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Abstract 

Remote sensing imagery is one of the most widely used data sources for large-scale earth 

observations with consistent spatial and temporal quality. However, the current usage scenarios 

of remote sensing images are largely limited to retrospective tasks as they can only capture 

existing phenomena. This study proposes MA-SARNet, a one-shot forecasting framework built 

with a modified MA-Net structure and ResNet50 as the backbone, to predict the backscatter 

values of Synthetic-Aperture Radar (SAR) images using the previous observations, 

meteorological, and geomorphic data layers as input. The model was trained, validated, and 

tested with SAR images collected during the catastrophic 2019 Midwest U.S. Floods that 

affected several states on the Missouri and Mississippi River tributaries. Compared to the 

benchmark performance, model predictions show an increase of 31.9% and 17.8% for the mean 

and median AAI (Assemble Accuracy Index) and an increase of 37.9% and 15.1% for the mean 

and median NSE (Nash-Sutcliffe Efficiency) on the test set. Results showed that the flood extent 

derived from backscatter predictions is more robust against misclassifications caused by pixel-

level noise compared to the flood map derived using the real backscatters and those from two 

additional flood map repositories. Results from spatial and temporal robustness tests demonstrate 

that the model has sufficient generalization potential for real-time, physically informed, deep 

learning-based earth surface prediction tasks to facilitate fast response to and mitigation for 

future floods. 
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1. Introduction 

The 2019 Midwestern U.S. Floods, also known as the 2019 Floods in the Central U.S., consist of 

several historic flood events that occurred in the midwestern part of the US during the spring and 

summer of 2019. This flood series was observed mainly along the Missouri and Mississippi 

Rivers and had catastrophic influences on local communities in Nebraska, Iowa, Kansas, 

Missouri, and South Dakota, leading to an estimated economic loss of three billion USD 

(Flanagan et al., 2020; NASA 2022a). The flood series is believed to be attributable to a 

combination of excessive runoff caused by fast snow melt, the rain-on-snow process, and 

extreme precipitation from storms (Flanagan et al., 2020). Given the global climate change 

context, it is likely that some regions in the world will suffer from more frequent and severe 

floods (Hayhoe et al., 2018; Hammond et al., 2015; Haltas et al., 2021), causing significant 

impact on communities. 

Remote-sensed images serve as an essential data source for earth observation and are widely 

used for flood extent mapping (Cherif et al., 2021; Dong et al., 2021; Moharrami et al., 2021; 

Dasgupta et al., 2022) and flood impact analysis (Xu et al., 2019). Among common types of 

remote sensing images, satellite images can provide large-scale observations with consistent 

quality and frequent revisit schedules (Tiwari et al., 2020; Choi et al., 2021), whereas aircraft 

imagery can provide very high resolution (VHR) images (Wang, Sun, et al., 2022; Wilson et al., 

2022) with more flexibility and are thus ideal for local observing tasks. However, so far, most 

applications using remote sensing images are for retrospective rather than predictive tasks. This 

is because remote sensors can only capture surface characteristics that already exist. For 

instance, in order to extract flood extent from images captured by remote sensors, there must be 

inundation already occurring on the ground. 

With the aim of expanding the application scenarios of remote sensing images into 

forecasting and flood preparedness tasks, we proposed a forecasting framework by analyzing the 

relationship between relevant physical driving forces and remote-sensed observations. Among all 

remote-sensed image types, we will be targeting the prediction of backscatter values of 

Synthetic-Aperture Radar (SAR) images for two main reasons. First, bands of a SAR image are 

more informative compared to bands of other widely used satellite image sources like Landsat 

and Sentinel-2 for flood extent delineation problems. Previous studies showed that the VV 

(vertical polarization transmitted, vertical polarization received) or VH (vertical polarization 

transmitted, horizontal polarization received) band of a SAR image on its own is sufficient for 

flood extent extraction (Twele et al., 2016; Manavalan et al., 2017; Markert et al., 2020; Tiwari 

et al., 2020) whereas it is more common to create a supplementary index (i.e., NDVI, NDWI) 

involving multiple bands for Landsat and Sentinel-2 images (Sivanpillai et al., 2021; Atefi and 

Miura 2022; Singh and Kansal 2022). It should be easier and more accurate for the model to 

learn a multi-to-one relationship (multiple input layers in, one output layer out) than a multi-to-

multi (multiple input layers in, multiple output layers out) relationship with the same input. The 

other reason is that SAR detects with active rather than passive signals, which enables it to work 

both day and night independently from external illumination and weather conditions. This leads 



to cloud-free scenes (ESA 2013) that avoid the common cloud-contamination issue on Landsat, 

Sentinel-2, and other optical images. 

Recently, researchers have shown an increasing interest in applying state-of-the-art deep 

learning methods to single satellite images (Gautam et al., 2022) or image time series generation 

(Sit et al., 2021), image translation between different remote sensing data sources (Zhu and Kelly 

2021; Vandal et al., 2022), and enhancing image resolution with deep-learning-based super-

resolution techniques (Demiray et al., 2021a, Sit et al., 2022). Those studies have proven the 

efficacy of deep learning models in generating fake satellite image series or single images that 

are manually hard to distinguish from the target image. Based on those findings, advancements 

have been made in predicting meteorological variables such as precipitation (Amini et al., 2022; 

Ko et al., 2022); deriving secondary products such as land cover and vegetation conditions 

(Chowdhury et al., 2022; Kladny et al., 2022; Toker et al., 2022); and generating high spatial and 

temporal resolution images through image fusion that involves multiple image sources (Yang et 

al., 2021). 

Despite all those advancements, most of those studies focused on the relationship between 

images corresponding to different time points within a certain period (image time series 

generation), the relationship between images coming from different sensors (image translation 

and image fusion), or the relationship between the image and its higher resolution version (image 

super resolution), for which the goal is to generate images that follow the same distribution as 

the target images and to maximize the structural similarity between the predicted image and the 

target (Demiray et al., 2021b). By contrast, for results to support flood preparedness and 

mitigation decisions (Ewing and Demir, 2021; Alabbad et al., 2022), it is more important for 

results to reflect the influence of physical driving forces on surface characteristics that are 

closely related to flood extent and other derived factors. 

Requena-Mesa et al., (2021) introduced EarthNet2021, an image time series generation task 

that is aimed at forecasting Sentinel 2 image time series using time series of precipitation, sea 

level pressure, temperature, previous Sentinel 2 image series, and a fixed DEM layer as context. 

That one is, so far, the most relevant work to this study. However, the focus of their work is on 

introducing the EarthNet image dataset by proposing an image time series generation challenge, 

which has substantial differences from a one-shot prediction task. A time series generation task, 

for example, allows the output to learn from far more input information as well as previous 

output than a one-shot prediction task.In addition, many relevant studies did not include 

substantial discussion on how important or necessary each of those predictors was to help readers 

better understand the role of the meteorological and geomorphic driving forces the dataset 

contained. 

The current work is, to the best of the authors’ knowledge, the first study trying to build the 

relationship between various physical driving forces and the backscatter values of SAR images 

and to investigate the usefulness of those predictions on derived secondary products (i.e., flood 

extent). The main contributions to this work include the following: a) a one-shot forecasting 

framework connecting physical driving forces with the backscatter values on 10-m SAR images 



is proposed for the first time in the literature; b) an in-depth investigation of the model's 

performance with different combinations of input data layers; c) qualitatively and quantitatively 

evaluating the model’s performance on not only the predicted backscatter values but also 

investigating the quality of secondary products, such as flood extent maps, derived using those 

backscatter predictions; and d) investigating the model’s temporal and spatial generalization 

power on images saved independently from the training, validation, and test sets. This study will 

help improve and streamline the application of SAR images in predictive tasks. Furthermore, this 

work will benefit relevant research topics such as radar-to-optical image translation, SAR-based 

data assimilation, image time series synthesis, and analysis by providing reliable SAR 

backscatter forecasting. 

 

2. Data and Methodology  

The SAR images used in this study come from Sentinel-1 satellites launched and maintained by 

the European Space Agency (ESA). Instead of processing the raw data from scratch, we used C-

band Ground Range Detected (GRD) scenes readily available on Google Earth Engine (GEE). 

Those SAR images on GEE have gone through substantial preprocessing, such as orbit metadata 

update, thermal noise removal, and terrain correction (Moothedan et al., 2020), which therefore 

saved users a lot of effort for preprocessing. 

As mentioned in the previous section, the 2019 Midwestern U.S. Floods contain several 

regional flood events happening in different parts of the central US throughout spring and 

summer, 2019. The affected area covers 55 HUC6 basins, which add up to an estimated 

1,256,127 km2. Due to the large spatial spread of the event and the 12-day revisit cycle of each 

of the two SENTINEL-1 satellites (two satellites in total), hundreds of SAR images were 

captured during the spring and summer of 2019 in those affected areas. To pinpoint the most 

relevant images, we first narrowed them down to the date when there were floods reported from 

the NASA Disasters Mapping Portal (NASA 2022b, 2022c), and then manually excluded the 

SAR images without noticeable changes compared to its dry conditions using the SAR-based 

Flood Inundation Archive, 2016-2019, created by Yang et al., (2021). 

The abovementioned screening process helped us narrow the SAR collection down to 34 

different SAR images. Among all these 34 SAR images, some of them have the same spatial 

coverage but were captured on different dates. We first saved two images, ending with the 

unique SAR image ID (ESA 2013) of 086E and 1544. Those two images do not overlap, or only 

overlap by a small portion, with any other images and will thus be used for the spatial robustness 

test. Then, we randomly selected 30 images out of the remaining 32 for model training, 

validation, and testing. The remaining two will be used for the temporal robustness test. In this 

study, the remaining two images for the temporal test are identified by IDs 8814 and 52FC. In 

short, the four images for the robustness test are saved separately from the 30 images used for 

training, validation, and testing. The difference between images for spatial and temporal tests is 

that some images in the training-validation-test collection may have the same spatial coverage as 



images for temporal tests but were captured on different dates, but images for spatial tests will 

have no substantial overlapping with all the other images. 

Typically, a single SAR image will contain several bands, including backscatters measured 

and received in different polarization combinations and a band of approximate incidence angle. 

To keep the problem doable, we selected the VV band of the target band to predict. The VV band 

is chosen because many previous studies reported the efficacy of this band over the VH band 

(Twele et al., 2016; Markert et al., 2020; Tiwari et al., 2020). Out of simplicity consideration, 

when we mentioned "SAR prediction" or "prediction" in all sections that follow, we were 

referring to the VV band of the SAR image. Figure 1 shows the study area represented with the 

SAR image coverage displayed with water body masks, with images for robustness tests marked 

with red and green inclined lines. 

 

 
Figure 1. SAR scene scopes (displayed with water body masks) selected for model training, 

validation, and test, and those saved for model robustness test in this study 

 

The geomorphic input considered in this study includes the Height Above Nearest Drainage 

(HAND) index and a land cover map. The HAND method is frequently used to predict flood 

inundation extents (Hu and Demir, 2021; Li et al., 2022) to support flood mitigation and impact 

analysis (Alabbad et al., 2021; Yildirim and Demir, 2022). HAND has been applied as a stand-

alone flood mapping approach (Chaudhuri et al., 2021; Li and Demir, 2022a; Li et al., 2023), a 

supplementary dataset to refine the flood extent extracted from remotely sensed images (Zeng et 



al., 2020; He et al., 2021; Li and Demir, 2022b), and an independent data layer in flood extent 

extraction with machine learning approaches (Aristizabal et al., 2020; Bosch et al., 2020; 

Esfandiari et al., 2020; Liu et al., 2020). The HAND layer comes from the 10 m HAND dataset 

for the continental United States (CONUS) created by Liu et al., (2016) and is organized by 

HUC6 basins. We downloaded those HAND files that share the same spatial coverage as the 

SAR images involved in this study. Then, we mosaiced those HAND patches to create one big 

patch that spatially covers all SAR images. The land cover map used in this study is the ESA 

WorldCover 10m v100 product provided by ESA for 2020 (Zanaga et al., 2021). The land cover 

map is created based on Sentinel-1 and Sentinel-2 data. We selected the WorldCover product out 

of many land cover map resources because of its high spatial resolution and consistency with 

SAR images. We anticipate that the surface grouping characteristics will be similar to those 

observed in 2019. This is justified because, normally, land cover changes much slower than 

meteorological factors like precipitation and is more expensive to collect and measure on a large 

scale. It is, therefore, very common that land cover maps, especially high-resolution products, are 

updated every few years instead of every year (Wickham et al., 2021). Since the HAND and land 

cover layers have the same spatial resolution as the SAR images, we simply clipped out the 

corresponding HAND and land cover patches using the extent of each SAR image and aligned 

the pixel centers of each input layer. The HAND and land cover layers will be referred to as L1 

and L2, respectively. 

The meteorological factors considered in this study include precipitation and soil moisture as 

they are closely related to the ground surface conditions during flood seasons and are therefore 

widely adopted in the literature for predicting earth surface observations (Requena-Mesa et al., 

2021; Dasgupta et al., 2022; Diaconu et al., 2022). The precipitation used in this study is the 

Global Precipitation Measurement (GPM) v6 product coming from NASA GES DISC at NASA 

Goddard Space Flight Center with a recording frequency of every half an hour, a spatial 

resolution of 11,132 meters (about 0.1 degree), and worldwide coverage. Specifically, the 

calibrated snapshot precipitation (precipitationCal) is selected. We created five aggregations for 

the precipitation that occurred prior to the SAR capture date, namely, total precipitation over 24 

hours, 25–48 hours, 49–72 hours, 73–120 hours, and 121–168 hours prior to the SAR capture 

timestamp. Here, the last two layers are aggregated over 48 hours instead of 24 hours because it 

is common that in hydro-science field, the current status is more sensitive to previous status or 

trigging factors that are temporally closer to the current one. We, therefore, believe it is 

acceptable to apply a coarse temporal aggregation scale for inputs that are further away from the 

current status. Admittedly, changing the temporal scales for precipitation aggregation could 

bring some uncertainties to the results, but this is an issue that is worth conducting an 

independent study on and thus falls outside the scope of the current work. These five 

accumulative precipitation layers will be referred to as L3 to L7. 

We found that the practice of aggregating precipitation by day (Requena-Mesa et al., 2021; 

Diaconu et al., 2022) is problematic for SAR image synthesis. This is because ESA SAR images 

are usually captured within a short period of time and could happen very early in the morning, 



such as at 12 a.m. In such cases, the majority of the precipitation on that specific day falls after 

the sensor finished capturing images, implying that the majority of the total precipitation on that 

day should be considered future data and should not be used to describe ground characteristics 

that occurred earlier. 

The soil moisture data comes from the NASA-USDA enhanced SMAP dataset. This dataset 

comes with an averaged 3-day revisit frequency and a spatial resolution of 10 km. Specifically, 

the surface soil moisture (SSM) layer is selected. For this study, we consider the meteorological 

inputs recorded no longer than seven days before the date the SAR image is captured, leading to 

two soil moisture layers. These two records will be referred to as L8 and L9, with L9 being the 

most recent record. The meteorological layers will be interpolated using ordinary kriging to 

match the spatial resolution of SAR images. Table 1 summarizes all of the datasets and pre-

processes used in this study. 

 

Table 1. Summary of geo-morphic, meteorological datasets, and SAR images used in this study 

Item 
Reference in 

this study 

Spatial 

Resolution 

Temporal 

Resolution 
Pre-Processing 

Data 

Availability 

HAND L1 10 m - 
Mosaic, Clip, Pixel 

align 

NFIE Data  

Repository 

Land Cover L2 10 m - 
Mosaic, Clip, Pixel 

align 
GEE 

Precipitation L3 to L7 0.1 degree Every 30 min 
Sum, Clip, Pixel 

align, Interpolation 
GEE 

Soil Moisture  L8 and L9 10,000 m Every ~3 days 
Clip, Interpolation, 

Pixel align 
GEE 

SAR Images L10 10 m 
Every 12 days for 

each satellite 

Remove speckle 

noise 
GEE 

 

In addition to the listed pre-processing steps, all data layers with a different geo-projection 

will be converted into WGS84. After we stacked all the layers from the above sources together, 

we sliced those big multi-layer images into 256-by-256-pixel patches. Earth surface observations 

such as SAR images can be highly unbalanced in terms of the numbers of water body pixels and 

hillslope pixels (constantly dry pixels) (Zheng et al., 2020; Bai et al., 2021). To avoid wasting 

time and resources on predicting dry pixels on which there will be limited changes in 

backscatters regardless of weather conditions, we did a final filtering to remove patches without 

noticeable water bodies inside using the land cover feature. After all those processes and 

filtering, we obtained 11,601 eleven-layer 256-by-256-pixel image patches, among which one 

layer will be the target image and will not be used directly as input. We then split those patches 

into training, validation, and test sets with a 7:2:1 ratio. 



3. Model Implementation 

The forecasting framework in this study is created with a modified MA-Net with ResNet50 as 

the backbone. MA-Net is introduced by Fan et al., (2020). It adopts the basic structure of U-Net 

introduced by Ronneberger et al., (2015) but is implemented with a self-attention mechanism to 

integrate the local features of input with the global dependencies to achieve higher accuracy for 

liver and tumor segmentation. The model structure is shown in Figure 2.  

 

 
Figure 2. The model structure of the MA-SARNet proposed in this study 

 

The Position-wise Attention Block (PAB) and Multi-Scale Fusion Attention Block (MFAB) 

depicted in Figure 2 have almost identical structures to the MFAB and PAB modules introduced 

in the original MA-Net paper by Fan et al., (2020). We merely modified the channel numbers of 

the convolution layers of those two modules to fit our image dimension. Readers are encouraged 

to check the original MA-Net paper for details of the PAB and MFAB modules. 

With respect to the selection of model structure, we compared a few state-of-the-art deep 

learning structures (i.e., DeepLab, EfficientNet, U-Net, and MA-Net), and backbones (i.e., 

MobileNet and ResNet) to help us decide on the most optimal model for this study. The 

combination of the MA-Net structure and the ResNet50 backbone provided us with the best 

performance at a reasonable running time and computational requirements. Since the focus of 

this study is not to compare different deep learning model structures, we will not elaborate on 

model selection in this paper. 

The entire framework was implemented using PyTorch and trained on four Tesla K80 GPUs. 

We adopted an initial learning rate of 5E-4, a batch size of 64 patches, and an Adam optimizer 

with the two beta parameters being 0.9 and 0.98, respectively. We also set a learning rate 

scheduler to gradually decrease the learning rate when the performance plateaued. As the loss 

function calculated with Eq. 1, we used a combination of mean absolute error (MAE) and (1 - 

Nash-Sutcliffe efficiency (NSE)).  

 

𝐿𝑜𝑠𝑠𝐹𝑁 = 0.5 × 𝑀𝐴𝐸 + 0.5 × (1 − 𝑁𝑆𝐸) (1) 



4. Results and Discussion 

4.1. Evaluation Indices and Benchmark Performance 

As mentioned in the previous section, our model uses 10 input layers containing physical 

information to predict the VV band of backscatters for SAR images. Because the predictions and 

target values are numbers rather than categorical variables, it is unlikely that those values will 

exactly match every digit. Therefore, we adopted MAE, NSE, and Sinkhorn Divergences (SD) to 

measure the similarity between predictions and target values. MAE is a scale-dependent 

accuracy index that measures the average difference among prediction-target pairs. MAE varies 

between 0 and positive infinity, where 0 means no error/difference. MAE (Eq. 2) is calculated as: 

 

𝑀𝐴𝐸 =  
∑ |𝑝𝑟𝑒𝑑𝑖 − 𝑜𝑏𝑠𝑖|

𝑛
𝑖=1

𝑛
(2) 

 

NSE indicates the predictive skill of a model by measuring the relative magnitude of the 

residual variance against the measured data variance (Nash and Sutcliffe 1970). The NSE ranges 

between -infinity and 1, where 1 means a perfect match, 0 means the quality of predictions is 

equal to simply taking the mean of the observations, and less than 0 means predictions are even 

worse than the mean value. NSE (Eq. 3) is calculated as below: 

 

𝑁𝑆𝐸 = 1 −
∑ (𝑝𝑟𝑒𝑑𝑖 − 𝑜𝑏𝑠𝑖)

2𝑛
𝑖=1

∑ (𝑜𝑏𝑠𝑖 − 𝑜𝑏𝑠̅̅ ̅̅ ̅)
2𝑛

𝑖=1

(3) 

 

SD measures the geometric divergences between the predicted and target images, with a 

focus on the similarity between the predicted and target probability distributions. Similar to 

Wasserstein distance (Earth Mover’s Distance), SD measures how difficult it is to convert one 

distribution to another but is more computationally efficient. SD is defined as: 

 

SD(𝑝𝑟𝑒𝑑, 𝑜𝑏𝑠) = OT −
1

2
OT(𝑝𝑟𝑒𝑑, 𝑝𝑟𝑒𝑑) −

1

2
OT(𝑜𝑏𝑠, 𝑜𝑏𝑠) (4) 

 

OT is the Optimal Transport problem with entropic regularization defined by Oneto et al., 

(2020). SD is a nonnegative value. The smaller the SD is, the more similar the predictions are to 

the observations. In this study, we adopted the implementation of the GeomLoss library to 

calculate SD. Because the above three evaluation indices are not on the same scale and focus on 

different aspects of model performance, we develop an assemble accuracy index (AAI) that takes 

them all into account to facilitate comparison. AAI is calculated as: 

 

𝐴𝐴𝐼 =  
1

1 + 𝑀𝐴𝐸
+

1

1 + 𝑆𝐷
+ 𝑁𝑆𝐸 (5) 

 



Since MAE and SD are both nonnegative figures that vary among [0, +∞), the first two 

terms to the right-hand side of Eq. (5) will be projected to the range of (0, 1], where 1 is the best 

possible matching scenario for both. Given that the higher the better also applies to the third 

component of the right-hand side of Eq. 4, a higher AAI will indicate a better match between 

predictions and observations. Note that the way we create AAI makes it sensitive to changes in 

NSE. Therefore, although NSE can vary over a larger range, it will be well reflected in AAI. For 

result visualization purposes, we will display both NSE and AAI, as the former is a major 

component of AAI. But it is good to keep in mind that when we compare results quantitatively, 

we will only consider AAI. 

Due to the shortage of relevant studies, we constructed the benchmark performance with the 

temporal persistence assumption—current backscatter values equal the temporally nearest 

previous backscatter values. We compute all the above-mentioned evaluation indices by taking 

the previous backscatter values as predictions and will use those values as the benchmark 

performance to evaluate the model’s performance and robustness. Persistence was proven to be a 

simple but powerful assumption in streamflow forecasting tasks (Krajewski et al., 2021) and has 

been adopted in some recent works in image synthesis tasks (Diaconu et al., 2022; Sit et al., 

2022) to create benchmark performance as well. 

 

4.2. Synthesized SAR-Image and Corresponding Flood Extent 

Figure 3 shows the box plot of AAI and NSE on the test set predicted with the benchmark 

method and model. Each circle represents the AAI or NSE value of an image patch. The model 

performance is achieved by inputting a combination of HAND (L1), land cover (L2), all 

precipitation layers except for the last one (L3-L6), the soil moisture information collected 

between four and seven days ahead of the SAR capture date (L8), and the previous VV band of 

SAR (L10). This is the best combination we found out of all the possible input layer 

combinations we tested (also see the results in the following subsection).The mean and median 

values of NSE generated with the benchmark method with the persistence assumption fell into 

categories of "satisfactory" and "good," respectively, according to the performance rating for 

NSE introduced by Moriasi et al., (2007). Although that performance rating was concluded from 

time series analyses with a monthly time step, it still provides readers with a basic idea about the 

prediction power of the model and benchmark method, given the absence of the corresponding 

performance rating for this specific topic. 

Figure 3 also shows that our model greatly improved prediction quality compared to the 

benchmark performance. More specifically, the mean values of AAI and NSE increased by 

31.9% and 37.9%, respectively, and the median values of those two indexes increased by 17.8% 

and 15.1%. The improvement indicates that even though pixels on the previous and current 

satellite images shared a lot of similarities, taking into account meteorological and geomorphic 

inputs will still provide additional useful information that will further improve prediction quality. 

In addition to the increases in the mean and median values, the AAI and NSE data points showed 

that predictions considering meteorological and geomorphic factors were less spread out. In 



other words, those additional data helped correct cases (image patches) where there are major 

pixel-level divergences in backscatter between the previous and the current scene and therefore 

reduced the performance variation among different cases. 

 

 
Figure 3. The box plot of AAI and NSE of predictions and the benchmark on the test set 

 

Figure 4 shows the real SAR image backscatter of the VV band (VV_Label), the 

corresponding predictions by the model (VV_Pred) on the test set, the flood extent derived from 

VV_Label using Otsu’s thresholding method (Extent_Label), the flood extent derived from the 

predicted VV backscatters (Extent_Pred) using the same thresholding method, and two 

additional flood extent maps. The Extent_NASA column was generated by NASA's Marshall 

Space Flight Center (MSFC), and the Extent_FAC maps were created by Yang et al., (2021) as 

an open access SAR-based flood extent archive. 

Comparing the target images and the predictions, the model successfully predicted all 

structural characteristics shown on the label image, even in cases where structures are quite 

complex, such as scenes #3 and #5. In addition, pixel groups with significant backscatter 

divergence from adjacent pixels, such as the bottom bright part on scene #4, are well preserved 

in predictions. The visual comparison between the flood extent extracted from the target and the 

predicted image and the comparison between the extracted flood extent and those from the other 

two data sources also confirmed the efficacy of our model, as the structure and overall shape of 

Extent_Pred are comparable to those of the other three flood extent columns. We also noticed 

that, compared to the target image, the prediction, in general, looks a little blurry, especially in 

dry areas (light gray areas) in scenes #1, #2, and #4, and is less noisy. This means each pixel on 

the prediction has a smaller difference in values from its neighboring pixels, whereas the value 



difference between neighboring pixels is more significant on the target image. We believe this is 

attributable to two main factors: first, the meteorological data layers are downscaled products 

from a very coarse original resolution. Therefore, even though the kriging interpolation increased 

their spatial resolution to match that of the SAR pixels, they are still less rich in terms of the 

details carried by each pixel and thus make the prediction less detailed compared to the target 

image. Secondly, the convolution and pooling processes, especially when they involve changes 

in the size of image patches, may also remove some of the details from the input layers and 

therefore create a slight blurring effect on the prediction. 

 

 
Figure 4. The target and prediction of the VV band of SAR images (first two columns), 

corresponding flood extents derived using the Otsu thresholding method (two columns in the 

middle), and two flood extent map archives created by other researchers (last two columns) 

 

In most geospatial analyses and water resources applications, such as land-use-land-cover 

classifications and flood extent extractions, we care more about pixel clusters and how those 

clusters are different from each other than focusing on the characteristics of single pixels. 



Moreover, we tend to treat isolated pixels that behave differently compared to their neighbors as 

abnormal pixels or noise and often want to correct the classes (i.e., flood or dry) of those isolated 

pixels using the neighboring dominant class (Liang and Liu 2020; Zhang et al., 2020). With that 

in mind, we believe the moderate blurring effect of the model is favorable. As shown in Figure 4, 

the predicted flood extent (Extent_Pred) avoided some noisy mispredictions generated with the 

target image, such as those isolated flood pixels inside white boxes in scenes #2 and #4. 

Furthermore, removing speckle noise is a necessary preprocessing step when dealing with SAR 

images, with the goal of also adjusting the pixel values using adjacent values to reduce the 

difference between neighboring pixels. The speckle noise removal step will also create a blurry 

effect on images, which is very inevitable and widely accepted. Given the above reasoning, we 

believe the slightly blurry effect in predicted images is not very concerning. 

 

4.3. Model Performance with Different Input Combinations  

Table 2 shows the model's performance with different combinations of input layers. L1 and L2 

are the HAND, and the land cover map, respectively. L3–7 are the five layers of accumulative 

precipitation (0–24 hours, 25–48 hours, 49–72 hours, 73–120 hours, and 121–168 hours prior to 

the SAR capture timestamp). L8 and 9 are the two soil moisture products collected no longer 

than seven days prior to the date for which we predict the SAR image. L10 is the previous SAR 

image of the same position that is closest in time. We just showed a part rather than the entire 

configuration collection we tested to reduce information redundancy. 

 

Table 2. Model performance with different combinations of input layers (displaying examples 

from all configurations tested). The best input combination and results are marked in gray. 

Item 
MAE 

Mean 

MAE 

Median 

SD 

Mean 

SD 

Median 

NSE 

Mean 

NSE 

Median 

AAI 

Mean 

AAI 

Median 

L12345678910 1.57 1.43 622.38 436.22 0.79 0.85 1.19 1.26 

L1234567910 1.67 1.49 1046.88 479.60 0.59 0.83 0.98 1.23 

L1234567810 1.59 1.43 627.93 443.49 0.79 0.84 1.19 1.25 

L123456810 1.58 1.43 615.32 432.40 0.80 0.84 1.20 1.26 

L1234568 2.01 1.79 975.27 693.02 0.67 0.75 1.02 1.10 

L10 1.74 1.55 764.09 521.08 0.74 0.73 1.12 1.22 

Benchmark 2.20 1.93 1164.58 833.26 0.58 0.73 0.91 1.07 

 

Here, we adopted the idea of reduced error pruning (Esposito et al., 1999), which is similar to 

the backward selection introduced by Halinski and Feldt (1970). We started with all ten variables 

(layers), trained the model, and checked its performance on the test set. If removing a layer does 

not significantly reduce the predicting power of the model, then the layer will be removed. We 

repeated this process until no more layers could be removed. The optimal combination of inputs 

(L123456810) is shown in Table 2, shaded with light gray. 



Comparing the first three rows in Table 2, it is obvious that the soil moisture information that 

is temporally closer to the SAR capture date, namely L9, brings less improvement compared to 

the further one, namely L8. When L8 is removed, a noticeable drop in model performance 

occurs. By contrast, removing L9 only leads to nuance. Similar to the case of L9, we noticed that 

removing the layer of the accumulative precipitation (L7) over 121–168 hours prior to the SAR 

capture timestamp only leads to a trivial difference. Those results indicate that among all the 

precipitation involved, the temporally closer precipitation is more influential compared to the 

further away one. On the contrary, for soil moisture information, the temporally further away one 

has a stronger impact compared to the closer one. The efficacy of the combination of closer 

precipitation and further away soil moisture may also be the reason that L7 and L9 are 

unnecessary, as the contributing information of L7 may already be contained in the further away 

soil moisture layer, and the closer precipitation information also describes the closer soil 

condition well enough. 

The comparison between the last four rows confirmed the forecasting power of the model if 

it is trained with appropriate inputs. We noticed that if we remove the layer of the previous SAR 

from the input, the performance will drop significantly. This is because although meteorological 

and geomorphic factors are driving forces for the backscatter values of SAR images, backscatter 

values are mostly determined by surface characteristics, such as surface roughness, that are 

independent of or less likely to be influenced by those factors. In other words, the base tone of 

the backscatter value can be considered independent of meteorological and geomorphic factors 

and is carried only in the previous SAR image layer among all input layers considered in this 

study. Although the land cover layer is a strong representative of the surface characteristics, it 

indicates more about the clustering of adjacent pixels than every single pixel. In addition, the 

classifications of the land cover layer are human interpretations involving other social factors 

that may not be consistent with real natural phenomena, such as distinguishing between 

grassland and crop fields. The same applies to HAND map data. Although HAND mapping is a 

strong indicator of water and non-water clusters, its value, especially for hillslope pixels, is 

determined more by the distance between a pixel and the drainage channel than the surface 

characteristics. Similarly, training with only the previous backscatters will not bring a better 

result than in the case where geomorphic, meteorologic, and previous backscatters all come into 

play. 

 

4.4. Robustness Tests 

Figure 5 demonstrates the model’s generalization power on scenes that it has not seen before in 

the training-validation-test division. Table 3 lists the corresponding quantitative summary. 

Notice that, in this section, the discussion will be all about the performance of the best model 

configuration (L123456810) found in the previous section. 

As shown in Figure 5 and Table 3, the model achieved better performance as measured by all 

four evaluation indices in all four scenes compared to the benchmark performance. The average 

improvement in the mean and median AAI for the two temporal test scenes is 9.0% and 7.2% (52 



FC) and is 8.0% and 6.3% (8814). For the two temporal cases, the mean and median AAI are 

14.1% and 12.6% (086E) and 9.0% and 7.2% (1544) for the two spatial test scenes. The 

performance enhancement of AAI for all four robustness scenarios is lower compared to the 

increase on the test set, where an increase of 31.9% (mean AAI) and 17.8% (median AAI) is 

achieved. This indicates that the model has successfully learned the mathematical relationship 

between input-output pairs during the training stage but did not overfit it. If the opposite 

happens, where the model performs better on scenes it has never seen before (either temporally 

or spatially) than on scenes with patterns it should already be familiar with from the training 

stage, then chances are there is something wrong with the model setup or training process. 

 

 
Figure 5. Box plots of model performance in terms of NSE and AAI in the four robustness test 

scenes 

 

Table 3. Summary of the model’s generalization power in the four scenes from robustness test 

Image 

No. 
Item 

MAE 

Mean 

MAE 

Median 

SD 

Mean 

SD 

Median 

NSE 

Mean 

NSE 

Median 

AAI 

Mean 

AAI 

Median 

086E 
Prediction 1.76 1.55 686.13 531.03 0.67 0.76 1.05 1.16 

Benchmark 1.92 1.78 869.54 674.30 0.57 0.68 0.92 1.03 

1544 
Prediction 2.06 1.85 1014.10 761.40 0.75 0.82 1.09 1.18 

Benchmark 2.19 2.05 1125.58 892.17 0.67 0.77 1.00 1.10 

52FC 
Prediction 1.80 1.63 788.76 584.40 0.73 0.82 1.10 1.19 

Benchmark 2.02 1.78 966.33 658.70 0.66 0.75 1.01 1.11 

8814 
Prediction 1.95 1.80 926.33 697.20 0.73 0.80 1.08 1.16 

Benchmark 2.13 1.92 1088.26 814.18 0.67 0.76 1.00 1.11 

 

Similar to what we saw in Figure 4, the flood extent derived from the predicted image 

avoided mismatches caused by noisy pixels, which occurred not only as false positive predictions 

(flooded pixels in locations where no flood was observed), such as those inside the white box on 

scene #4, but also as false negative predictions (dry pixels in locations where flood occurred), 

such as those inside the white box on scene #1. Normally, qualitative and quantitative factors, 



including connectivity, should be taken into consideration when deciding whether a pixel is a 

false positive or false negative. Here, we are just judging them with a combination of visual 

connectivity, common sense (for instance, it is unlikely that there are that many isolated dry 

pixels in a real river segment as shown in the last figure in scene #1), and by comparing them 

with maps from the other sources. We saw that there were also some imperfections on the maps 

generated by NASA (i.e., the Extent_NASA of scene #3 in Figure 4 and the Extent_NASA of 

scene #2 in Figure 5) and on those provided by FAC (i.e., the Extent_FAC of scene #1 in Figure 

5). Given that those flood maps in the last two columns are already the most trustworthy SAR-

based flood map sources the authors can find, as they either come from the US federal research 

institution or have been evaluated against flood maps generated by other federal institutions (i.e., 

USGS) and have reported substantial agreements (Yang et al., 2021), the discrepancy between 

these two map sources in some scenes demonstrated the difficulty of flood extraction based on 

SAR and therefore further demonstrated the accuracy and predicting power of our model. 

 

 
Figure 6. Examples of the target and prediction of the VV band of SAR from robustness testing 

cases, corresponding flood extents derived using the Otsu thresholding method, and the two 

columns of flood extent maps from NASA’s MSFC and FAC  

 

 



5. Uncertainty and Parameter Sensitivity Analysis 

5.1. Input Downscaling Using Spatial Interpolation 

The uncertainty of this study mainly comes from the downscaling process used to match the 

coarse meteorological data layers to the high-resolution SAR images. Currently, the most widely 

studied downscaling techniques are statistical and dynamical. Dynamical downscaling 

approaches require regional climate models (RCMs) or weather models to compute high-

resolution meteorological layers by simulating physical processes (Sharifi et al., 2019). Whereas 

statistical approaches derive high-resolution data layers using the relationship between the 

dependent datasets and auxiliary data layers such as vegetation and topography indexes (López 

López et al., 2018). Although those two approaches may be more accurate compared to other 

methods, they require huge computational resources and data dependencies, which often makes 

them impractical for data-driven applications such as those using deep learning models, 

especially those that need to downscale daily data, such as our study. 

More specifically, in our study, each eleven-layer image stack includes seven meteorological 

data layers (five precipitation and two soil moisture layers), which leads to a requirement of at 

least 238 (34 images in total) 10-m resolution auxiliary datasets assuming the usage of one 

auxiliary layer for each coarse meteorological layer we try to downscale to build the regression 

relationship with. If the auxiliary data are coarser than the SAR images, extra interpolation will 

still be needed. In most cases, more than one auxiliary data layer is needed for downscaling one 

coarse meteorological input, and those auxiliary data themselves can be secondary products that 

need to be derived from other datasets. Given that, although it could be less accurate to simply 

derive the finer-resolution data layer using geo-interpolation, it keeps a better balance between 

the computational cost and performance for large-scale applications using deep learning models 

such as ours. Another widely used input downscaling approach for applications with deep 

learning models is resampling (Sharifi et al., 2019; Requena-Mesa et al., 2021; Dasgupta et al., 

2022). 

 

5.2. Inconsistent between Input Layers 

Another uncertainty source is the data inconsistency between geomorphic input layers. Although 

each data layer involved in this study comes from trustworthy institutions and agencies and is 

widely documented in the literature (Friedl et al., 2022; Wang, Yang, et al., 2022; Garousi-

Nejad, 2022), it is still inevitable that there can be minor inconsistencies between those layers as 

they are created independently following separate data processing protocols with different 

software and data dependencies collected in different conditions and times. We manually 

checked the data consistency before feeding it into the forecasting workflow to ensure that 

different data layers are spatially consistent, but we did find some cases where there are 

discrepancies between those layers. Figure 7 shows the HAND and the land cover map for the 

same location. 

As shown in Figure 7 in the red circle, there are some mismatches between HAND and the 

land cover map. For the open water area on the land cover map, the water surface must be 



present for the majority of the year in order to be classified as open water rather than any other 

class. By contrast, the HAND values for the bright pixels inside the red circle vary between 4 

and 10 meters, meaning those pixels are at least 4 meters above the stream pixels (river channel 

pixels) and therefore are not considered channel pixels, meaning they are less likely to be under 

water for a long time, according to the HAND map. Fortunately, these inconsistencies just 

occurred in a very small number of samples. 

 

 
Figure 7. A case where the geomorphic layers show noticeable inconsistency 

 

While it seems like a reasonable practice to pick one as a reference and force the other to 

align with it, it brings two additional issues. First, using either the land cover or the HAND as a 

reference will introduce selection bias into the results. Moreover, pixels on the land cover map 

are categorical, while they are numerical on the HAND map. Therefore, it will add extra 

uncertainty to the results if we try to speculate on HAND values based on their land cover 

classifications or try to categorize pixels into different land cover classes based on their HAND 

values. Given the preceding reasoning, as well as the limited number of pixels of disagreement, 

neither the land cover map nor the HAND map were modified. 



5.3. Variation in Model Performance Due to Artificial Changes in Precipitation and Soil 

Moisture Layers 

Table 4 shows model performance with an artificial increase or decrease of 10% for the four 

precipitation and one soil moisture layer of the best input combination of L123456810. We first 

noticed that the median of NSE is quite stable throughout all configurations. Besides that, the 

only case that brought a tiny performance increase for some other evaluating matrices is the one 

with L4 decreasing by 10%, whereas all the other variations led to either almost equal or slightly 

worse performance. Comparing the two variations for the same input layers (±10% cases for the 

same layer), we see that the performance is more sensitive to input increases than decreases. 

Moreover, each evaluating index reacts differently to the same change. For instance, the median 

value of NSE does not change as much as the mean of NSE does. The same applies to SD. 

Whereas MAE is more complicated, the mean value sometimes gets more volatile than the 

median, while the opposite also happens in other cases. Last but not least, increasing L6 by 10% 

brings the most significant changes in model performance compared to all the other cases, 

followed by increasing L4 by 10%. 

 

Table 4. Model performance with 10% variation of precipitation input. The one without input 

variations is shaded in light gray. 

Item MAE 

mean 

MAE 

median 

SD 

mean 

SD 

median 

NSE 

mean 

NSE 

median 

AAI 

mean 

AAI 

median 

L123456810 1.58 1.43 615.32 432.40 0.80 0.84 1.20 1.26 

L3+10% 1.59 1.45 632.75 445.54 0.79 0.84 1.19 1.26 

L3-10% 1.59 1.43 630.40 439.88 0.79 0.85 1.19 1.26 

L4+10% 1.59 1.45 762.58 455.58 0.74 0.85 1.14 1.25 

L4-10% 1.56 1.42 614.24 431.35 0.79 0.84 1.20 1.26 

L5+10% 1.60 1.46 664.02 460.18 0.77 0.84 1.17 1.25 

L5-10% 1.60 1.43 646.86 445.11 0.78 0.85 1.18 1.26 

L6+10% 1.64 1.48 1,095.11 471.23 0.65 0.84 1.04 1.24 

L6-10% 1.58 1.44 717.67 448.10 0.76 0.84 1.16 1.26 

L8+10% 1.59 1.43 755.87 443.70 0.75 0.84 1.15 1.25 

L8-10% 1.58 1.43 620.57 435.10 0.79 0.84 1.19 1.25 

 

6. Conclusion 

In this study, we proposed MA-SARNet, a one-shot SAR image forecasting framework built 

with a modified MA-Net, to predict pixel-level backscatter values of SAR images in response to 

meteorological and geomorphic driving forces. The model performance was evaluated against 

the benchmark performance created with the temporal persistence assumption and was compared 

against the label image, label water extent, and two independently validated flood maps. 

Visual comparisons showed that the predicted backscatter values not only got all structural 

characteristics and shapes correct but also maintained pixel groups that showed significant 



backscatter divergence from adjacent pixels. The model demonstrated stable performance even 

with cases containing complex structures and shapes. In addition, there were fewer noise pixels 

on the predicted image compared to the label image, which can, therefore, improve the 

robustness of the derived flood extent against mismatches caused by pixel-level noise. More 

specifically, it helps reduce the number of misclassified dry pixels (false negatives) as well as 

incorrect water pixels (false positives) compared to the extent derived from the target image and 

the other two flood extent map references. 

Results suggested that the best combination of input layers consists of HAND, land cover, 

accumulative precipitation layers summed over 0–24 hours, 25–48 hours, 49–72 hours, and 73–

120 hours prior to the timestamp, the soil moisture conditions within four to seven days before 

the SAR capture date, and the most recent previous SAR layer. The result also indicates that 

SAR contains surface characteristic details that are not included in geomorphic and 

meteorological layers, and vice versa. Therefore, removing the previous SAR image will cause a 

noticeable drop in model performance. Similarly, using only the previous SAR image for 

training will lead to worse performance. The model’s spatial and temporal generalization power 

was tested using four images saved separately from the training, validation, and test sets, and the 

model showed satisfying generalization power compared to the benchmark in both the spatial 

and temporal testing cases. 

The uncertainty of the predictions mainly comes from the downscaling process to match the 

resolution of the meteorological input layers with the high-resolution SAR image bands and 

other geomorphic layers. Another source of uncertainty is the inconsistency between data layers. 

Currently, the model does not consider inputs related to snow cover or snow melt conditions and 

thus may not perform well when snow melt dominates the flooding process. Sensitivity analysis 

showed that, given ±10% variations in the meteorological factors involved in this study, model 

performance is more sensitive to an increase in input than a decrease. Overall, the model 

performed slightly worse with input variations, regardless of whether they were increasing or 

decreasing. The results also indicated that variations in certain input layers, such as L4 and L6, 

are more influential on model performance compared to other layers. However, further 

investigation is needed to understand the underlying reason and whether it applies to other 

regions. 

Overall, the proposed one-shot forecasting model is not constrained to SAR backscatter 

predictions but is applicable to other remotely sensed imagery, such as optical images (i.e., 

Landsat products and Sentinel-2 images). This model only requires a few publicly accessible 

meteorological and geomorphic layers and the previous SAR as input, which therefore makes the 

forecasting framework easily applicable to other regions around the world. The generalization 

power shown by the robustness test demonstrates the potential of this model for usage scenarios 

including large-scale real-time earth surface predictions that will aid in fast response and 

mitigation tasks against future floods. 
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