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Abstract

:

Change detection between images of pre-flood and flooding periods is a critical process for flood mapping using satellite images. Flood mapping from SAR images is based on backscattering coefficient differences. The change rules of the backscattering coefficient with different flooding depths of ground objects are essential prior knowledge for flood mapping, while their absence greatly limits the precision. Therefore, minimizing the backscattering coefficient differences caused by non-flood factors is of great significance for improving the accuracy of flood mapping. In this paper, non-flood factor influences, i.e., monthly variations of ground objects and polarization and satellite orbits, on the backscattering coefficient are studied with multi-temporal Sentinel-1 images for five ground objects in Kouzi Village, Shouguang City, Shandong Province, China. Sentinel-1 images in different rainfalls are used to study the variation of the backscattering coefficient with flooding depths. Since it is difficult to measure the flooding depth of historical rainfall events, a hydrological analysis based on the Geographic Information System (GIS) and Remote Sensing (RS) is used to estimate the flooding depth. The results showed that the monthly variations of the maximum backscattering coefficients of farmland and construction and the backscattering coefficient differences caused by the satellite orbit were larger than the minimum backscattering coefficient differences caused by inundation. The flood extraction rules of five objects based on Sentinel-1 were obtained and analyzed, which improved flood extraction knowledge from qualitative to semi-quantitative analysis.
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1. Introduction


Synthetic Aperture Radar (SAR) provides optimal data for flood mapping due to its all-time and all-weather characteristics. The biggest limitation of flood extraction using remote sensing images is that it can only extract flood areas, without depth information. There are two solutions to solve the problem: introducing new flood extraction methods and exploring more prior knowledge for flood extraction using SAR images. Extractions of flood areas were based on the prior knowledge of the change rules of the backscattering coefficient, with flood depths of ground objects, whichever method was used. Therefore, a lack of change rules is an important factor limiting current flood extraction based on SAR images. The backscattering characteristics change rules of ground objects are the basis for flood mapping based on SAR images [1], which can extract a flood area based on SAR image differences, i.e., the backscattering coefficient difference. However, non-flood factors may also cause SAR image differences. Backscattering coefficient differences due to the non-flood factors may reduce errors in flood extractions using SAR images.



Non-flood factors causing SAR image differences include changes in the properties of the ground object [2] and satellite system parameter differences. The former mainly occurs over time [3,4]. Seasonal changes in backscattering coefficients increase the difficulty of identifying inundated areas [2], and must be factored when extracting floods [5]. Zhang et al. [6] studied the seasonal variation characteristics of backscattering intensity with Vertical-Vertical polarization (VV), Vertical-Horizontal polarization (VH), Horizontal-Horizontal polarization (VH) and the difference in NDVI (Normalized Difference Vegetation Index), and found that the variation of backscattering intensity under different polarizations was inconsistent. Zhou [7] used Sentinel-1 data to study the annual variation rule of the backscattering coefficients for different crop types using C-band with VV polarization and showed that the monthly variation of the backscattering coefficient was significant. Therefore, minimizing the backscattering coefficient differences caused by factors other than floods is vital for flood extraction. Recent research in this field has mainly focused on monthly variations of the backscattering characteristics of bare soil and vegetation areas and few studies have focused on monthly variations of the backscattering characteristics of other ground objects. According to the radar imaging principle, the backscattering coefficient of ground objects is not only seasonal, but also affected by polarization and imaging orbit. However, there is currently a lack of research on the influence of orbits on scattering coefficients.



Qualitative and quantitative studies have been conducted on the backscattering coefficient change rules of different ground objects in different flooding conditions [8]. Schlaffer et al. [9] found that the backscattering coefficient dropped suddenly and became smaller when the dry bare soil was flooded. Li et al. [10] pointed out that the backscattering coefficient was decreased when the open areas displayed specular reflection due to surface ponding. However, due to the obvious specular reflection characteristics of open areas such as roads and squares, the changes in backscattering characteristics caused by floods are often ignored. Due to the secondary reflection effect in built-up areas, floods often present a bright linear structure, especially on roads. The microwave backscattering characteristics of vegetation in floods are affected by the shape of the vegetation and the satellite incident wavelength. Many scholars have studied the backscattering characteristics of different forms of vegetation in different wave bands and their changes due to inundation [11,12,13]. Generally speaking, the backscattering coefficients of vegetation obtained by various SAR sensors in different bands (X, C, L, etc.) all increased after an inundation, and the maximum increasement in magnitude was as high as 10 dB in the X-band [14,15], 6.9 dB in the C-band [16], and 9.7 dB in the L-band [17]. The backscattering characteristics of ground objects and their changes due to flooding are important prior knowledge for flood extraction based on SAR images. Prior knowledge states that ground objects will become water bodies when they are completely submerged. The prior knowledge of extracting a partially submerged area is that the backscattering coefficient will increase when a vegetation area is partially submerged. Therefore, the extraction targets identified by flood extraction from SAR images comprise completely submerged areas and partially submerged vegetation areas. While flood depth in instances of partial submergence is ambiguous, it is not possible to obtain prior knowledge when we want to extract a partially submerged area with different flood depths. The lack of a backscattering characteristics analysis of ground objects with different flood depths is the main limiting factor for flood mapping from SAR images.



This paper aims to study monthly variations and the influence of polarization and orbit on backscattering coefficients using multi-temporal Sentinel-1 images in Kouzi Village, Shouguang City, Shandong Province, China. Sentinel-1 data in different rainfall events are used to study variations in the backscattering coefficient according to flood depths. The flood depth simulation with hydrological analyses based on GIS and RS technology is used to reveal the change rules of the backscattering coefficient with flood degrees. Finally, backscattering coefficient differences caused by monthly variations and satellite system parameters are compared to those caused by floods to analyze the quantitative flood extraction errors caused by these factors.




2. Data and Methodology


2.1. Study Area


The study area is located in Kouzi Village, Shouguang City, Shandong Province, China (Figure 1). This was one of the worst-hit areas in the 2018 flood. Its terrain is flat with many rivers. The Mihe River flows through the whole area. The village mainly consists of farmland and residential areas, and there is also a river and two major intersecting roads. The farmland can be broken down into farmland without and with plastic sheds. The former is mainly planted with corn in the summer and wheat in the winter. There are mainly buildings and pathways in the residential areas. Therefore, five classification categories are applied: water body, road, construction, farmland, and farmland with plastic sheds. These distinctions are worth studying, because they include all the ground types in the study area and their scattering coefficients are quite different.




2.2. Data and Pre-Processing


2.2.1. Sentinel-1 Data and Pre-Processing


Sentinel-1 data comprise free SAR images with level 1 ground range detected (GRD) products. GRD products consist of focused SAR data that have been detected, multi-looked, and projected to the ground range using an Earth ellipsoid model. GRD products are widely used in studying the backscattering of land cover and monitoring water bodies [18]. Different polarizations observed by Sentinel-1 show different detection sensitivities to the land surface [19,20]. Vertical-Horizontal polarization (VH) has a stronger return over areas with volume scattering, while Vertical-Vertical polarization (VV) has stronger returns with specular scattering [21].



The Sentinel-1 GRD products are processed into Gamma during radiometric calibration, speckle filtering, multi-looking, and geometric correction. Gamma is the normalized backscattering coefficient. Radiometric calibration is conducted by calculating the backscattering values for each pixel. Geometric correction aims to locate the image on the earth (geocoding) and correct terrain distortions [22]. GRD products provide amplitude and intensity bands with VV and VH polarization [23,24]. The images are processed into Gamma bands during radiometric, calibration, geometric, and speckle filtering.



The backscattering coefficients of ground objects in rainless scenarios were obtained from multi-temporal Sentinel-1 images. Fifty-eight scenes were used for the analyses. There were 34 images with ascending orbits and 24 images with descending orbits. No image covered the study area in January 2019, and the backscattering coefficients with descending orbits in January 2019 took the average of those from December 2018 and February 2019. The two main system parameters causing backscattering coefficient differences are the polarization and orbit. Sentinel-1 provides products with both VH and VV polarizations for each image. However, each image has a single orbit, and products with ascending and descending orbits alternately cover the study area.




2.2.2. Rainfall and Terrain Data


The rainfall data were downloaded from the China Meteorological Data Service Center (http://data.cma.cn) [25]. Data with a 24-h duration were from Shouguang Station (Station ID: 54832, 118.44°E, 36.53°N).



The Digital Elevation Model (DEM) (Figure 2b) data were spatially interpolated from DEM measuring points (Figure 2a) with the Inverse Distance Weight [26,27] method. The DEM measuring points were from the Chinese basic surveying and mapping map at a scale of 1:5000 in 2020.





2.3. Methodology


The backscattering characteristics of five ground objects in the study area were studied using multi-temporal Sentinel-1 images. The monthly variation of backscattering coefficients in rainless scenarios and the influence of polarization on the backscattering coefficients were studied to provide a basis for minimizing the error caused by seasonal variations.



Flood depth simulations were done using GIS and RS technology. The change rules of the backscattering coefficient with flood degrees in different rainfall scenarios were studied to provide an experimental basis for estimating the surface inundation state. Figure 3 shows a flow chart of this process.



2.3.1. Flood Inundation Analysis Based on GIS


The flood inundation analysis based on GIS technology has three parts: rainfall-runoff, surface rainwater conflux, and numerical simulation of surface inundation depth.



Rainfall-runoff refers to the forming net rain after deducting various losses in rainfall, i.e., mainly through evaporation, plant interception, surface depression filling, and soil infiltration. There is an obvious relationship between surface runoff and soil moisture [28]. Light rain can increase soil moisture at 0~10 cm soil depths, and moderate rain can increase it at 10–20 cm depths [29].



Surface rainwater conflux refers to the process in which runoff or floodwater flows from the surface into a pipeline network or river [30,31,32]. In our urban waterlogging simulation, the confluence of the pipe network is the link between surface water and drainage, which is the most critical part of the inundation analysis. On the other hand, rivers and ditches are the main drainage channels for rural or suburban areas without pipelines.



The numerical simulation of surface inundation depth refers to the possible surface flood depth according to the terrain after determining the total rainstorm water. The flooding algorithms based on DEM mainly include “inundation without a source” and “inundation with a source”. Inundation without a source means that the grids with lower elevation values than the given water level are inundated areas. When regional connectivity is considered, the flood can only inundate areas with flowing through [33]. As such, in this study, connectivity is not considered.




2.3.2. SCS-CN Model


The critical aspect of constructing the relationship between rainfall and surface runoff is to establish a convenient and effective rainfall-runoff model. The Soil Conservation Service Curve Number (SCS-CN) model [34,35] was developed based on the climatic characteristics and multi-year hydrological runoff data from the United States. It has been widely used due to its simple results, few parameters, and high accuracy. The SCS-CN model includes a water balance equation and two basic assumptions [36]. The balanced equation is as follows (1):


  P =  I a  + F + Q ,  



(1)




where P is rainfall (mm), Q is runoff depth (mm), F is cumulative infiltration (mm), and    I a    is initial loss (mm). Equation (2) is an assumption of equal proportions:


   Q  P −  I a    =  F S  ,  



(2)







The assumption of a proportional relationship between the initial rainfall loss and the potential stagnant storage is described in Equation (3) [37]:


   I a  = λ S ,  



(3)




where S is the maximum infiltration of the watershed (mm),    I a    is the initial loss (mm), and  λ  is the initial loss rate.



The runoff depth can be calculated by combining Equations (1)–(3) [38,39]:


  Q =             P − λ S    2      P +   1 − λ   S     ,   P > λ S       0 , P ≤ λ S       ,  



(4)




where S is calculated by the CN (Curve Number) coefficient in Equation (5) with the following statistical relationship:


  S =   25400   C N   − 254 ,  



(5)







Runoff CN is the model’s main parameter, which reflects the comprehensive characteristics of the soil moisture degree (Antecedent moisture condition (AMC)), slope, soil type, and land use status in the early stage of the basin. Table 1 shows the CN value of each category under the average soil humidity (AMC II) [40]. The greater the CN value is, the worse the maximum water storage capacity of the basin is.




2.3.3. Three-Level Catchment Division Method


A catchment is an area where water accumulates due to the natural landscape. It is essential to do catchment division based on ground object characteristics, because ground objects are complex and show different characteristics in rainfall-runoff processes. Catchment division methods can be categorized as either hydrologic and geometric methods. For hydrologic methods, catchments are divided with hydrological tools based on DEM. The D8 algorithm is the most widely used method [41]. However, it has poor applicability in plain areas [42,43]. For geometric methods, the nodes are determined according to research objectives, and then catchments are divided with Voronoi (Thiessen polygon) method based on nodes [44]. Voronoi diagrams are based on a set of nodes and define one area for each node with every point within the area being closer to the originating node than any other node. This method highlights the role of nodes. It ignores terrain factors and is suitable for urban areas with complex pipeline networks.



Because the study area is rural, with flat terrain and without pipelines, a three-level catchment division method using hydrologic and geometric methods was proposed to divide catchments. First, a large-scale watershed division of the study area was carried out using river channels and main roads, because river channels are subsidence areas and usually function as watershed outlets. The main road is a highway. Its elevation is higher than the grids on both sides, and the river and the main road naturally cut off the catchment. Second, for each first-level watershed, DEM data and the D8 algorithm are used to divide the catchment area into smaller parcels. However, due to the flat terrain in the area, the accumulation of confluence resulting from the use of the D8 algorithm is small, and the water flow path is short, so the catchment area is small. Usually, in the process of surface confluence, roads will generate water flow paths and the properties of the runoff between different types of land are different greatly, which limits its circulation. Therefore, the catchment areas were merged and sorted according to the secondary roads and land types. The catchment area of the study area was divided based on the three-level catchment area division method. A total of 88 catchment areas were obtained (Figure 4), and the average area was 13.33 ha.




2.3.4. Surface Flood Diffusion Algorithm with Non-Source


In actual scenarios, floods always occur in areas with low local topographies. Floods gradually diffuse according to the Digital Elevation Model (DEM) and terrain connectivity. After calculating the basin runoff Q, based on Equation (6), the flood depth and total flood water exist in the following relationship in each catchment according to the water balance theory:


  (   ∑   i = 0  n   Q i  ) ∗ A r e a = (   ∑   j = 0  m  H −  H j  ) ∗ A r e a ,  



(6)




where Area is the area of one grid (m2),    Q i    is the runoff of the grid I (m), n is the number of grids in the current catchment area, H is the flood elevation in the catchment (m),    H j    is the elevation of the grid j (m), and m is the number of flooded grids in the catchment.



A diffusion algorithm with non-source [45] is used to calculate flood depth. It assumes that the flood starts from the grid with the lowest elevation in the catchment and gradually diffuses to grids with higher elevations. Flood diffusion ceases when flood elevation H is lower than all non-flood grids.




2.3.5. Flood Inundation Analysis Based on RS and DEM


Flood inundation analysis combined with DEM and RS is usually used to extract inundated areas based on satellite images and then calculate the flood depth through an elevation-based hydrological analysis [21].



In this study, Sentinel-1 images and a threshold method are used to extract the completely inundated area. The modified soil adjusted vegetation index (MSAVI) difference, with an empirical threshold in [46], and the change detection and threshold method (CDAT) in [47], were used to assess the partly inundated area. MSAVI difference with an empirical threshold is first used to calculate the MSAVI differences between pre-flood and flooding periods, and then to extract the inundated area based on the MSAVI difference result and an empirical threshold. MSAVI can be calculated via Equation (7):


  M S A V I =   2 × N I R + 1 −       2 × N I R + 1    2  − 8 ×   N I R − R e d      2   



(7)




where NIR is the Near Infrared band and Red the red band.



The CDAT method [47] can be used to determine backscattering coefficient differences using Sentinel-1 GRD products, and then to determine the threshold for common floods via Equation (8) and the threshold for floods in vegetation via Equation (9).


   P   D 1         <   ( m e a n    C D   −      k     f 1    ×   d e v   C D    ) ,   



(8)






   P   D 2         >   ( m e a n    C D      + k     f 2    ×   d e v   C D   )  



(9)




where     m e a n   C D     is the mean of the backscattering coefficient differences,     d e v   C D     is the standard deviation of the backscattering coefficient differences, and    k   f 1      and    k   f 2      are the coefficients that determine these two thresholds respectively. The empirical values of    k   f 1      and    k   f 2      are 1.5 and 2.5 in [47].



Because the above three methods have advantages and disadvantages, all the flood areas extracted by the three methods are merged. The three-level divided catchments in Section 2.3.3 are used for the segmentation of the larger patches.



For each inundated patch, flood elevation     D E M   m a x     is calculated via Equation (10). For all grids in the same inundated patch with an elevation lower than the flood elevation, flood depth is calculated via Equation (11) [21].


    D E M   m a x    =       D E M   ¯     + 2 σ    D E M   ,  



(10)






   H i     = m a x ( 0 ,   D E M    m a x   −      D E M   i  ) ,  



(11)




where    σ  D E M     is the elevation standard deviation (m) of all grids in the same inundated patch and     D E M  i    is the elevation of grid i (m).






3. Results and Discussion


3.1. Backscattering Coefficient of Ground Objects in Rainless Scenarios


3.1.1. Selection and Statistical Analysis of Sample Points


In this study, it is essential to ensure that changes are only caused by the system parameters and the ground objects themselves. Therefore, it is necessary to eliminate changes caused by artificial factors. The visual interpretation method is used to judge the changes in the study area. The test areas comprise areas that have never changed. Figure 5 shows 32 test areas with no less than 3 test areas for each ground object and no less than three points in each area. The value of each test area is the average of all points. The IDs range from 11 to 13 for water body test areas, from 21 to 27 for farmland test areas without plastic sheds, from 41 to 48 for farmland test areas with plastic sheds, from 81 to 89 for road test areas, and from 161 to 165 for construction test area.




3.1.2. Monthly Variations of Backscattering Coefficients


The monthly backscattering coefficients of each object are calculated based on the sample data. The backscattering coefficient with the integrated orbit is the average of the backscattering coefficients with ascending and descending orbits in the month. Table 2 shows the mean value, standard deviation, and annual maximum and minimum value of the monthly backscattering coefficient with the integrated orbit for 2019. Figure 6 shows the variations in the monthly backscattering coefficients in each category. The results show the following. (1) With VH and VV polarizations, the relationship between the annual mean backscattering coefficient of each category is as follows: water body < farmland < road< construction < farmland with plastic sheds. Road, construction, and farmland with plastic sheds present high values almost all year round. Even if the water in this study is unconventional, open water, its backscattering coefficient is the lowest each month. (2) The backscattering coefficients of road, construction, and farmland with plastic sheds vary slightly from month to month, while those of farmland and water bodies vary greatly. The standard deviations (STDs) of the backscattering coefficient of farmland with plastic sheds, road, and construction with two polarizations are all ≤0.7 dB, while that of construction with VV polarization is the smallest, i.e., only 0.2 dB. With the two polarizations, the max and min difference values between the maximum and the minimum of the three objects are only 2.1 dB and 0.6 dB, respectively. The annual change is small and stable. (3) The standard deviations of the annual backscattering coefficient of the water body and farmland are much greater than those of the other categories, i.e., both ≥1.9 dB. The annual maximum differences in the backscattering coefficient with the two polarizations are 7.6 dB and 7.8 dB, respectively. (4) The backscattering coefficient of farmland with the two polarizations reaches the maximum value in August and the minimum in January and February. The differences in the maximum value with the two polarization modes are 7.1 dB and 5.4 dB, respectively. This mainly shows an upward trend from January to July and a decreasing trend from September to December.




3.1.3. Influence of Polarization on Backscattering Coefficient


Table 3 shows the mean and standard deviation of the backscattering coefficients of each category with two polarizations in 2019. Figure 7 shows the line graph of monthly backscattering coefficient variation for each category with different polarizations and orbits.



The differences between the backscattering coefficients due to polarizations are as follows: (1) The differences of the backscattering coefficients with VH polarization are smaller than those with VV polarization. The greatest backscattering coefficient difference with two polarizations is the road, i.e., up to 10.8 dB, and water, i.e., up to 5.2 dB. (2) The maximum absolute values of the difference between the backscattering coefficient are 8.3 dB for VH and 13.9 dB for VV. (3) The annual variation with VH polarization is greater than that with VV polarization for the same category.




3.1.4. Influence of Orbit on Backscattering Coefficient


Table 4 shows the mean and standard deviation of the backscattering coefficients of each category with two orbits in 2019 and the difference in annual mean backscattering coefficients with two orbits. Combined with Table 4 and Figure 7, it reveals that the relationship between the backscattering coefficients of each category is the same. The backscattering coefficient differences of each category caused by orbit are as follows: (1) Backscattering coefficients with ascending orbits are generally greater than those with descending orbits. The max absolute value of the difference of the same category is 1.7 dB and the minimum is 0.1 dB; (2) The influence of orbit on the backscattering coefficient is less than that of polarization; and (3) The variation of the backscattering coefficient with descending orbit is greater than that with ascending orbit.





3.2. Backscattering Coefficients Change Rules of Ground Objects in Rainy Scenarios


Remote sensing images reflect the state of ground objects at the time of imaging, while SAR images reflect the backscattering characteristics of ground objects. Different rainfall leads to different flood depths, causing changes in ground object backscattering coefficients. The change in the backscattering coefficient caused by a single rainfall factor reveals the change in the water depth of ground objects. Remote sensing technology can extract flood areas but cannot measure the flood depth. As such, flood depth is simulated by hydrological analysis based on GIS and RS.



3.2.1. Flood Depth Simulation Based on the GIS and RS Techniques


Rainfall Samples


A Sentinel-1 image on a rainy day is selected as the sample, as the influence of previous rainfall should be considered when selecting samples. When the rainfall is heavy, the duration of its influence should be considered. According to previous research, large-scale surface water accumulation generally retreats completely within seven days when a single-day rainfall comprises heavy rain or lighter. The influence duration of previous rainfall may be extended according to the situation when a single-day rainfall level is a heavy rainstorm or heavier. It is currently impossible to determine the exact impact of previous rainfall. Therefore, to minimize the error caused by previous rainfall, this paper ensures that the rainfall rankings of the first 24 h, the first 72 h and the first 169 h of each event are consistent when selecting the rainfall events. Table 5 shows the five rainfall samples and presents specific rainfall information. In line with the Chinese rainfall classification standards, the four rainfall events are categorized as moderate rain, heavy rain, rainstorm, rainstorm, and heavy rainstorm.




Waterbody Extraction Based on RS Images and Threshold Method


The water body was extracted with a threshold method and Sentinel-1/2 images to determine the completely inundated areas in each rainfall. The bimodal method is used to extract the range of water bodies in five rainfall events. This method requires an appropriate proportion of water area in the total image area. When the rainfall or runoff is small, the water body is not easy to discern from SAR images. More accurate water body information can be obtained through optical images. The satellite products and their dates used for water extraction in each rainfall event are shown in Table 6. Figure 8 shows the spatial distribution of water in each rainfall event. The maps on each date are Planet satellite RGB composite images.




Flood Depth Simulation


In the absence of other data support, the initial loss rate of this study area is taken as 0.2 [36]. The study area’s average CN value is about 78.92, and S is 67.84. According to the SCS-CN model, when p > 13.57 mm, the study area begins to generate surface runoff, so there was no flooding on the surface on 5 May 2020. The last four rainfalls generated runoff. Except for the rainfall on that day, the previous rainfall affected the last four rainfalls. The rainfall in the first 24–48 h of the latter two rainfalls was greater than the critical value for generating runoff. The surface runoff on 15 July 2018 was only affected by rainfall, so the total rainfall in the previous 48 h was applied. In the flood event on 20 August 2018, the flood was not only affected by rainfall but also by the overflow of the river channel. River inversion was mainly occurred in the area along the Mi River, which was the west of the main road in the study area. However, given the specific amount of river channel backflow, it was not possible to convert the incoming water into runoff using the SCS-CN model directly, and the method based on DEM and remote sensing images was used to calculate the water depth. For the whole area on 18 November 2020, 16 May 2018, and 15 July 2018, and for the area east of the main road during the flood on 20 August 2018, the SCS-CN method and the diffusion algorithm with non-source performed the calculation of flood depth. The flood depth distribution in the last four rainfall events is shown in Figure 9, in which the river channel range has been removed.





3.2.2. Selection and Statistical Analysis of Sample Points in the Context of Flood Mapping


The sample points are those with obvious inundation during rainfall, based on the flood depth simulation results. Such points are usually local depressions, and flood depth continues to increase with increased rainfall. Figure 10 shows the distribution of the sample points. The IDs of water body sample points are from 11 to 15 in Mi River. In the rainfall event on 20 August 2018, the Mihe River was full and was considered an open water body. Therefore, the mean value of the backscattering coefficients of all the water sample points on this day is taken as the backscattering coefficient of an open water body, which provides a reference for studying variations in the backscattering coefficients of ground objects in different rainfall scenarios. The IDs range from 21 to 25 for farmland sample points, and points 21 and 22 were completely inundated during the last rainfall. The IDs range from 41 to 44 for farmland with plastic sheds sample points, the IDs range from 81 to 85 for road sample points, and the IDs range from 161 to 165 for construction sample points. Because of the frequent changes in farmland with plastic sheds, all areas underwent change and were flooded in the five rainfalls. As such, the experimental data of the farmland with plastic sheds were only from the three rainfall events in 2018.



Table 7 shows the flood depths of all sample points resulting from five rainfall events. There is no flood in any of the sample points during light rain, but a roughly 10-cm flood depth is occurred due to moderate rain, roughly 10- to 30 -m flood depth due to two heavy rainstorms, and more than 20-cm flood depths due to heavy rain. The flood depths of all sample points are increased with an increase in rainfall.




3.2.3. Backscattering Coefficient Change Rules for the Sample Points


The relative backscattering coefficient is the change value of each sample point relative to the corresponding monthly benchmark in each rainfall scenario. The monthly benchmark is the average of the backscattering coefficients with the integrated orbit in that month. The relative backscattering coefficient reflects the change degree in the backscattering coefficient in different rainfall scenarios or at different flood depths relative to the rainless state.



Figure 11 shows the change process for each object’s backscattering coefficient in different rainy scenarios. The results are as follows: (1) For dry or shallow rivers, the backscattering coefficients with two polarizations become smaller than the normal scattering coefficient in each rainfall scenario. (2) For the farmland, the backscattering coefficients become smaller when the soil moisture increases, but no surface runoff occurs. When the soil moisture is saturated and the flood depth does not exceed 10 cm, the backscattering coefficients for farmland are increased. The backscattering coefficients increase when the flood depths at the sample points are about 10–30 cm. When the flood depths of the sample points are greater than 30 cm, the backscattering coefficients of completely inundated sample points become smaller, while the coefficients of the incompletely inundated points increase. (3) For the farmland with plastic sheds, the flood depths are less than 15 cm due to the two rainstorms, but the change trends of the coefficients are inconsistent. During the flood, sample points from 42 to 44 are completely inundated and the flood depths are greater than 30 cm. As such, the backscattering coefficients of the sample points become smaller. The flood depth of sample point 41 is less than 20 cm, and the backscattering coefficient of this point becomes larger with VH polarization and smaller with VV polarization. Additionally, the change of backscattering coefficient amplitude is smaller than that of the sample point with a flood depth greater than 30 cm. (4) For the road, the backscattering coefficients with the two polarizations are increased with the increasing inundation. (5) During the continuous increase of flood depth in the construction site, the backscattering coefficients with the two polarizations are increased slightly. (6) A comprehensive analysis of the variation of the other four classifications, except for water, show that the variation with VH polarization is greater than that with VV polarization, and the variation of the backscattering coefficients of farmland is the largest, and the trends of construction sire and road are the same, demonstrating only relatively small changes.



The absolute backscattering coefficient is the original backscattering coefficient without other processing. This reflects the backscattering state of ground objects in different rainfall conditions, which is used to determine representative objects with different flood depths.



Figure 12 shows the change process of the absolute backscattering coefficients of each object in different rainfall scenarios. The main conclusions are as follows: (1) The backscattering coefficient experienced a process of first increasing and then decreasing for the water body. In the two rainfall events, the Mi River runoff demonstrated little difference and the scattering coefficient did not change significantly. Following the heavy rain, the Mi River changed from the original underflow, but the runoff rating is changed to no obvious runoff. Additionally, the absolute scattering coefficients are increased sharply with both polarizations. Through experiments, it is found that the river runoff in this area is greatly affected by human activity and is not consistent with rainfall. However, it is also found that the relevant backscattering coefficient is greatly reduced when the flow is full. (2) For farmland, when the flood depth is less than 30 cm, all the sample points show the same backscattering coefficient variation rules. When the flood depth is less than 10 cm, the backscattering coefficient is decreased slightly with VH polarization and increased with VV polarization. Following an increase in the flood depth to 30 cm, the backscattering coefficients are increased with both polarizations. When the flood depth is greater than 30 cm but complete inundation has not occurred, the backscattering coefficient of the various points is increased. The backscattering coefficient of the completely inundated points is decreased. (3) For the farmland with plastic sheds, the absolute backscattering coefficient is unchanged when the flood depth is less than 20 cm and not completely inundated. In the completely inundated state, the flood depth is greater than 30 cm and the backscattering coefficients with both polarizations become smaller. (4) Road and construction settings generally show a slight upward trend with increasing flood depth.





3.3. Flood Extraction Rules Based on Sentinel-1


3.3.1. Selection of Representative Objects of Flood State


Representative objects of flood state comprise ground objects for representing the backscattering state of different objects and their different inundated states. The backscattering characteristics of all representative objects are taken from their status in a rainless scenario. Representative objects are determined by the backscattering coefficient change rules of ground objects in different inundated states. The backscattering coefficients of five ground objects in different inundated states are within the range of those in rainless scenarios. Thus, the backscattering coefficients of five ground objects in rainless scenarios can represent different inundated states.



Taking backscattering coefficients with VH polarization and descending orbit as an example, the backscattering coefficients of five ground objects range from −24.0 to 14.0 dB. The backscattering coefficients variation of road, farmland with plastic sheds, and construction are small, centering around −16.0 to −14.0 dB. As such, the three objects are not subdivided. The backscattering coefficient of the water body is −23.3 dB, and the annual average backscattering coefficient of farmland is −19.8 dB. If the annual average backscattering coefficient of the farmland is used as a representative object, there is no representative object to cover backscattering coefficients around −19.0 to −16.0 dB. The backscattering coefficient variation of farmland is large. To more accurately represent the inundation state of ground objects and reveal the small coefficient differences, the backscattering characteristics of farmland are further subdivided. Combined with the backscattering coefficients of farmland in different inundation depths, the coefficients are subdivided into farmland with low (January), with medium (May), and with high backscattering (August). In summary, the final objects with representing the backscattering characteristic state of ground objects are as follows: water body, farmland with low backscattering, farmland with medium backscattering, farmland with high backscattering, road, construction, and farmland with plastic sheds.




3.3.2. Flood Degree Estimation Rules of Ground Objects Based on Sentinel-1 Images


According to the relative and absolute change of backscattering coefficients of objects in different rainfall scenarios, combined with the estimation results of flood depths at the sample points, the rules for judging the inundation degree of ground objects based on Sentinel-1 images are determined. The backscattering coefficient of the water body with two polarizations becomes smaller with each rainfall. In the full flow state it is very low, while under the semi-dry state it is close to those of the construction and farmland with plastic sheds. The backscattering of farmland increases with the increasing flood depth, and the backscattering coefficient in the completely inundated state is close to that of the water body. The backscattering coefficient with the two polarizations becomes smaller when the farmland with plastic sheds is completely inundated and the inundation depth is greater than 30 cm. Before complete inundation, the variation of the absolute backscattering coefficient is small and the relative backscattering coefficient with two polarizations is inconsistent, so the flood degree cannot be determined according to the variation rule of the backscattering coefficient. The backscattering coefficients of road and construction show a slight upward trend.



Combined with the results of representative object selection and the ground object backscattering coefficient variation with different flood depths, the flood degree estimation rules for ground objects based on Sentinel-1 can be determined. A mildly inundated state means that the flood begins to appear on the surface and the flood depth is less than 10 cm. A moderately inundated state means the flood depth is more than 10 cm and less than 30 cm. A completely inundated state means that the ground object is completely inundated and the scattering coefficient presents an open water state independent of the inundated depth. All the ground objects are completely inundated when their backscattering coefficients are close to that of open water. The backscattering coefficient of farmland with medium and high backscattering in a mildly inundated state is close to those of construction and farmland with plastic sheds. The backscattering coefficient of farmland with medium backscattering in a moderately inundated state is close to those of road and farmland with high backscattering. The backscattering coefficient of farmland with high backscattering in a moderately inundated state is close to that of road and farmland with medium backscattering. The backscattering coefficient of the road in a mildly inundated state is close to those of construction and farmland with plastic sheds when the latter is moderately inundated. The backscattering coefficient of construction in a mildly inundated state is close to that of farmland with plastic sheds.




3.3.3. Flood Extraction Error Caused by Monthly Object Variation and Orbit Differences


The key to flood extractions based on SAR images is change detection of backscattering coefficients in the pre-flood and post-flood periods. Especially when the flood extraction is done based on change detection and the threshold method using original backscattering coefficient differences between pre-flood and post-flood periods [35], coefficient differences have an important influence on the flood extraction results. According to the above-mentioned research results, monthly variation and orbits, in addition to floods, can cause backscattering coefficient differences. Therefore, flood extraction errors caused by monthly variation and orbits can be quantitatively estimated by comparing them with the backscattering coefficient differences caused by the flood.



Table 8 shows the details of the backscattering coefficient differences due to flood, monthly variation and orbit. When the coefficient differences between monthly coefficients and the maximum of that caused by orbits are larger than the minimum coefficient differences caused by flooding, monthly variation and orbit may cause extraction errors. The following can be concluded by comparing the data in the third, fourth, and fifth columns: (1) The monthly backscattering coefficient variation affects flood extractions of farmland, road, and construction with VH and VV polarization. In particular, the maximum difference of monthly backscattering coefficients of farmland is much greater than that between different inundation states. (2) The backscattering coefficient differences caused by the orbit mainly affect the flood extraction results of farmland and road with VH polarization. (3) The influence of monthly variation of the backscattering coefficient on flood extraction results is greater than that of the orbit.




3.3.4. Pre-Flood Reference Image Selection Rules


It is vital to select a reasonable pre-flood reference image, especially when the flood methods directly use the backscattering coefficients in the pre-flood and flooding period [47]. The pre-flood reference image is determined according to the selected image parameters in the flooding period. Because light rain (<10 mm) can be completely absorbed by surface soil (0~10 cm), its influence on the surface is relatively small, while the influence of heavier rainfall is uncertain. Additionally, while floods often occur in the rainy season, it may be difficult to find a reference image without any previous rainfall. Section 3.3.3 shows that monthly variation and orbit may cause flood extraction errors. Therefore, pre-flood reference images must meet the following three conditions: (1) no daily rainfall is greater than 10 mm within one week before the flood; (2) The orbit parameters are consistent with the images in the flooding period; and (3) The imaging time of the reference image and the flooding period should not differ by more than one month.





3.4. Discussion


Multi-temporal image analysis and flood depth simulation based on GIS and hydrological analysis are conducted to study the monthly variation of backscattering coefficients in rainless scenarios and the change rules of backscattering coefficients according to flood depths. The influence of orbit on backscattering coefficient and improvements for flood extraction rules, i.e., by transitioning from qualitative to semi-quantitative analyses, are presented. However, due to the lack of measured data or limited current technical means, this study still has some shortcomings: (1) While soil moisture is the dominant factor in soil dielectric properties, radar imaging is also affected by soil moisture. However, due to the lack of measured soil moisture data, relevant experiments cannot be carried out. Therefore, the influence of soil moisture on backscattering coefficients should be further studied. The groundwater level in the study area changed greatly around 2018, which led to a large difference in soil moisture contents in different years. Only Sentinel-1 data from 2019 were used to reduce the errors caused by soil moisture, which should be further discussed. (2) There is currently no effective method for observing flood depth based on remote sensing images. The flood depth simulation method used in this paper can estimate the relative degree of a flood. According to the degree of change of the backscattering coefficient, it can judge whether it has changed. However, when the change is small, it is impossible to judge whether the backscattering coefficient is insensitive to the flood degree or whether the ground objects themselves have not changed. A more accurate method should be investigated to improve evaluations of flood degree in the future.





4. Conclusions


This paper aimed to improve the accuracy of flood mapping using Sentinel-1 images by analyzing backscatter characteristics, including supplementing prior knowledge of flood extraction and quantitatively evaluating flood extraction errors due to non-rainfall factors. For the influence of non-flood factors on backscattering coefficients, the monthly variation of the backscattering coefficients of ground objects with different polarizations and orbits was studied using multi-temporal Sentinel-1 images in rainless scenarios. Variations of backscattering coefficients with different flood depths were studied using Sentinel-1 data showing different degrees of rainfall. A hydrological analysis based on GIS and RS was used to simulate flood depths. The results showed that the monthly variations of the maximum backscattering coefficients of farmland and construction and the backscattering coefficient differences caused by the satellite orbit were larger than the minimum backscattering coefficient differences caused by inundation. The flood extraction rules of five objects based on Sentinel-1 are obtained. The main conclusions and contributions are summarized as follow: (1) Flood extraction rules based on Sentinel-1 images were obtained, which improves the flood extraction rules from qualitative to semi-quantitative analyses. (2) The flood extraction error was quantitatively analyzed and evaluated by comparing backscattering coefficient differences caused by monthly variation, polarization, and orbit to that caused by the flood. This provides a reference for selecting pre-flood images or appropriate flood extraction methods.
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Figure 1. Map of the study area: (a) Municipal administrative boundary of Shandong Province; (b) Sentinel-2 RGB composite image of study area of Shouguang City; (c) Planet RGB composite image of the study area. 
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Figure 2. DEM measuring points (a) and DEM with 10-m spatial resolution (b). 
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Figure 3. Flow chart of this study. 
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Figure 4. Catchment division results. 
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Figure 5. Sample points in rainless scenarios: (a) the base map was a Planet RGB composite image on 26 June 2019; (b) the base map was a Planet RGB composite image on 26 June 2019. 
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Figure 6. Line chart of monthly backscattering coefficient in 2019: (a) Backscattering coefficients with integrated orbit and VH polarization; (b) Backscattering coefficients with integrated orbit and VV polarization. 
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Figure 7. Monthly backscattering coefficients with different polarizations and orbits: (a) VH and ascending orbit; (b) VH and descending orbit; (c) VV and ascending orbit; (d) VV and descending orbit. 
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Figure 8. Distribution of water in each rainfall: (a) 5 May 2020 (date of base map: 6 May 2020); (b) 18 November 2020 (date of base map: 23 November 2020); (c) 16 May 2018 (date of base map: 23 May 2018); (d) 16 July 2018 (date of base map: 15 July 2018); (e) 20 August 2018 (date of base map: 21 August 2018). 
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Figure 9. Flood depth simulation results: (a) 18 November 2020; (b) 16 May 2018; (c) 15 July 2018; (d) 20 August 2018. 
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Figure 10. Sample points in rainy scenarios. The base map was a Planet RGB composite image dated 21 August 2018. 
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Figure 11. Relative backscattering coefficients changes in each category: (a) Water body—VH; (b) Water body—VV; (c) Farmland—VH; (d) Farmland—VV; (e) Farmland with plastic sheds—VH; (f) Farmland with plastic shed—VV; (g) Road—VH; (h) Road—VV; (i) Construction—VH; (j) Construction—VV. 
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Figure 12. Absolute backscattering coefficient with rainfall: (a) Water body—VH; (b) Water body—VV; (c) Farmland—VH; (d) Farmland—VV; (e) Farmland with plastic sheds—VH; (f) Farmland with plastic sheds—VV; (g) Road—VH; (h) Road—VV; (i) Construction—VH; (j) Construction—VV. The red dotted line indicates the backscattering coefficient of an open water body instead of the water body sample areas. 
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Table 1. Curve Number.
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	Category
	Water
	Grassland
	Cultivated Land
	Construction
	Road





	CN
	100
	69
	71
	98
	98
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Table 2. Statistical backscattering coefficient with integrated orbit in 2019 (Unit: dB).






Table 2. Statistical backscattering coefficient with integrated orbit in 2019 (Unit: dB).





	
Polarization

	
Category

	
Mean

	
STD

	
Maximum

	
Minimum

	
D-Value






	
VH

	
Water body

	
−22.2

	
2.2

	
−16.6

	
−24.2

	
7.6




	
Farmland

	
−19.2

	
2.6

	
−15.0

	
−22.1

	
7.1




	
Farmland with plastic sheds

	
−13.9

	
0.5

	
−12.8

	
−14.8

	
2.0




	
Road

	
−15.0

	
0.3

	
−14.3

	
−15.5

	
1.1




	
Construction

	
−14.4

	
0.3

	
−13.9

	
−14.8

	
1.0




	
VV

	
Water body

	
−17.0

	
2.6

	
−11.6

	
−19.4

	
7.8




	
Farmland

	
−11.6

	
1.9

	
−8.4

	
−13.8

	
5.4




	
Farmland with plastic sheds

	
−3.1

	
0.7

	
−2.2

	
−4.3

	
2.1




	
Road

	
−8.5

	
0.5

	
−7.5

	
−9.4

	
2.0




	
Construction

	
−6.4

	
0.2

	
−6.1

	
−6.7

	
0.6
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Table 3. Statistical values of backscattering coefficients with integrated orbit (Unit: dB).






Table 3. Statistical values of backscattering coefficients with integrated orbit (Unit: dB).





	
Polarization

	
Mean

	
STD




	
Category

	
VH

	
VV

	
Absolute Value of D-Value

	
VH

	
VV






	
Water body

	
−22.2

	
−17.0

	
5.2

	
−17.0

	
2.6




	
Farmland

	
−19.2

	
−11.6

	
7.7

	
−11.6

	
1.9




	
Farmland with plastic sheds

	
−13.9

	
−3.1

	
10.8

	
−3.1

	
0.7




	
Road

	
−15.0

	
−8.5

	
6.5

	
−8.5

	
0.5




	
Construction

	
−14.4

	
−6.4

	
8.0

	
−6.4

	
0.2




	
Max D-value

	
8.3

	
13.9
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Table 4. Statistical values of backscattering coefficients (Unit: dB).






Table 4. Statistical values of backscattering coefficients (Unit: dB).





	
Polarization

	
Category

	
Mean

	
Std




	
Ascending Orbit

	
Descending Orbit

	
D-Value

	
Ascending Orbit

	
Descending Orbit






	
VH

	
Water body

	
−21.4

	
−23.1

	
−1.7

	
2.2

	
2.2




	
Farmland

	
−18.6

	
−19.9

	
−1.4

	
2.5

	
2.8




	
Farmland with plastic sheds

	
−13.5

	
−14.3

	
−0.8

	
0.5

	
0.6




	
Road

	
−15.6

	
−14.4

	
1.2

	
0.8

	
0.4




	
Construction

	
−14.3

	
−14.5

	
−0.2

	
0.2

	
0.4




	
VV

	
Water body

	
−17.1

	
−16.9

	
0.1

	
2.7

	
2.5




	
Farmland

	
−11.5

	
−11.6

	
−0.1

	
2.0

	
1.9




	
Farmland with plastic sheds

	
−2.6

	
−3.6

	
−1.0

	
0.8

	
0.8




	
Road

	
−9.0

	
−8.0

	
1.0

	
0.6

	
0.7




	
Construction

	
−6.4

	
−6.3

	
0.1

	
0.3

	
0.3
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Table 5. Information of 5 rainfall events (Unit: mm).






Table 5. Information of 5 rainfall events (Unit: mm).





	Date
	Satellite
	Orbit
	0–24 h
	24–48 h
	48–72 h
	72–168 h
	Sum of the First 72 h
	Sum of the First 168 h





	2020.05.05
	S1-B
	Descending
	10.5
	5.2
	0
	0
	15.7
	15.7



	2020.11.18
	S1-B
	Descending
	37.7
	8
	0
	0
	45.7
	45.7



	2018.05.16
	S1-B
	Descending
	68.9
	3.5
	0
	0.1
	72.4
	72.5



	2018.07.15
	S1-B
	Descending
	74.4
	16.1
	0
	5.7
	90.5
	96.2



	2018.08.20
	S1-B
	Descending
	120.1
	41.3
	21.2
	45.4
	182.6
	228
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Table 6. Mi River runoff status with five rainfall events.






Table 6. Mi River runoff status with five rainfall events.





	
Rainfall Date

	
Satellite/Products

(Date)

	
Mi River Runoff Status

	
Surface Inundation




	
Before Rain

	
After Rain






	
5 May 2020

	
Planet/NDWI

(6 May 2020)

	
Runoff is limited, and the water body is discontinuous

	
The same as before the rain

	
No completely inundated area




	
18 November 2020

	
Planet/NDWI

(16 November 2020)

	
Runoff and water boys are limited

	
The same as before the rain

	
No completely inundated area




	
16 May 2018

	
Planet/NDWI

(13 May 2020)

	
No runoff

	
No runoff

	
No completely inundated area




	
15 July 2018

	
Planet/NDWI

(16 July 2018)

	
No runoff

	
No runoff

	
No completely inundated area




	
20 August 2018

	
Sentinel-1/VH

(20 August 2018)

	
The river is full of water.

	
The water body is larger than before the flood

	
A large area is completely submerged
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Table 7. Flood depths of sample points due to five rainfall events (Unit: m).






Table 7. Flood depths of sample points due to five rainfall events (Unit: m).





	
Category

	
ID

	
18 November 2020

	
16 May 2018

	
15 July 2018

	
20 August 2018






	
Farmland

	
21

	
0.11

	
0.21

	
0.26

	
0.37




	
22

	
0.08

	
0.16

	
0.21

	
0.33




	
23

	
0.09

	
0.16

	
0.19

	
0.29




	
24

	
0.04

	
0.12

	
0.16

	
0.26




	
25

	
0.10

	
0.18

	
0.22

	
0.32




	
Farmland with plastic sheds

	
41

	
--

	
0.02

	
0.06

	
0.17




	
42

	
--

	
0.10

	
0.13

	
0.43




	
43

	
--

	
0.09

	
0.12

	
0.41




	
44

	
--

	
0.06

	
0.09

	
0.37




	
Road

	
81

	
0.11

	
0.22

	
0.28

	
0.44




	
82

	
0.09

	
0.17

	
0.27

	
0.42




	
83

	
0.12

	
0.24

	
0.31

	
0.50




	
84

	
0.07

	
0.12

	
0.15

	
0.23




	
85

	
0.01

	
0.07

	
0.10

	
0.18




	
Construction

	
161

	
0.04

	
0.17

	
0.24

	
0.43




	
162

	
0.20

	
0.27

	
0.30

	
0.40




	
163

	
0.05

	
0.12

	
0.16

	
0.25




	
164

	
0.08

	
0.21

	
0.28

	
0.47




	
165

	
0.05

	
0.16

	
0.22

	
0.38
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Table 8. Influence of monthly variation and orbit on flood extraction (Unit: dB).






Table 8. Influence of monthly variation and orbit on flood extraction (Unit: dB).





	
Polarization

	
Category

	
Min Gamma D-Value Due to Flood

	
Max Gamma D-Value Due to Monthly Variation

	
Gamma D-Value Due to Orbit






	
VH

	
Farmland

	
1.2

	
7.1

	
1.4




	
Farmland with plastic sheds

	
2.5

	
2.0

	
0.8




	
Road

	
0.2

	
1.1

	
1.2




	
Construction

	
0.3

	
1.0

	
0.2




	
VV

	
Farmland

	
2.8

	
5.4

	
0.1




	
Farmland with plastic sheds

	
7.3

	
2.1

	
1.0




	
Road

	
1.8

	
2.0

	
1.0




	
Construction

	
0.2

	
0.6

	
0.1
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