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Abstract

Data-driven models for water body extraction have experienced accelerated growth in recent years, thanks
to advances in processing techniques and computational resources, as well as improved data availability.
In this study, we modified the standard U-Net, a convolutional neural network (CNN) method, to extract
water bodies from scenes captured from Sentinel-1 satellites of selected areas during the 2019 Central US
flooding. We compared the results to several benchmark models, including the standard U-Net and
ResNet50, an advanced thresholding method, Bmax Otsu, and a recently introduced flood inundation map
archive. Then, we looked at how data input types, input resolution, and using pre-trained weights affect
the model performance. We adopted a three-category classification frame to test whether and how
permanent water and flood pixels behave differently. Most of the data in this study were gathered and pre-
processed utilizing the open access Google Earth Engine (GEE) cloud platform. According to the results,
the adjusted U-Net outperformed all other benchmark models and datasets. Adding a slope layer enhances
model performance with the 30m input data compared to training the model on only VV and VH bands of
SAR images. Adding DEM and Height Above Nearest Drainage (HAND) model data layer improved
performance for models trained on 10m datasets. The results also suggested that CNN-based semantic
segmentation may fail to correctly classify pixels around narrow river channels. Furthermore, our findings
revealed that it is necessary to differentiate permanent water and flood pixels because they behave
differently. Finally, the results indicated that using pre-trained weights from a coarse dataset can
significantly minimize initial training loss on finer datasets and speed up convergence.
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1. Introduction

Accurate flood maps are one of the most important and fundamental resources that aid operations during
floods, such as rescue and evacuation (Benoudjit & Guida, 2019; Gebrehiwot & Hashemi-Beni, 2020),
decision making (Ewing & Demir, 2021; Teague et al., 2021), and serve as the foundation for many
secondary analyses, such as flood risk and loss analysis (Alabbad et al., 2021, 2022; Yildirim & Demir,
2021). High-quality data is one requirement for developing reliable flood extent predictions. Ground-
based stream gauges, hydrometric stations, and field observations have traditionally been used as key data
sources for flood simulation. However, many traditional data collection systems face challenges such as
the high cost and labor required to maintain existing stations and keep up with the rapid needs for creating
new data that matches the pace of other changes such as land use change (Muste et al., 2017; Pike et al.,
2019; WMO, 2015). Among all prospective developments that may increase data availability in the
future, two components stand out, notably, crowd-sourced data and remotely sensed imagery (Mignot &
Dewals, 2022; Mishra et al., 2022). Although both can cover a large area rapidly, remotely sensed
imagery has a significant advantage in terms of data accuracy and temporal and spatial consistency.
Furthermore, remote sensing data can be utilized to generate new data, such as super-resolution DEMs
(Demiray et al., 2021) and new satellite-based river imagery (Gautam et al., 2022). Additionally, remotely
sensed data can provide estimates, such as precipitation (Seo et al., 2019) and sedimentation movements
(Xu, Demir, et al., 2019; Xu, Muste, et al., 2019), that are hard to collect using other approaches. Previous
research has demonstrated the utility of images captured by remote optical sensors such as Landsat,
Sentinel-2, WorldView, and the Moderate Resolution Imaging Spectroradiometer (MODIS) in global
forest canopy height measurement, agricultural detection and measurements, fire detection, Land Cover
and Land Use (LULC) classification, and water body extraction (Abdi, 2020, Cheng et al., 2020, Jiang et
al., 2021, Potapov et al., 2021). Although widely used in many aspects, optical images can be less
favorable in water body extraction because one common disadvantage of passive sensors, including the
ones mentioned above, is that they require a clear view with adequate illumination, which limits their
applications during nights and in scenes where cloud is dominant (Yan et al., 2015).

Synthetic Aperture Radar (SAR) sensors, by contrast, are active sensors that capture signals sent out
by the sensor itself, allowing them to work day and night and penetrate cloud coverage. Currently, the
most widely utilized SAR data come from the European Space Agency's (ESA) Sentinel-1 satellite
(Markert et al., 2020). SAR-based inundation mapping approaches can be divided into visual
interpretation and digitization, threshold-based methods, change detection, supervised and unsupervised
classifications, region expanding algorithms, and object-oriented image analysis techniques (Manavalan,
2017). Significant progress has been made in most of the aforementioned categories throughout the years
(Lietal., 2018; Lu et al., 2014; Tiwari et al., 2020; Ye et al., 2021) as a result of improved data storing
and processing techniques and data availability. Water extent extraction using machine learning (ML) and
deep learning (DL) algorithms has experienced explosive growth in recent years (Yu Bai et al., 2022;
Mishra et al., 2022; Sit, Demiray, et al., 2021; Xiang et al., 2021) in various application scenarios such as
delineating wetland areas (Salehi et al., 2018), monitoring spatial-temporal changes (Ksenak et al., 2022),
long-term change detection (Zhang et al., 2020), agricultural field mapping (T. Hu et al., 2021).

Although prior research obtained promising results utilizing ML and DL algorithms, many of them
shared a similar issue that undermined the reliability of the results: a lack of comparison with enough
benchmark datasets (Demir et al., 2022; Sit et al., 2021) and a lack of comparison with state-of-the-art
benchmark models (Krajewski et al., 2021). For example, some previous studies failed to compare their
results against sufficient models and methods (Tiampo et al., 2021; Xu et al., 2021), and some involve
comparison with methods without considering recent advancements in those methods (Dong et al., 2021,



Katiyar et al., 2021; Wang et al., 2022), such as comparing against the standard Otsu thresholding
algorithm rather than its latest advanced version, and the limited studies that involved comparisons with
existing flood inundation maps created by others for the same area (Bai et al., 2021; Katiyar et al., 2021;
Konapala et al., 2021). Sufficient comparisons are critical for flood inundation mapping using ML/DL
models because, first, given the time and computing resources required by ML/DL models, we may prefer
traditional methods if the performance difference between data-driven models and traditional methods is
not significant. Currently, given that studies including comparison with refined traditional methods are
few, and many of them compared the latest ML/DL model with traditional methods introduced decades
ago without considering current developments in these approaches, their conclusions may be misleading.
Second, the findings of ML/DL models are often highly sensitive to study regions, as evidenced by a
study done by Sadiq et al. (2022) in which the validation results of the same model vary between 0.02 and
0.93 when the study area changes. As a result, multi-sourced benchmark datasets and models are required
for validation before we can ascribe satisfactory outcomes to ML/DL models. Otherwise, the satisfying
result could just be because the study region is easier to classify, implying that it may be possible that a
far simpler strategy can get comparable results. The final issue yet to be adequately addressed is related to
the data utilized for model training. ML/DL models excel at handling huge and complicated datasets. In
contrast, in real-world applications, we may prefer to work with fewer inputs that produce acceptable
outcomes when data availability, model portability, and data acquisition and processing costs are
considered. However, sensitivity analysis on common data used in water extent extraction using ML/DL
models is limited thus far.

To close those gaps, the first goal of this study is to apply a U-Net-based flood extent extraction
framework to the 2019 Central US Flooding event and compare the results with two state-of-the-art DL
models (ResNet50 and standard U-Net) that have been proven efficient in water body extraction. The
results will also be compared with an advanced threshold-based method (Bmax Otsu) proposed in recent
years and with flood extent maps created using the same data and kept in a recently introduced open-
access flood map repository. Furthermore, we investigated the performance sensitivity of common data
utilized in water body extraction, such as the Digit Elevation Model (DEM), slope, and Height Above
Nearest Drainage (HAND), as well as the impact of data resolution and transfer learning.

2. Data and Methodology

2.1 Case Study - 2019 Central US Flooding

The 2019 Central US flooding was caused by a series of flooding events and storms that mostly occurred
along the Missouri River and its tributaries in Nebraska, lowa, Kansas, Missouri, and South Dakota. It
began in the spring of 2019 with a mixture of rapid snow melting after the winter's record-breaking
snowfall and high runoff from rain-on-snow occurrences (Flanagan et al., 2020). Due to the continuous
rainstorms over the spring-summer season, the situation lasted for several months and resulted in an
estimated economic loss of $3 billion, as stated by the Federal Emergency Management Agency in
August 2019 (Flanagan et al., 2020; NASA, n.d.).

2.2 Data Preprocessing

Since the 2019 Central US Flooding was a massive event that lasted for a long time and affected
considerably greater areas across numerous states than most local floods, after reviewing all accessible
reference maps we chose the scenes captured by SAR on 05/22, 06/05, and 06/10, 2019 based on data
coverage and quality. Figure 1 depicts the research area that each SAR image covers.
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Figure 1. The study areas covered by SAR images captured on May 22, June 5 and 10, 2019

Table 1. Description of data used in this study

Item Resolution Collected Date Data Source
Sentinel-1 GRD 10m 05/22/2019, 06/05/2019, ESAG
Imagery (VV+VH) 06/10/2019
NASA SRTM Digital Elevation 30 m
DEM1 30m i (Farr et al., 2007)®
USGS 3DEP National Map Seamless
DEM2 10m ) 1/3 Arc-Second (USGS, n.d.)
Slopel 30m - Derived from DEM1°
Slope2 10m - Derived from DEM2°
Global 30m Height Above the Nearest
HAND Layerl 30m i Drainage (Donchyts et al., 2016)®
Height Above Nearest Drainage
HAND Layer2 10m ) (HAND) for CONUS (Y. Liu, 2018)
Same dates as the 10m Flood Inundation Archive (2016-
Bench Flood Maps 10m Sentinel-1 Imacer 2019) from Sentinel-1 SAR Imagery
gery over CONUS (Yang et al., 2021)
Reference Maps 30m Sa"?e dates as the NASA MSFC
Sentinel-1 Imagery

G: Data that are pulled directly from Google Earth Engine platform

The reference maps used to evaluate model performance are ready-to-use flood extent maps in raster
format created by NASA's Marshall Space Flight Center (MSFC) using data from the ESA Sentinel-1A
satellite. Table 1 summarizes the key data sources used in this study. We selected DEM, slope ,and
HAND layers as geomorphic elements that could potentially improve prediction performance in our work



because they are extensively employed in flood extent extraction (Aristizabal et al., 2020; Bosch et al.,
2020). The HAND layer, like the DEM layer, gives a pixel-level description of the elevation difference
between each pixel on the map and the nearest pixel in the drainage network to which the current pixel
flows. Detailed introduction of the HAND index (Nobre et al., 2011; Rennd et al., 2008), comprehensive
evaluation of HAND (L. et al., 2022), and web-based implementation (Hu & Demir, 2021) are available
in the literature.

Google Earth Engine is a cloud-based platform targeted at supporting planetary-scale geospatial
analysis (Gorelick et al., 2017). Since its introduction, it has substantially facilitated studies that require
massive geo data and long-term environmental monitoring (Amani et al., 2020; Tamiminia et al., 2020).
The two most important factors that made GEE popular in geospatial, hydrologic, and many other
research fields include allowing free access to large-scale high-performance cloud computing resources
and the integration of numerous public remote sensing and geospatial dataset worldwide. Some of the
most frequently used data in GEE catalog are listed in the paper by Gorelick et al. (2017) and the list
continues to increase on a daily basis as new data become available. In this study, we extracted various
datasets from GEE directly, as shown in Table 1, and uploaded other items from local storage to GEE in
TIFF format. The data will then be processed together in GEE, as shown in Figure 2.

__________ 1 - o e e e e e e e = e e = e = = = = = = = =
| 1 . |
I Local Storage I Google Earth Engine |
| : 1 . |
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|
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Figure 2. Data processing between phases in this study

We filtered SAR imagery based on event dates, Interferometric Wide (IW) acquisition mode,
Ascending orbit direction, and resolution (10-m). For further details, readers are encouraged to check the
Sentinel-1 SAR User Guide prepared by ESA for more information. In this study, the target SAR image is



a C-band ground range detected (Sentinel-1 SAR GRD) product with VV and VH bands on the GEE
platform that has already undergone preprocessing steps such as orbit metadata update, ARD border noise
removal, thermal noise removal, radiometric calibration, and terrain correction (Moothedan et al., 2020).
As a result, the only pre-processing step left is to reduce speckle noise and increase coherency, for which
we employed the Refined Lee filter (Lee et al., 2017). Following that, multiple data layers are stacked and
then cut using the SAR image’s scope. Finally, the clipped picture stacks and reference images are sliced
into nonoverlapping patches and exported to local storage in TIFF format.

2.3 Benchmark Models and Dataset of the Study

Ronneberger et al. (2015) introduced U-Net, a deep convolutional neural network, for medical image
semantic segmentation. Because of its precision and ability to deal with small datasets (Yan et al., 2022),
it has been widely employed in several research domains, including remote-sensed image processing (Li
etal., 2021; Zhang et al., 2021). In this study, we adopted the U-Net architecture described by
Ronneberger et al., (2015) with the modification of employing a three-pixel kernel, one-pixel stride, and
one-pixel padding to maintain the height and width of image patches between two consecutive
convolution processes. ResNet is proposed by He et al. (2016) based on the idea of residual learning.
ResNet50 is a ResNet version with 50 layers and 16 residual bottleneck blocks (Loey et al., 2021) and has
also been widely used in studies related to water body extraction (Jain et al., 2020; Quan et al., 2020;
Rambour et al., 2020; Salluri et al., 2020).

The Bmax Otsu algorithm was developed by Markert et al. (2020) as an adaptation of the automated
segmentation-based thresholding method developed by Cao et al. (2019), which provided an iterative
multi-scale selection strategy that addressed the issue where the original Otsu's bimodal assumption was
not valid for the entire study scene. In this study, we refined the water body extracted by Bmax Otsu by
removing pixels with slopes greater than 4°, fewer than 20 adjacent inundation neighbors, a HAND value
greater than 10, and a frequency of occurrence greater than 5 months per year. All of those are common
post-processing steps for threshold-based water extractions (Tsyganskaya et al., 2016; Tsyganskaya et al.,
2018)

High-Resolution Flood Inundation Archive (referred to as FIA hereinafter) was developed by Yang et
al. (2021) that contains nearly the entire Sentinel-1 SAR image archive from January 2016 to December
2019. This archive was created using a near-real-time inundation mapping system called Radar-Produced
Inundation Diary (RAPID) developed by Shen et al. (2019). Yang et al. (2021) compared the inundation
maps of their archive with the USGS Dynamic Surface Water Extent (DSWE) product and reported a
substantial agreement between those two with an overall, user, producer agreements, and CSI of 99.06 %,
87.63%, 91.76%, and 81.23%.

2.4 Model Implementation

We adopted a three-category classification in which each pixel on a map is labeled as non-water,
permanent (known) water, or floodwater. We selected the three-category classification frame rather than a
two-category (water and non-water) classification frame because permanent water features, such as rivers
and lakes, do not naturally distinguish themselves from floodwater. It takes more work to separate them
distinctly, making a three-category classification more reasonable. Another factor to consider is that
predictions for permanent water and flood water behaved differently, as demonstrated by prior studies
that distinguished between permanent and flood water (Bai et al., 2021; Bonafilia et al., 2020; Katiyar et
al., 2021). Therefore, water vs non-water classification will introduce bias into the results.



We combined image patches from the three flooding events and filtered all patches using a 0.1
threshold, which means that only patches with a ratio of water pixels (permanent + flood) over all pixels
greater than 0.1 will be chosen as a sample for the model to train, validate and test. The reason for
filtering image patches is that large-scale satellite images are known to be highly unbalanced for water
body extraction problems (Bai et al., 2021), due to a notably greater number of non-water pixels than
water pixels. This indicates that if image patches are not filtered, a significant amount of computing effort
will be wasted predicting flood conditions for patches where almost all pixels are land or hillslope pixels.
On the other hand, we do not recommend selecting a threshold that is too high as this may result in a too
small sample population with insufficient image patches inside. Table 2 shows the settings for models
with data resolutions of 10 and 30 m. Before settling on the current ones, we experimented with several
hyperparameters such as batch size and epochs. In addition to the elements specified, we used random
crop, horizontal and vertical flip to augment the data in both datasets. For model parameter updates and
evaluation, we employed the Adam optimizer and a Cross-Entropy loss function.

Table 2. Model settings for 10- and 30-m resolution data

Resolution Total Patch Size | Batch Size Epochs Data Division Ratio
(m) Patches (pixels) (patches) (Train:Validation: Test)
10 706 512 by 512 8 20 76:8:16
30 341 256 by 256 16 100 80:10:10

Our framework is built using PyTorch and trained on NVIDIA Titan X GPUs. We adopted the Cross-
validation technique to make the most out of the training and validation sets (Molin et al., 2019). Previous
research has shown that transfer learning can lead to faster convergence, smoother transplantation of a
trained model to new datasets, and improved performance (Huang et al., 2020; Katiyar et al., 2021).
Unlike the common practice of using off-the-shelf models trained by others on not-so-relevant datasets,
we will use our model trained on 30m data as an initial state for training on data with a finer resolution of
10m.

2.5 Prediction Evaluation

Following the common practice of evaluating semantic classification (Bai et al., 2021; Bonafilia et al.,
2020), we evaluated the model performance using mean Intersection over Union (mloU) (averaging loU
of a certain class over all images), F1-score, and Overall Accuracy (OA) (averaging Accuracy over all
images). Since we use a three-category classification, the mloU and F1-score will be calculated for
permanent water and flood water separately. Whereas the calculation of OA taking into account all three
categories together.

lol Intersection between the reference and the model TP Eq. (1)

oU = = .

union of the reference and the model TP+ FP+FN 1

2 X precision X recall TP
Fl = - = 1 Eq (2)
precision + recall TP + = (FP + FN)
2
TP+ TN

Accuracy = Eq.(3)

TP+FP+FN+TN



TP means the number of pixels belonging to the same class on both predicted and reference maps and
TN means the number of pixels that are consistent on the predicted and reference maps but do not belong
to the current category. FP means the number of pixels for which prediction believes they belong to the
current class while they actually do not, and FN means the opposite of FP.

3. Results and Discussion

3.1 Performance Evaluation

Figure 3 illustrates the predicted flood inundation maps from ResNet50, standard U-Net, FIA, Bmax
Otsu, and U-Net with 10-fold cross-validation and a few changed hyperparameters (hence referred to as
adjusted U-Net) as explained in Section 2.4. Except for FIA and Bmax Otsu, all models are trained and
tested using two-band picture patches with VV and VH bands. FIA images are classified maps ready for
comparison. Bmax Otus water extent is calculated using the VV band because previous research has
shown that the VV band is better suited for water extent mapping than the VH band (Agnihotri et al.,
2019; Markert et al., 2020; Tiwari et al., 2020; Twele et al., 2016). The map created with Bmax Otsu
underwent additional post-processing processes, as described in Section 2.3. It is worth noting that FIA
categorizes pixels into only two types: non-water and water. As a result, blue pixels on FIA maps in
Figure 3's last column reflect both flood pixels and permanent water pixels.

As shown in Figure 3, all models correctly predicted the flooding state for most pixels. Comparing
the adjusted U-Net, normal U-Net, and ResNet50, it is clear that adjusted U-Net performs better in terms
of maintaining the boundary shape of items on the map. Whereas the object boundary generated by
ResNet50 is smoother, resulting in a moderate dilatation in water body extent, as demonstrated in scenes
#8, #6, and #4. By contrast, because all of Bmax Otsu's processes are performed directly on the pixel
level without any convolutional processes, it is able to maintain the most details at the pixel level. The
pixel boundaries on Bmax Otsu maps are very sharp compared to the three DL models, allowing it to
capture complex inundation conditions better, such as scene #3, where some isolated permanent water
pixels are surrounded by flooded ones.

Keeping too many details, on the other hand, may make predictions "noisy" where pixels are less
connected to other adjacent pixels in their group, make predictions less robust, and add difficulties in
distinguishing between the two water categories and between permanent water and non-water classes, as
in scene #4 where some permanent water on the right-hand side is misclassified as non-water and in scene
#6 where some permanent water pixels in the meandering river network are misclassified as non-water. It
is difficult to visually compare the FIA result with others because it does not distinguish between
permanent and flood water. Although we can still discern when there appear to be far more water pixels
than the label, as in scenes #6 at the top and #8 in the lower-left corner, or when there appear to be much
less water pixels, as in scene #1. Therefore, a more quantitative comparison is required. The quantitative
performance evaluation of each model/method described in Figure 3 is shown in Table 3.

In the last two rows, the mloU and F1-score values are calculated without distinguishing between
permanent and flood water so that they can be compared to the FIA results. Table 3 shows that the
adjusted U-Net beats all other models and approaches. Except for FIA, we found that flood pixels have
higher mloU and F1-score values than permanent water pixels despite the models we used. Many prior
studies have also revealed a difference in prediction performance between flood and permanent water
(Bai et al., 2021; Bonafilia et al., 2020; Katiyar et al., 2021).
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Figure 3. The inundation extent from three DL models, a thresholding method, and a benchmark dataset.
The blue, red, and gray pixels represent permanent water, flood areas, and dry regions for all model
predictions except for FIA (the last column) where the blue pixels are water bodies combining both

permanent water and flood pixels

We, therefore, believe it is necessary to treat permanent and floodwater as separate classes, not only
because of the inherent difference between them, but also because treating all water pixels as a whole may
result in failure to reflect the actual prediction performance of either class, as shown in Table 3.



Additionally, we discovered that OA values are larger compared to other indices in the same column for
all situations reported in Table 3. We believe this is because accuracy is skewed toward the number of dry
pixels on most SAR images, which is disproportionally big compared to the number of water pixels. As a
result, it necessitates the use of multiple evaluation indices concurrently, to include less biased indexes
such as loU, or to evaluate predictions of water and non-water pixels independently.

Table 3. Quantitative evaluation of models/methods shown in Figure 3

Adjusted U-Net | ResNet50 Standard U-Net Bmax Otsu FIA
mloU (Flood) 0.756 0.579 0.734 0.641 -
mloU (Permanent) 0.667 0.503 0.662 0.631 -
F1-Score (Flood) 0.859 0.730 0.844 0.781 -
F1-Score (Permanent) 0.799 0.667 0.796 0.774 -
OA 0.924 0.851 0.919 0.890 0.924
mloU (Water) 0.832 0.687 0.829 0.638 0.756
F1-Score (Water) 0.908 0.815 0.907 0.779 0.861

Figure 4 depicts the loss and accuracy curves for the standard (Figure 4 a) and the adjusted U-Net
(Figure 4 b) during training and validation. We see that the standard U-Net begins to overfit after only 20
epochs, whereas the altered U-Net shows no obvious tendency of overfitting throughout the training
process. Furthermore, there is less variation in loss and accuracy, particularly for the loss during the
training phase, as demonstrated in Figure 4 (b) when cross-validation is applied. Because all the other
hyperparameters in the two models are the same, the more stable training and validation processes, as
well as the performance gain reported in Table 3, are due to the use of cross-validation.
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Figure 4. Changes in loss and accuracy (referred to as Accu in figure) over 100 epochs for the standard U-
Net (a) and adjusted U-Net (b) trained on VV+VH

3.2 Performance of Adjust U-Net with Various Inputs

Figure 5 shows the inundation extent predictions using adjusted U-Net but with different input layers. The
differences between label images and U-Net flood extent estimates with VV+VH+slope,
VV+VH+slope+DEM, and VV+VH+slope+DEM+HAND are nuanced in most situations, as illustrated in
Figure 5. Moderate differences are mostly found near the small groups of isolated pixels at the top of
scenes #1 and #6, as well as the permanent water pixels surrounded by flooded pixels in scene #3. The
other two configurations trained on three-band images, namely VV+VH+DEM and VV+VH+HAND,



failed to predict as accurately as the one with an additional slope band as we can see that there are
noticeable mismatches, especially in scenes #3, #5, and #6. Table 4 summarized the quantitative
evaluation of the model configurations stated previously.
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Figure 5. Inundation extent generated by adjusted U-Net trained on image samples with various layers.
The blue, red, and gray pixels represent permanent water, flood areas, and dry regions.



Table 4. Evaluation model performance for adjusted U-Net with different image inputs

VV4VH VV+VH | VV+VH | VV+VH VV+VH+ VV+VH+Slope

+Slope +DEM | +HAND | Slope+DEM | +DEM+HAND
mloU (Flood) 0.756 0.794 | 0.755 0.749 0.798 0.792
mloU (Permanent) 0.667 0.744 0.674 0.683 0.751 0.741
F1-Score (Flood) 0.859 0.883 0.858 0.854 0.885 0.882
F1-Score (Permanent) 0.799 0.853 0.804 0.811 0.857 0.851
OA 0.924 0.935 0.924 0.925 0.937 0.933
mloU (Water) 0.832 0.843 0.837 0.835 0.848 0.844
F1-Score (Water) 0.908 0.915 0.911 0.910 0.918 0.915

As shown in Table 4, training on three-band images with the slope as an additional data layer brings
significant improvements for all listed indexes. While using a DEM or a HAND layer in addition to the
two SAR signal bands does not result in a significant improvement for all indexes, we do see an increase
in mloU and F1-score for permanent water. Speaking of results trained with three data layers in
permanent water areas, the one with an additional HAND layer shows slightly more improvements than
results with an additional DEM layer. We believe that this is because DEM values are usually relative
numbers against a specific datum, whereas HAND values are normalized elevations focusing on the
relationship between any pixel and its nearest neighbor in drainage networks and are thus independent of
datums. For all stream pixels, a HAND value of zero will make them easier to be recognized by DL
models. For flood pixels, we discovered that there are also minor discrepancies between the results of the
HAND input and the DEM input, where the latter leads to a slightly better prediction. Different from
previous studies that reported considerable performance improvements with HAND as a side channel
(Bosch et al., 2020), our results indicated that adding a HAND layer may not be beneficial in all cases.
This could be due to the HAND characteristics of our study location. Many previous studies used HAND
as a stand-alone model for flood inundation mapping and discovered that, while it can generate accurate
flood extent predictions in many cases, it can also introduce a lot of mismatches in locations where the
study area is flat (Jafarzadegan & Merwade, 2017, 2019; Samela et al., 2017) or the water depth of the
entire area is not representative enough of small catchments inside the study area (Z. Li & Demir, 2022).
Some recent research has also raised concerns about the uncertainty HAND would introduce within flat
areas to remote sensing applications, which could compromise model accuracy (Liu et al., 2020). Finally,
comparing results trained on three-band images with a slope layer to those trained on four-band and five-
band images shows that adding more data does not improve performance in this case, making the three-
band image the best input because it ensures similar predictions while requiring less data-processing and
computational effort.

3.3 Flood Extent with a Finer Data Resolution

Figure 6 depicts the inundation extent predictions with adjusted U-Net trained on 10-m image patches
with three bands (VV+VH+slope) and five bands (VV+VH+slope+HAND+DEM). Except for some
scenes with complicated patterns, such as #3 and #1, it is difficult to identify the difference between
predictions based on distinct inputs visually for most pixels among patches exhibited, as seen in Figure 6.
When the river channels are narrow, like in scene #7, and the narrower branches in scenes #6, #5, and #4,
dry pixels around the actual river channel can be misclassified into water pixels. This supports recent
findings in which the authors claimed that CNN-based DL models, such as U-Net and DeepLabV3+
(Verma et al., 2021), failed to accurately extract narrow rivers captured by SAR images (Gasnier et al.,
2021; Gasnier et al., 2021).
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Figure 6. Water extent extraction with adjusted U-Net trained on 10-m image inputs. The blue, red, and
gray pixels represent permanent water, flood areas, and dry regions



Some previous studies have attributed this issue to inherent speckle fluctuation in SAR images
(Gasnier et al., 2021; Gasnier et al., 2021; Moharrami et al., 2021) but we believe it is also due to the
mechanism of U-Net and other similar CNN-based semantic segmentation DL models, which down-
sample images several times to extract abstract features (Guo et al., 2022) on images at the expense of
reducing image resolution and then restores to the previous resolution by up-sampling. This down- and
up-sampling will inevitably lose some details from the original images, result in the smoothing effect seen
in Figure 3, and lead to the slight dilatation for narrow water channels.

Table 5 summarizes the performance evaluation of the model configurations depicted in Figure 6, as
well as the one trained on 30-m resolution with three bands (VV+VH+slope). The other four trained on
10-m resolution data exhibited enhanced performance to varying degrees when compared to the one
trained on 30-m resolution images. Although the data source for the two DEM layers is not the same, we
believe the performance difference is primarily due to the finer data resolution. This is because they are
both obtained from US federal agencies and have been widely used in previous studies (Oh et al., 2022;
Scott et al., 2022; Uuemaa et al., 2020; Wong et al., 2020), and thus even if there are slight vertical
differences between these two products, it is less likely that one has significantly higher data accuracy
than the other. We discovered that the 10m three-band model without pretrain outperformed the outcomes
of the five-band 10m model without pretrain.

Given that the training loss of both configurations is relatively high when compared to those with pre-
trained weights as shown in Figure 7, we believe both models were under-trained, in which case the one
with more data may perform worse because there are more uncertainties coming from a yet-to-be-built
relationship between more variables and the outcome. Surprisingly, when we compared the three-band
model to the five-band model, both with pre-trained weights, we discovered that the five-band model
performed better in classifying flood pixels while the three-band achieved higher indexes for permanent
water pixels, whereas the synthetic indexes (OA, mloU, and F1-score) over all water pixels did not show
a significant difference. When we compare results for models with the same input (with and without pre-
train) we discovered that indexes increased to some extent for both flood and permanent water pixels for
pre-trained models, but this difference is less significant for synthetic OA, mloU, and F1-Score that were
calculated without distinguishing between flood and permanent water pixels.

Table 5. Evaluation model performance for adjusted U-Net with different image inputs

VV+VH+Slope+ | VV+VH+Slope+

VV+VH+ | VV+VH+Slope | VV+VH+Slope

Slope (30m) | w/ Pretrain (10m) |w/o Pretrain (10m) Hl;Ar\ gz:nD(EgAm\;w HﬁrNetl? ;r?l(zlh(/)lrx\)llo
mloU (Flood) 0.794 0.850 0.840 0.857 0.819
mloU (Permanent) 0.744 0.765 0.761 0.750 0.744
F1-Score (Flood) 0.883 0.918 0.912 0.922 0.899
F1-Score
(Permanent) 0.853 0.865 0.863 0.856 0.851
OA 0.935 0.951 0.949 0.950 0.941
mloU (Water) 0.843 0.875 0.869 0.875 0.859
F1-Score (Water) 0.915 0.934 0.930 0.933 0.924

The training loss with and without pre-trained weights is depicted in Figure 7. The loss curves
demonstrate no substantial variation in patterns over training iterations (epochs), yet pre-trained models
have a much lower initial loss than those trained from scratch. Furthermore, the loss values of the two
with pre-training were approximately 40% lower than the others at the final epoch. The training losses at




epoch 20 for models with pre-trained weights in Figure 7 are very close to the final loss shown Figure 4
(b) for models trained over 100 epochs, whereas the two models without pre-trained weights require more
iterations to further reduce the loss. It took roughly 40 minutes to iterate over one epoch with five-layer
photos with 10-m resolution in our example, however it only took about 10 minutes to loop over an epoch
with 30-m data with the same layers. Therefore, it is more efficient to apply a pre-trained model from
coarse data to finer datasets rather than to train the model from scratch.
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Figure 7. The training loss curves for models trained on the three- (B3) and five-band (B5) images
with/without pre-train

4. Conclusion

In this study, we used a three-category classification to extract water bodies captured by the ESA
Sentinel-1 satellites on May 22, June 5, and June 10, 2019, during the 2019 Central US flooding. We
modified the conventional U-Net using moderately refined hyperparameters and 10-fold cross-validation.
The adjusted U-Net was compared against the standard U-Net and ResNet50, as well as an advanced
threshold-based technique, Bmax Otsu, and a newly introduced flood map archive derived from the same
SAR images. The results demonstrated that the proposed adjusted U-Net model can extract water bodies
more precisely than those benchmark models and approaches. The results of testing adjusted U-Net on
30m input layers revealed that adding DEM or HAND layers has limited effects on improving predictions
when compared to the slope layer. The adjusted model was then trained using 10m image stacks with
three (VV, VH, slope) and five data (VV, VH, slope, DEM, HAND) layers, and the performance was
compared between models using previously trained weights on 30m input as initial weights and those
trained from scratch. The results show that initializing the new model using pre-trained weights from a
coarse dataset not only allows a considerably reduced initial training loss on the new dataset, but also
speeds up convergence within a limited number of training iterations. Those trained from scratch, on the
other hand, require more iterations to get the same results. As a result, we feel it is worthwhile to consider
transferring pre-trained weights to new training on finer datasets for improved performance and training
efficiency.



In addition to the results indicated above, our findings confirmed that prediction accuracy for
permanent water and flood pixels varies among model settings, data utilized for prediction, and whether
the model contains pre-trained weights. However, the differences among various model configurations
were not as pronounced in synthetic indices that do not distinguish between permanent water and flood
pixels. For future water body extraction studies, we suggest the three-class categorization instead of the
two-class classification (water and non-water). Furthermore, ResNet50 and U-Net result images showed
smoothed pixel boundaries and moderate water body dilation for narrow river channels compared to those
on reference maps and the other two benchmark maps. This could be attributed to the inherent speckle
fluctuation on SAR images but is more likely due to image detail loss during the down-sampling/up-
sampling process or the convolution process that changes the image size.

Further research could investigate the mechanisms underlying the varied behavior of flood and
permanent water pixels and try to design better model configurations that predict both classes more
accurately. Another future direction might focus on enhancing the design of semantic segmentation DL
models so that they can retain pixel boundaries better and do not cause considerable water scope dilation
in narrow river channels.
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