 17 August–After 20 August >4 days 335.5 63.9 425.04% 

Note: 1 Atd_R means the average total daily rainfall of the 39 rainfall stations in the YZRB. 

2.2. Data Sets 
2.2.1. Sentinel-1 GRD Product 

Sentinel-1 provides level 1 ground range detected (GRD) products. GRD products 
consist of focused SAR data that have undergone multilooking processing and were pro-
jected to ground range using an Earth ellipsoid model. GRD products are widely used in 
studying the backscattering of land cover and monitoring water bodies [23]. Different po-
larization observation modes of Sentinel-1 show different detection sensitivities to the 
land surface [29]. GRD products provide amplitude and intensity bands with both Verti-
cal–Horizontal (VH) and Vertical–Vertical (VV) polarization [30,31]. Detailed information 
of Sentinel-1 GRD products are shown in Table 2. The original spatial resolution of the 
product is 5 m × 20 m, and the spatial resolution of the preprocessed product can be 10 m 
× 10 m. Raw Sentinel-1 GRD images can be downloaded from the Alaska Satellite Facility 
(https://asf.alaska.edu/). Google Earth Engine platform (https://code.earthen-
gine.google.com/) provides the preprocessed Sentinel-1 GRD data collection (“COPERNI-
CUS/S1_GRD”). 

Table 2. Information of Sentinel-1 GRD products. 

Operation Mode Incident Angle Spatial Resolution Image Width Polarization Mode 
Interferometric wide 

swath (IW) 
29~46° 5 m × 20 m 250 km VH + VV 

Table 3 shows the information about Sentinel-1 images covering each reach during 
flood events in 2019 and 2020. Sentinel-1 GRD products with VH polarization were used 
to extract the water body, whose spatial resolution is 10 m after preprocessed. 

Table 3. Information from Sentinel-1 images covered each reach during flood events. 

Year Reach Number of Images Detailed Date of Images 

2020 
Yueyang 10 July: 01, 13, 18, 25, 30 

August: 06, 11, 18, 23, 30 

Jiujiang 11 July: 02, 08, 14, 20, 26 
August: 01, 07, 13, 19, 25, 31 



Water 2024, 16, 3445 6 of 22 
 

 

Hankou 11 July: 01, 08, 13, 20, 25 
August: 01, 06, 13, 18, 25, 30 

Chizhou 10 
July: 03, 15, 27 
August: 08, 20 
September: 01 

2019 

Yueyang 10 
June: 30 
July: 12, 19, 24, 31 
August: 05, 12, 17, 24, 29 

Jiujiang 11 July: 02, 08, 14, 20, 26 
August: 01, 07, 13, 19, 25, 31 

Hankou 11 July: 02, 07, 14, 19, 26, 31 
August: 07, 12, 19, 24, 31 

Chizhou 6 
June: 27 
July: 09, 21, 
August: 02, 14, 26 

2.2.2. Planet Images 
Optical images were used as true flood maps for validation. During flood events, 

several Landsat 8 and Sentinel 2 images were available, but only a few of them were con-
sistent with the dates of Sentinel-1 images, as most of them were covered by clouds. To 
address this limitation, Planet images (https://www.planet.com/explorer/) (accessed on 3 
February 2021) were used as validation data. Planet Labs operates a fleet of micro-satellites 
that provide daily global coverage, making it possible to monitor and capture changes 
across the entire earth with high observation frequency. It provides four bands: red, green, 
blue, and NIR. A total of eight Planet images, acquired during flood events, were used to 
perform the validation; the information is shown in Table 4. 

Table 4. Information from Planet images. 

Reach Date Product 

Wuhan 
1 August 2020 

(accessed on 3 February 2021) 
20200801_025555_1105 
20200801_025557_1105 

Hukou 
19 August 2020 

(accessed on 3 February 2021) 
20200819_023612_100a 
20200819_023613_100a 

Yueyang 

5 August 2020 
(accessed on 3 February 2021) 

20200805_025002_1032 
20200805_025003_1032 

23 August 2020 
(accessed on 3 February 2021) 

20200823_024851_103c 
20200823_024852_103c 

2.2.3. Measured Water Level Data 
The measured water level data were downloaded from the website of the Changjiang 

Maritime Safety Administration (https://cj.msa.gov.cn/). There are 13 hydrological sta-
tions in the YZR, and 6 stations among them are located within or close to the study area 
of this paper. Chenglingji (Lianhuatang) and Chenglingji (Qilishan) stations are close to 
the Yueyang reach, Hankou stationis located within the Hankou reach, Jiujiang and Hu-
kou stationsare located within the Jiujiang reach, and Datong Station is located within the 
Chizhou reach. 

2.2.4. Rainfall Data 
The brief description of the flood events in 2020 (Section 2.1) was based on rainfall 

station data which compared rainfall in the YRB during the flood season of 2020 with that 
of 2019. The rainfall data were downloaded from the website of the China Meteorological 
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Data Service Center (http://data.cma.cn/). Its data format is txt. There were 39 global rain-
fall observation stations in the YZRB. 

The spatial-temporal variations in rainfall in 2020 (Section 3.1) were derived from the 
NASA Global Precipitation Measurement (GPM) Integrated Multi-Satellite Retrievals for 
GPM (IMERG) Final Precipitation Level 3 V06. The rainfall data collection can be down-
loaded from https://disc.gsfc.nasa.gov/. The IMERG is a NASA product estimating global 
surface precipitation rates at a high resolution of 0.1° every half-hour beginning 2000. The 
IMERG Final Precipitation represents the final estimate of the daily mean precipitation 
rate in mm/day. The spatial resolution of the data set is 0.1 degree × 0.1 degree. Its original 
data format is netCDF, and the data are finally processed into tif images. 

2.3. Methods 
Multi-temporal Sentinel-1 images were used to extract the water area during 5 flood 

events in 2020. Daily water area was calculated through regression analysis of water area 
and water level. A novel flood severity evaluation approach is proposed to numerically 
evaluate the impact of each flood event and the performance for each reach. Four indica-
tors were selected to evaluate flood risk from the perspectives of water area disparity and 
flood duration. The analytic hierarchy process (AHP) method was applied to assign the 
weight of each indicator. The evaluation unit is defined as the river reach. The hydrologi-
cal and topographical conditions of each river reach are different, and evaluation based 
on the absolute water area can lead to inconsistent reference standards for each river 
reach. Therefore, this approach ensures that the standards for risk evaluation are con-
sistent by normalization based on the historical water area of each river reach. This ap-
proach can be used to assess flood risk between any region of large hydrological systems 
or any flood event, regardless of their regional spatial differences and rainfall duration 
differences. A flow chart detailing the flood analysis methodology used in this study is 
shown in Figure 2. 

 
Figure 2. Flow chart of water extraction and flood evaluation. 

2.3.1. Sentinel-1 GRD Data Processing 
The pre-processing of the SAR data involves orbit correction, radiometric calibra-

tion, speckle filtering, multilooking, and geometric correction. For Sentinel-1 data, orbit 
correction is generally divided into coarse and fine orbit correction. The coarse orbit in-
formation is included in the metadata of SAR products, with an accuracy of within 10 cm. 
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The precise orbit file is usually published on the official orbit website 21 days after the 
product is generated. The precise orbit file provides accurate satellite position and velocity 
information, and its position accuracy is within 5 cm. Radiometric calibration establishes 
a precise relationship between the SAR image and ground object backscatter, which al-
lows the simple conversion of image intensity value to Sigma or Gamma. Speckle filtering 
is applied to reduce image noise. Multilooking processing averages the range and azimuth 
resolutions of the image to suppress speckle noise which reduces spatial resolution but 
enhances radiometric resolution. Geometric correction is performed to accurately position 
the image on the Earth (geocoding) and to correct terrain distortions caused by terrain 
variations and sensor geometry [17]. 

2.3.2. Water Extraction Methods 
The histogram bimodal method is a classic method used for binary image segmenta-

tion. Its fundamental principle is that when the histogram of an image has typical bimodal 
features, the pixel value of the lowest point between the two peaks is the segmentation 
threshold. In SAR imagery, water bodies typically exhibit specular reflection, resulting in 
low scattering coefficients. Consequently, all pixels on the image with values less than the 
segmentation threshold are classified as water bodies. Due to the unique characteristics of 
water bodies in SAR images, this method can effectively distinguish water bodies from 
other land types. Despite its simplicity and convenience, the histogram bimodal method 
requires an appropriate ratio of target pixels and background pixels on the image. For 
effective water body extraction using SAR images, it is necessary to adjust the range of the 
image so that the distribution histograms of water body pixels and background pixels 
conform to a bimodal distribution. In this paper, the image area was manually adjusted 
to achieve a superior bimodal histogram. Figure 3 provides an example. Figure 3a shows 
the adjusted image range of the Hankou reach to produce a well-defined bimodal distri-
bution histogram. Figure 3b shows the histogram distribution of the image with an excel-
lent bimodal distribution where the horizontal axis represents the pixel value, and the 
vertical axis represents the pixel density (or ratio). 

 
(a) (b) 

Figure 3. (a) Sentinel-1 GRD image of VH polarization in Wuhan on 6 August 2020; (b) Histogram 
of the image indicating the threshold to retrieve water body. 

Water extraction from optical images is commonly performed using the normalized 
difference water index (NDWI) in (1) [32]. A threshold is applied to segment the water index 
image into a binary water map to obtain the water area. 

NDWI = (𝜌ீ − 𝜌ேூோ)/( 𝜌ீ + 𝜌ேூோ), (1) 

where 𝜌ீ means the reflectance of the green band, and 𝜌ேூோ means the reflectance of 
the near-infrared (NIR) band. 
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2.3.3. A Flood Severity Evaluation Approach 
The Process of the Flood Severity Evaluation Approach 

The flood severity evaluation approach aims to reveal the risk differences caused by 
different flood events and quantitatively evaluate the performance for each reach. Thus, it 
generates three results: flood event impact index, reach performance in flood, and com-
posite flood severity index. Flood event impact index (FI) measures the severity difference 
caused by each flood event. Its purpose is to quantitatively evaluate the differences in 
impact between five flood events. The evaluation object is each flood event from the time 
aspect, while it considers four river reaches as a whole from a spatial aspect. That is, FI 
evaluates the overall flood severity of four reaches in each flood event. Reach performance 
index in flood (RP) quantifies the severity differences in reaches in flood events. Its objective 
is to quantitatively evaluate the differences in the impact of floods on each river reach in 
2020. The evaluation object considers five flood events as a whole from a time aspect while 
it also refers to each river reach from a spatial aspect. That is, RP evaluates the overall 
impact of all flood events in each reach. Composite flood severity index (CFSI) reflects the 
flood severity of all flood events in all reaches. Its objective is to quantitatively evaluate 
the flood severity in all river reaches in 2020 compared with those in 2019. The evaluation 
object takes five events as a whole from a time aspect while it takes four river reaches as a 
whole from a spatial aspect. Table 5 provides a brief explanation for the three flood risk 
evaluation indicators, clarifying their significance and roles in the analysis. 

Table 5. A brief explanation of the three flood risk evaluation indices. 

Evaluation Indices Time Aspect Spatial Aspect Objective 

FI Each flood event Four river reaches as a 
whole 

Quantitatively evaluate the differences in impact 
between five flood events. 

RP Five flood events as a 
whole 

Each reach Quantitatively evaluate the differences in the im-
pact of floods on each river reach in 2020. 

CFSI Five flood events as a 
whole 

Four river reaches as a 
whole 

Overall evaluation of the flood severity in all river 
reaches in 2020. 

The main steps of this approach are as follows: 
(1) Select several areas of the hydrological system as evaluation objects; 
(2) Find the water area when no floods have occurred to act as the benchmark for risk 

evaluation. Because the hydrological characteristics of large water bodies usually ex-
hibit annual periodic changes, water bodies that have not experienced floods during 
the same period in previous years can serve as the benchmark; 

(3) Use remote sensing or hydrological methods to calculate the water area of each eval-
uation object on different dates; 

(4) Calculate the average and maximum water area of each evaluation object during the 
same period in previous years; 

(5) Calculate the average and maximum water area of each rainstorm event during the 
flooding period; 

(6) Construct the indicator system from the perspectives of water area disparity and 
flood duration. The secondary evaluation indicators take the water area during the 
same period in previous years of the same region as a benchmark to eliminate differ-
ences in the area and space of different evaluation objects; 

(7) Determine the weight of each indicator; 
(8) Calculate the index values of a single rainstorm event of each evaluation object ac-

cording to step (6). Divide an index value by the sum of the index values of all eval-
uation objects during the rainstorm event to obtain the normalized index value. The 
normalized index value can eliminate the influence of rainstorm event time differ-
ence. 
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(9) Calculate FI, RP, and CFSI. 
When selecting the evaluation objects (in step (1)), it is unnecessary to consider 

whether the spatial characteristics of different areas, such as length, width, and area, are 
consistent. The differences in spatial characteristics are eliminated by taking the water 
area during non-flood periods as a benchmark (in step (2)). Differences in the days of each 
flood event are eliminated by calculating the proportion of days related to indicators dur-
ing each flood period. 

Detailed information on indicator selection and quantification, index weight calcula-
tion, and flood severity calculation will be explained in the following text. 

Indicator Selection and Quantification 
The evaluation is conducted from two perspectives: area disparity and flood duration. 

The two indicators can be further subdivided according to evaluation objects. The detailed 
indicators are shown in Table 6. 

Table 6. Severity evaluation indicators. 

First-Level Indicators Second-Level Indicators Details 

Water area disparity 
I1 2 Increase in average area in 2020 compared with that in 2019 
I2 3 Increase in max area in 2020 compared with that in 2019 

Flood duration 
I3 4 The proportion of days in 2020 with an area greater than the 

average of 2019 to the days of each flood event in 2020 

I4 5 The proportion of days in 2020 with an area greater than the 
maximum of 2019 to the days of each flood event in 2020 

Notes: 2 I1 means the first second-level severity evaluation indicator. 3 I2 means the second second-
level severity evaluation indicator. 4 I3 means the third second-level severity evaluation indicator. 5 
I4 means the fourth second-level severity evaluation indicator. 

The score of indicator 1 in reach i in flood event j can be calculated as: I1 = _ଶೕି_ଵଽ௩__ଶଵଽ, (2) 

where 𝑎𝑟𝑒𝑎_20 means the average area of reach i in flood event j in 2020, and 𝑎𝑟𝑒𝑎_19 
means the average area of reach i in 2019. 

The score of indicator 2 in reach i in flood event j can be calculated as: I2 = ெ_ଶೕିெ_ଵଽெ_ଵଽ , (3) 

where 𝑀𝑎𝑟𝑒𝑎_20 means the max area of reach i in flood event j in 2020, and 𝑀𝑎𝑟𝑒𝑎_19 
means the max area of reach i in 2019. 

The score of indicator 3 in reach i in flood event j can be calculated as: I3 = ீௗ௬௦_ଶೕ்ௗ௬௦_ଶೕ, (4) 

where 𝐺𝑑𝑎𝑦𝑠_20 means days in 2020 with an area greater than the average of 2019 in 
flood event j, and 𝑇𝑑𝑎𝑦𝑠_20 means total flood days in flood event j in 2020. 

The score of indicator 4 in reach i in flood event j can be calculated as: I4 = ௌ௬௦_ଶೕ்ௗ௬௦_ଶೕ , (5) 

where 𝑀𝑑𝑎𝑦𝑠_20 means days in 2020 with an area greater than the maximum of 2019 in 
flood events. 
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Index Weight Calculation 
The analytic hierarchy process (AHP) method is a simple decision-making tool to 

deal with complex, unstructured, and multi-attribute problems [33,34]. It has been exten-
sively applied in severe natural hazards evaluation like floods and landslides [21]. This 
model is centered on multi-criteria and multiple objectives, including the contribution of 
the experts on their expert knowledge and judgment. The weight of each factor was re-
vealed via the following pairwise comparison matrix in Equation (6). 

A = (𝑎) = ൦ 1 𝑎ଵଶ1/𝑎ଵଶ 1 ⋯ 𝑎ଵ𝑎ଶ⋮ ⋱ ⋮1/𝑎ଵ 1/𝑎ଶ ⋯ 1 ൪, (6) 

where A = (𝑎) is a representation of the importance of one factor over another compared 
to alternative 𝑎 and all comparisons i, j = 1, 2, …, n. 

The pairwise comparison judgments were carried out by using the nine-point scale. 
The matrix was constructed by rating the importance of each factor to other factors. The 
largest eigenvalue and its corresponding eigenvectors were calculated by the matrix, and 
the corresponding eigenvectors were the importance ranking of each factor, which is also 
the weight matrix. To reduce the error caused by one-sidedness, a consistency check must 
be performed by the consistency ratio (CR) and the consistency index (CI) value. When the 
CR was equal to or less than 0.1, the calculated weight matrix was acceptable. The random 
consistency index (RI) is 0.89 when the number of factors is 4. 𝐶𝐼 = ఒ௫ିିଵ , (7) 

𝐶𝑅 = 𝐶𝐼𝑅𝐼 (8) 

where 𝜆𝑚𝑎𝑥 is the largest eigenvalue of the pairwise comparison matrix, and n is the 
number of factors. 

Flood Severity Index Calculation 
FI is used to evaluate the impact of each flood event in 2020 and the computing cells 

were the four reaches, which can be calculated as: 𝐹𝐼 = ∑ (𝑤ଵ × 𝐼1 + 𝑤ଶ × 𝐼2 + 𝑤ଷ × 𝐼3 + 𝑤ସ × 𝐼4ସୀ ), (9) 

where i means the number of flood events and belongs to 1, 2, 3, 4, 5. 
RP is used to evaluate the performance for each reach during all flood events in 2020, 

and the computing cells were the flood events, which can be calculated as: 𝑅𝑃 = ∑ (𝑤ଵ × 𝐼1 + 𝑤ଶ × 𝐼2 + 𝑤ଷ × 𝐼3 + 𝑤ସ × 𝐼4ସୀ ), (10) 

where i means the number of reaches and belongs to 1, 2, 3, 4. 
CFSI is used to evaluate the flood severity of all flood events in all reaches, which can 

be calculated as: 𝐶𝐹𝑆𝐼 = (∑ 𝑆𝑃ସୀ )/4, (11) 

3. Results and Analysis 
3.1. Spatial-Temporal Variations in Rainfall in 2020 

To explore the impact of rainfall on floods, this study selected six indicators from two 
dimensions, rainfall intensity and rainfall duration, to describe the rainfall in each flood 
event (Table 7). To some extent, rainfall duration can be reflected by the cumulative rain-
fall in the early stages of flood events. Figure 4 shows the change process of 6 rainfall 
indicators. 
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Table 7. Rainfall indicators. 

ID First-Level Indicator Second-Level Indicator 
1 

Rainfall intensity 
The average daily rainfall during each flood event 

2 The cumulative rainfall during each flood event 
3 The maximum daily rainfall during each flood event 
4 

Rainfall duration 
The cumulative rainfall for 10 days before each flood event 

5 The cumulative rainfall for 15 days before each flood event 
6 The cumulative rainfall for 30 days before each flood event 

Among the three rainfall intensity indicators, the intensity of the five floods is con-
stantly weakening. The intensity of the No.1 and No.2 flood events is much greater than 
that of the following three, especially the intensity of the No.1 flood event. 

From the three rainfall duration indicators, there were three main conclusions: (1) 
Among the five flood events, the three previous cumulative rainfall indicators of the No.2 
flood event were all the highest, slightly exceeding that of the No.1 flood event; (2) There 
is no significant difference in the previous cumulative rainfall indicators of the No.4 and 
No.5 flood events; (3) From the cumulative rainfall between 10 and 15 days before each 
flood event, it can be found that the No.1 and No.2 flood events are much more serious 
than the following three events. With regard to the cumulative rainfall in the 30 days be-
fore each flood event, the first three flood events had significantly more rainfall than the 
latter two. 

In terms of the spatial distribution, the rainfall intensity duration indicators exhibit 
opposing spatial results in the midstream and downstream. From the rainfall intensity 
indicators, the rainfall in the downstream was greater than that in the midstream; from 
the rainfall duration indicators, the rainfall in the midstream was generally greater than 
that in the downstream. 

 

Figure 4. The line charts of rainfall during each flood event: (a) The average daily rainfall; (b) The 
maximum daily rainfall; (c) The cumulative rainfall during each flood event; (d) The cumulative 
rainfall for 10 days before the flood event; (e) The cumulative rainfall for 15 days before the flood 
event; (f) The cumulative rainfall for 30 days before the flood event. 
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3.2. Spatial-Temporal Variations in Floods 
3.2.1. SAR-Derived Water Body Validation 

The areas of the four reaches on each date were extracted from Sentinel-1 images with 
the adaptive bimodal method. To validate the accuracy of water body extraction, the water 
bodies extracted by NDWI from Planet images (Figure 5) were treated as the true flood 
map. The difference in percentage of water body between the two methods is shown in 
Table 8. The absolute values of difference percentage were below 10%, except for that of 
the Yueyang reach on 5 August 2020. The Planet images of the Yueyang reach were on 5 
August, while the Sentinel-1 images were on 6 August. The water area on 6 August was 
less than that of 5 August according to the water level of the two days, so the difference 
percentage on 6 August should be less than 12.8%. As such, the approach of water body 
extraction from Sentinel-1 images with the adaptive bimodal method is reasonable and 
practicable. 

 
Figure 5. Planet images in different reaches: (a) Yueyang reach on 5 August 2020; (b) Yueyang reach 
on 23 August 2020; (c) Hankou reach on 1 August 2020; (d) Jiujiang reach on 19 August 2020. 

Table 8. Difference in percentage of water area between the two methods. 

Reach Date Water Area with 
SAR (km2) 

Date Water Area with Planet 
(km2) 

Different 
Percent 

Yueyang 6 August 2020 90.41 5 August 2020 103.68 −12.80% 
Yueyang 23 August 2020 84.94 23 August 2020 94.25 −9.87% 
Hankou 1 August 2020 70.22 1 August 2020 73.4 −4.33% 
Hukou 19 August 2020 53.09 19 August 2020 57.51 −7.68% 

3.2.2. Daily Water Area Calculation Based on Correlation Between Water Level and Area 



Water 2024, 16, 3445 14 of 22 
 

 

There are two hydrological stations near the Yueyang reach of the YZR: Chenglingji 
(Lianhuatang) and Chenglingji (Qilishan). Hankou Station is located within the Hankou 
reach; Jiujiang Station, and Hukou Station are within the Jiujiang reach; and Datong Sta-
tion is within the Chizhou reach. The R-square values between water level and area of the 
four reaches and the trend of water level and area is also shown in Table 9. The water area 
of the four reaches shows a highly positive correlation with the water level, with a maxi-
mum value of 0.99 and a minimum value of 0.77. 

Table 9. Coherence between water level and area. 

Reach Station R-Square 

Yueyang Chenglingji (Lianhuatang) 0.77 
Chenglingji (Qilishan) 0.77 

Hankou Hankou 0.92 

Jiujiang Jiujiang 0.99 
Hukou 0.90 

Chizhou Datong 0.97 

3.2.3. Spatial-Temporal Variations in Floods in 2020 
Table 10 and Figure 6 show the water body changing processes during each flood 

event in 2020. It can be found that: (1) The areas of the four reaches during five flood events 
in 2020 were greater than the average area during the flood season (July and August) in 
2019; (2) The water body area and its increase curves of the four reaches show a single 
peak, with the peak occurring during the second or third flood event, and the water area 
at the beginning of the flood season (No.1 flood event) is greater than the area at the end 
of the flood season (No.5 flood event); (3) The overall trends of water area and their in-
crease in Hankou, Jiujiang, and Chizhou reaches were consistent, with the peak occurring 
during the second flood event; the peak of water area in the Yueyang reach occurred dur-
ing the No.3 flood event; (4) The order of area increase in each flood event is as follows: 
Yueyang > Jiujiang > Hankou > Chizhou. The average increase in Yueyang and Jiujiang is 
similar, both at 25% to 30%, while the average increase in Chizhou and Hankou is similar, 
ranging from 10% to 15%. 

 
(a) (b) 

Figure 6. (a) Increase in average area of each flood event in 2020 compared with the average area 
during July and August in 2019; (b) Increase in max area of each flood event in 2020 compared with 
the max area during July and August in 2019. 
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Table 10. Increase in average area of each flood event in 2020 compared with the average area during 
July and August 2019. 

Stream Reach No.1 No.2 No.3 No.4 No.5 Mean 

Midstream Yueyang 28.79% 34.68% 37.02% 25.60% 25.75% 30.37% 
Hankou 13.72% 18.72% 17.87% 10.89% 10.28% 14.30% 

Downstream Hukou 10.51% 15.92% 14.23% 7.66% 6.81% 11.02% 
Chizhou 25.36% 33.59% 30.99% 20.70% 18.98% 25.92% 

Figure 7 shows the inundation map of each reach. With the SAR-derived water area, 
it can be seen that the water bodies increased rapidly during the first half of July and 
reached almost its largest size around mid-July during the floods; only the inundation 
map around mid-July was presented here to reveal the flood’s spatial distribution. 
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Figure 7. The flood map of four reaches: (a) Yueyang reach; (b) Hankou reach; (c) Jiujiang reach; (d) 
Chizhou reach; (e–h): Local enlarged drawings of Chizhou reach. 

3.3. Flood Severity Evaluation in 2020 
3.3.1. Flood Severity Index in 2020 

The weight matrix was assigned by the AHP method with the value of each index as 
follows: 0.466, 0.277, 0.161, and 0.096. The CI value of this weighting scheme was 0.008728, 
which is below 0.1 and acceptable, and the CR value was 0.009807. 

There were five floods in 2020 and one flood in 2019 during the flood season. The 
flood in 2019 was not serious compared with historical records and was considered a nor-
mal state for a YZR flood. The detailed scores for relative flood severity in each reach are 
shown in Table 11, which means each indicator in the four reaches was used to describe 
the relative flood severity. Only the SAR-derived results were used to compute in this 
section. In conclusion, the average water body area in 2020 was 20.40% larger than that in 
2019 in the four reaches of the YZR. The max water body area was 16.46% larger than that 
of 2019. Even the water body areas every day in 2020 were greater than the average of 
2019. 71.36% of days in 2020 had an area greater than the maximum of 2019, compared to 
the total flood days in 2020. 

Table 11. Original values of each indicator. 

 Yueyang Hankou Jiujiang Chizhou Mean 
I1 33.04% 13.37% 25.56% 9.62% 20.40% 
I2 34.14% 9.67% 17.45% 4.58% 16.46% 
I3 100.00% 100.00% 100.00% 100.00% 100.00% 
I4 90.00% 54.55% 90.91% 50.00% 71.36% 

The impact of each flood event and the performance for each reach in 2020 were eval-
uated. The daily water area during flood events was essential, but the SAR-derived result 
was not adequate. Therefore, the daily areas were computed using daily water level ac-
cording to the coherence between the area and water level. Table 12 shows the flood se-
verity indices of each reach in each event. Flood severity evaluation considered the flood 
duration in addition to the flood area, and the flood severity results were different from 
the water area changing process. The FI, RP, and CFSI are shown in Table 12. 
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Table 12. Final scores of each event or each reach. 

 Yueyang Reach Hankou Reach Jiujiang Reach Chizhou Reach FI FI Rank 
No.1 Flood 0.44 0.30 0.41 0.28 1.43 3 
No.2 Flood 0.47 0.36 0.46 0.34 1.63 1 
No.3 Flood 0.49 0.36 0.44 0.33 1.62 2 
No.4 Flood 0.40 0.21 0.37 0.19 1.17 4 
No.5 Flood 0.41 0.20 0.36 0.18 1.15 5 

RP 2.21 1.44 2.04 1.32 -- -- 
RP Rank 1 3 2 4 -- -- 

CFSI 1.75 -- -- 

According to Table 12, the CFSI flood severity in 2020 was 1.75 times as much as that 
in 2019. The flood severity of each flood event can be analyzed from FI, and it can be con-
cluded that: the impact of each flood event in 2020 is in order as follows: No.2 > No.3 > 
N0.1 > No.4 > No.5. Specifically, the flood severity indices are highest of each reach during 
the No.2 and the No.3 flood events, and little lower in No.1 flood event, although the No.1 
flood event has the largest average daily rainfall and total rainfall. The flood severity in-
dices for the No.4 flood event are close but slightly higher than those of the No.5 flood 
event. 

The flood severity of each reach can be analyzed from RP. The following can be con-
cluded: (1) According to RP, the four reaches are affected by the flood events in 2020 with 
the order as follows: Yueyang reach > Jiujiang reach > Hankou reach > Chizhou reach. The 
possible reason is that the impact of river-communicating lakes is greater than that of lo-
cation and that the reaches in middle reach are more affected than that in lower reach in 
terms of location; (2) flood severity indexes are inconsistent with the spatial site: the flood 
severity index is higher in the Yueyang reach (in midstream) and the Jiujiang reach (in 
downstream) than that in the Hankou reach (in midstream) and the Chizhou reach (in 
downstream). A possible reason is that the Yueyang reach and Jiujiang reach serve as im-
portant mediums for the water exchange of the Yangtze River and the two river-communi-
cating lakes, and the East Dongting Lake and Poyang Lake play an important role in flood 
storage throughout the flood season in 2020 and thus the frequent water circulation in-
creased the flood severity in the two reaches. 

3.3.2. Impact of Rainfall on Floods 
The above section provides a detailed analysis of the changes in rainfall and water 

area during the 2020 Yangtze River flood events. The preliminary results indicate that the 
correlation between rainfall duration indicators, water area, and flood risk index is signif-
icantly higher than that of rainfall intensity indicators. Therefore, Figure 8 once again 
shows the line chart of changes in the three rainfall duration indicators, water area in-
creases, and flood risk index among the five flood events. The graph reveals that among 
the rainfall duration indicators, the correlation between the 30-day cumulative rainfall and 
the water area increases, and the flood risk index is also at its highest. Table 13 shows the 
correlation between the increase in downstream and midstream water area to the flood 
risk index and the 30-day cumulative rainfall. 

Based on the results of Table 13 and Figure 8, the impact of rainfall on the flood pro-
cess can be summarized as follows: (1) From the intensity of rainfall, the downstream 
rainfall is more severe while from the cumulative rainfall and the midstream rainfall are 
more severe. The increase in water body area is more correlated with cumulative rainfall. 
This illustrates that water body area increase and precipitation are not synchronized and 
has a certain lag; (2) The correlation between flood risk index and cumulative rainfall is 
higher than that of water area increase. This finding suggests that adding a time dimen-
sion can more effectively reveal the severity of floods. Therefore, the method proposed in 
this paper proves to be effective in capturing and reflecting the severity of floods. 
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(d) (e) 

Figure 8. (a) The cumulative rainfall during 10 days before the flood event; (b) The cumulative rain-
fall for 15 days before the flood event; (c) The cumulative rainfall for 30 days before the flood event; 
(d) Water body area increases in each flood event in 2020 compared with that in 2019; (e) Flood 
severity index of each flood event in 2020. 

Table 13. The R-square between cumulative rainfall for 30 days and water body area increase and 
flood severity index. 

 Water Body Area Increase Flood Severity Index 
Midstream 0.51 0.72 

Downstream 0.71 0.81 

4. Discussion 
A novel flood severity evaluation approach is proposed to numerically evaluate the 

flood process. This approach can be used to evaluate flood risk between any region of 
large hydrological systems or any flood event, regardless of their regional spatial differ-
ences and rainfall duration differences. To further elaborate on the significance of this re-
search, the flood risk evaluation results by the novel approach (Table 12) are further com-
pared to the traditional evaluation methods. 

First, from the total rainfall of stations in the YRB, the severity of five flood events is 
No.1 > No.2 > No.5 > No.3 > No.4. This is inconsistent with the severity results of flood 
events by the novel approach (Table 12). The discrepancy arises because the duration of 
the flood is not considered, and more importantly, it overlooks the spatial distribution of 
rainfall, which plays a significant role in the flood severity. 

Second, the rainfall was spatialized to a certain extent, the rainfall parameters of the 
midstream and downstream were counted, respectively (Figure 8). In Figure 8, the first 
three indicators are rainfall intensity indicators, and the last three indicators are regarded 
as rainfall duration indicators. The three rainfall intensity indicators show that the rainfall 
intensity of these five floods in the midstream and downstream is continuously decreas-
ing. The rainfall duration indicators indicate that the cumulative rainfall of the No.2 flood 
is the most serious, similar to the No.1 flood. Combining these six indicators, the risk of 
the No.1 and No.2 flood is much higher than that of the latter three. This is inconsistent 
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with the severity results of flood events by the novel approach. Table 12 shows the No.2 
flood event is the most serious, similar to the No.3. The reason for this is largely due to 
the spatial distribution of rainfall, and most importantly, to hydrological processes. We 
speculate that this difference is influenced by the impact of previous rainfall on hydrolog-
ical conditions and water exchange between different regions. Rainfall does not equal sur-
face water accumulation, and it will be redistributed on the surface due to hydrological 
activities. For large hydrological systems, the water body area is the ultimate state of flood. 

Moreover, when the focus shifts from rainfall to water range, it is not essential to pay 
attention to the spatial distribution and duration of rainfall and surface hydrological ac-
tivities. Any region and flood event can be chosen to do risk evaluation. 

In addition, the following issues need to be discussed: 
First, why has not multi-source satellite data been used to increase the frequency of 

water area monitoring. One reason for this is that SAR data are not affected by clouds and 
rain, while optical satellites are highly susceptible to these conditions, especially above 
the Yangtze River reach where clouds often appear during flood season. Another reason 
is that different satellites have varying widths and coverage ranges, and the coverage area 
of multiple satellites is relatively small, which does not meet the research objectives of this 
research. Therefore, this research only selected a single set of satellite data to obtain daily 
water body area and improve the temporal resolution of water area data through the cor-
relation between water level and water area. 

Second, the selection of the river reach plays a significant impact on the results. 
Changing the length or position of the river reach may affect the research results, which 
depends on the hydrological conditions of each river reach. The river reach of this study 
was determined based on the coverage area of Sentinel-1 imagery, and suitable study ar-
eas can be selected as needed in practical applications. 

Third, water area was considered as the hydrological condition of the river reach in 
this research instead of the water volume. Hydrological or surveying, remote sensing, and 
other methods combined with river terrain data can estimate water volume, but it is more 
complex and requires more data compared to the water area extraction and does not meet 
the goal of rapid flood severity evaluation. The correlation between water area and water 
volume depends on the steepness of the river channel, which can be reflected to some 
extent by water level. The steeper the river channel, the faster the water level changes, and 
the gentler the river channel, the slower the water level changes. So, there is also a certain 
correlation between water area and water volume, but the specific impact needs further 
research, and the situation may be different for each river reach. 

5. Conclusions 
In this paper, Sentinel-1 data and the adaptive bimodal method are used to extract 

the temporal water body range to generate flood maps. A flood severity evaluation model 
based on daily water area is proposed, which considers both water area disparity and 
flood duration. This model can be applied to assess the flood risk between any region of 
large hydrological systems or any flood event, regardless of their regional spatial differ-
ences and rainfall duration differences. The correlation between flood risk index and cu-
mulative rainfall indicates that adding a time dimension can more effectively reveal the 
severity of floods. The results can serve as a valuable reference for flood prevention and 
mitigation. The main conclusions can be summarized as follows: 
(1) The average water body area in 2020 was 20.40% larger than that in 2019. The max 

water body area was 16.46% larger than that in 2019. The water body areas every day 
in 2020 were all greater than the average of 2019. 71.36% of days in 2020 were with 
an area greater than the maximum of 2019 compared to the total flood days in 2020. 

(2) The flood severity evaluation results showed (a) the impact of each flood event in 
2020 was in order as No.2 > No.3 > No.1 > No.4 > No.5. The continuous rainfall re-
sulted in the most severe flooding during the No.2 and No.3 flood events. In future 
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flood prevention, each heavy rainfall should be dredged in time to prevent more se-
rious consequences caused by continuous rainfall. (b) According to RP, the four 
reaches were affected by the flood events in 2020 in the order of Yueyang reach > 
Jiujiang reach > Hankou reach > Chizhou reach. A possible reason is that the impact 
of river-communicating lakes is greater than that of location, and the reaches in mid-
dle reach are more affected than that in lower reach in terms of location. In future 
flood prevention, the hydrological state of river-communicating lakes can be adjusted 
in time to prepare for the active response to floods. (c) The flood severity in 2020 was 
1.75 times as much as that in 2019. 

(3) The correlation between rainfall duration indicators, water area, and flood risk index 
is significantly higher than that of rainfall intensity indicators. Therefore, floods are 
more likely the result of cumulative rainfall. 
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