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ABSTRACT:

Sentinel-1 Synthetic Aperture Radar (SAR), with its extensive coverage and regular data acquisition all over the globe, has become
one of the most valuable assets for flood monitoring in recent years. However, the strong influence of incidence angle on backscatter
measurement of Sentinel-1 data makes it challenging to mosaic Sentinel-1 tracks for systematic flood mapping over large areas.
This study uses a cosine squared normalization of Sentinel-1 data based on Lambert s law for optics to homogenize SAR data
from different tracks. Then, it combines normalized data from ascending and descending passes forms 12-day mosaics covering
Bangladesh from January 2017 to December 2021. Afterward, it estimates flood evolution by segmentation of the country-wide
mosaics of data and calculates a flood frequency map. The flood frequency map, along with the population information, is then used
to estimate the flood risk to the Bangladesh population. The results show that normalization can reduce inconsistencies between
different tracks of Sentinel-1 data. Furthermore, it shows the potential of Sentinel-1 data for systematic flood mapping at large
scales. Such analysis can help implement flood management measures on a national scale to reduce the flood risk.

1. INTRODUCTION

Remote sensing, with repeated satellite observations, provides
a unique opportunity to assess the impact of flood disasters and
support vulnerable people (Brakenridge et al., 2003; Klemas,
2014). Optical remote sensing data, e.g., Landsat, Sentinel-2,
and MODIS, often face difficulties in mapping water because of
cloud cover during the flood. Nevertheless, post-flood optical
images are valuable because they can provide a picture of the
damages and environmental situation (Gianinetto et al., 2006).

In contrast to optical remote sensing, Synthetic Aperture Radar
(SAR) missions use microwaves and can penetrate clouds.
Therefore, they observe the earth’s surface during the flood and
can regularly delineate flood extents (Schumann and Moller,
2015). Since the launch of the ERS-1 satellite in 1991, followed
by the launch of a variety of sensors with different character-
istics, SAR sensors have been widely used for flood mapping
(Oberstadler et al., 1997; Bonn and Dixon, 2005; Henry et al.,
2006; Martinis et al., 2015).

Since the launch of the Sentinel-1 mission in 2014, it has rev-
olutionized the availability of SAR data by collecting images
regularly across the globe. It collects SAR images in the same
orbit every six days in Europe and every 12 days in other parts
of the world. Furthermore, overlapping between frames and
acquiring data in both ascending and descending orbits allow
Sentinel-1 a repeat frequency of 1-4 days in many parts of the
world (Potin et al., 2019).

In the past few years, different methods were developed and
successfully used SAR backscatter data for delineating various
flood events (Twele et al., 2016; Liang and Liu, 2020). The
backscatter measurement of a SAR image depends on surface
characteristics, i.e., surface roughness and dielectric constant
of the soil. Water typically has a relatively smoother surface
than soil or vegetation, resulting in lower backscatter values.
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Therefore, it can be distinguished from land in SAR images
(Schumann and Moller, 2015).

The backscatter measurement of SAR sensors, e.g., Sentinel-1,
also depends on radar properties (polarisation and frequency)
and sensor geometry (incidence angle). The radar frequency
for a specific SAR mission is constant. Polarisation can also be
considered constant for Sentinel-1 as the sensor acquires VV
and VH polarisations in non-polar areas. On the other hand,
incidence angle changes from 29° at near range to 46° at far
range of Sentinel-1 images and alters the backscatter measure-
ment within a frame of SAR image (Bauer-Marschallinger et
al., 2021).

Sentinel-1 has become one of the most valuable assets for flood
monitoring in the past few years. However, using Sentinel-1
data for systematic flood monitoring at large scales can still face
two challenges. First is the large amount of SAR data that needs
to be transferred and analyzed. The challenge of extensive data
can be addressed using cloud-based platforms, such as Google
Earth Engine. The Google Earth Engine platform hosts a rich
archive of remote sensing data, including Sentinel-1. It allows
the user to access the data and analyze them on the servers with-
out transferring a large amount of data to the local computer
(Gorelick et al., 2017). The Google Earth Engine platform has
been used for flood mapping using optical and SAR data in re-
cent years (DeVries et al., 2020; Singha et al., 2020).

The second challenge of using Sentinel-1 data for systematic
flood mapping at large scales is the variations of incidence an-
gle from near range to far range that can significantly affect the
backscatter measurement. Furthermore, covering areas larger
than a track width of Sentinel-1 (250 km) requires a mosaic
of different tracks. On the other hand, floods typically change
rapidly, and combining data from ascending and descending
passes is required to increase the chance of capturing its extent.
The variations of incidence angle, however, cause inconsisten-
cies between the tracks.
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This study examines whether a normalization based on inci-
dence angle improves the consistency of Sentinel-1 backscatter
data for flood mapping at large scales. To do this, Bangladesh
is chosen as a study area for two main reasons. First, flood is
a country-wide problem in Bangladesh, and at least three dif-
ferent tracks of Sentinel-1 are required to cover the country en-
tirely. Therefore, it allows the method suggested in this study to
be examined. Second, Bangladesh is subject to repeated floods
every year. Therefore, systematic flood monitoring is essential
for the country.

This paper uses Google Earth Engine platform to analyze
Sentinel-1 data to outline the flood history in Bangladesh from
2017 to 2021. First, a normalization based on incidence angle
is performed to create uniform 12-day mosaics of SAR images.
Then, the mosaic images are segmented into water and land.
After that, a flood frequency map is calculated using the wa-
ter extents. Finally, in combination with population density, the
flood frequency map is used to estimate the risk of flood to the
population.

The following section of the paper introduce the study area.
Then, the methodology section describes the data and methods
used for normalization of the data and delineating floods. After
that, the results are provided, and the effectiveness of normal-
ization and subsequent flood maps are discussed. Finally, the
flood frequency and risk to the population are evaluated.

2. STUDY AREA

Bangladesh is a relatively small country in Southeast Asia with
a population exceeding 160 million in an area of approximately
148,000 km?>. While 40% of the country’s population lives in
urban areas, Bangladesh has only two cities with populations
larger than 1 million. Dhaka, the capital of Bangladesh, has a
metropolitan population of nearly 22 million. More than 40%
of the labor force work in the agriculture sector. Approximately
80% of the country’s land consists of the fertile alluvial plain
of large rivers with an elevation of roughly 20 m in the north,
declining to the sea level in the south (Bangladesh, World Fact-
book, 2022).

Figure 1 shows the land cover and population density of
Bangladesh. Three large rivers, Ganges, Jamuna, and Meghna,
originating from the Himalayas and merging before flowing
into the Bay of Bengal, create an alluvial plain in Bangladesh
subject to frequent flooding. Monsoon rainfall, typically
between June and October, affects Millions of people in
Bangladesh every year and causes millions of dollars of damage
to properties, infrastructure, crops, and livestock. Nevertheless,
the flood control efforts in the past decades remained largely
unsuccessful (Lewis, 2011).

Monsoon flood repeats every year in Bangladesh. In 2019, for
example, it affected 5.4 million people and 37% of the coun-
try’s area, and killed 26 people (Bangladesh: Monsoon Floods,
2021b). In 2020, more than a third of Bangladesh’s total area
was reported flooded. Approximately 5 million people were af-
fected by prolonged floods, and 41 lost their lives. In addition,
the damage to crops and livestock was estimated to be more
than USD 40 and 70 million, respectively (Bangladesh: Mon-
soon Floods, 2021a).

I T
Population

densite/
(people/km?)

Land cover
[ Crops ]
[l Permanent water

26°N
[E— ]
0 20.000

24°N

22°N

88°E 90°E 92°E

Figure 1. Land cover (crops and permanent water) and
population density of Bangladesh overlaid on a shaded relief
map. Three major rivers in Bangladesh are labeled. Population
data from Tatem (2017), land cover data from Buchhorn et al.
(2020), and shaded-relief map from Esri (2009).

3. METHODOLOGY
3.1 Dataset

Sentinel-1 Ground Range Detected (GRD) data, provided by
European Space Agency, requires several pre-processing steps:
applying orbit file, GRD border noise removal, thermal noise
removal, radiometric calibration, and terrain correction. The
resulting data is geocoded and calibrated to ¢ backscatter coef-
ficient, which is the average radar cross-section per unit ground
area (Filipponi, 2019). Because of its large dynamic range, o
is often expressed in the dB scale.

ols = 1010g10(00) (1)

This study uses Sentinel-1 GRD data available on Google Earth
Engine platform (Gorelick et al., 2017). All pre-processing
steps are already applied and the data is ready for flood anal-
ysis. The data is acquired in Interferometric Wide (IW) swath
mode with a pixel size of 10 x 10 m and a swath width of
250 km. Sentinel-1 data in Bangladesh are mainly acquired
in dual polarisation: one co-polarisation (VV) and one cross-
polarisation (VH). Google Earth Engine ingests Sentinel-1 to
its archive with a time delay of two days.

Figure 2 illustrates the coverage of Sentinel-1 data in
Bangladesh. The country is covered by three ascending and
three descending tracks. Furthermore, there is an overlap be-
tween the tracks. Currently, Sentinel-1 collects data every 12
days in each track.
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3.2 Normalization of backscatter coefficient

Before mosaicing images from different tracks and analyzing
the flood, the SAR images are normalized to an arbitrary in-
cidence angle. First, the backscatter coefficients are converted
from the d B-scale to the original linear scale. Then, the values
are normalized based on the pixel’s incidence angles.

One of the common backscatter normalization techniques is
based on Lambert’s law for optics which assumes that the
amount of backscattered energy from the surface follows a co-
sine law. Furthermore, the radiant variability as a function
of the observed area depends on the cosine. Therefore, the
backscatter coefficient of the image’s pixel o is related to the
cosine squared of its incidence angle § (Mladenova et al., 2013;
Topouzelis et al., 2016):

09 = 00 cos® 0 2)

where o is the backscatter of the SAR pixel independent of the
incidence angle. Consequently, the backscatter coefficient can
be normalized to a reference incidence angle 6,, as follows.

2
oy =af 008 bn 3)
0, =08
" cos2 0

In this study, backscatter coefficients are normalized to the ref-
erence incidence angle of 35°. After normalizing the backscat-
ter coefficient, the values are converted back to the dB scale.
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Figure 2. Coverage of Sentinel-1 ascending and descending
tracks in Bangladesh overlaid on a shaded relief map. The black
line delineates the boundary of Bangladesh. Shaded relief map
from Esri (2009).

3.3 Mosaicing and filtering

Sentinel-1 data collected over 12-day periods in different as-
cending and descending tracks are merged to create exten-
sive images covering the whole country. Overlapping between
neighboring tracks or ascending and descending passes results
in redundant data in various areas. The minimum value of
images in overlapping areas is selected to obtain the lower
backscatter coefficient over the 12 days and capture the max-
imum extent of the flood.

SAR images are inherently subject to speckle noise caused by
interference of coherent waves from many distributed scatter-
ers (Lee et al., 1994). In the past decades, different methods
have been developed to reduce the speckle noise of SAR im-
ages. This study uses a simple median filter with a circle-shaped
kernel of 100 meters, allowing a quick and efficient reduction
of speckle noise.

3.4 Flood mapping

Typically, the backscatter coefficient of water is lower than soil
and vegetation. Therefore, it is common to apply a threshold on
the backscatter coefficient for segmentation of the SAR image
to distinguish water from land (Matgen et al., 2011). In this
study, a threshold of —16 dB in VV polarisation is considered
to delineate flood in 12-day mosaics. Then, a flood frequency
map is generated from the 12-day flood maps.

4. RESULTS

4.1 Normalization results

This study demonstrates that the normalization of images based
on incidence angle reduces the discrepancies between neigh-
boring tracks. As an example, figure 3 shows a mosaic of three
ascending tracks of Sentinel-1 acquired between 1 and 12 De-
cember 2021. There is an apparent trend in the backscatter coef-
ficients correlated with the sensor’s incidence angle. Generally,
the backscatter coefficient values are higher at the near range
and lower at the far range. As a result, there is a clear jump at
the borders of the tracks, where the incidence angles suddenly
change. After normalizing to an incidence angle of 35°, varia-
tions of backscatter coefficient with the incidence angle are less
significant, and the jumps between the tracks are less apparent.

The correlation between backscatter coefficient and incidence
angle is also confirmed in Figure 4-a. In this scatter plot,
backscatter coefficient values averaged in 4-km cells are plot-
ted against incidence angles. The scatter plot exhibits an ob-
vious correlation. The best fit line has a negative slope with
a —2.4 dB difference in backscatter coefficient from the near
range to the far range. Figure 4-b confirms that the normaliza-
tion significantly reduced the correlation. The slope of the best
fit line is less steep compared to the one from the original data,
and the backscatter coefficient difference from the near range to
the far range decreased to —0.6 dB.

4.2 Flood mapping results

The evolution of flood across Bangladesh is estimated with a
temporal resolution of 12 days. Figure 5 shows four examples
of surface water extent in 2021 across Bangladesh identified
based on segmentation of 12-day mosaics of Sentinel-1 normal-
ized images. Comparison with Figure 1 suggests that in March,
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Figure 3. Image example of cosine squared normalization on three ascending tracks of Sentinel-1 VV polarisation in Bangladesh. The
images are acquired between 1 and 12 December 2021. The ocean is masked out. (a) the original o° image. (b) ¢® image corrected to
an incidence angle of 35°. (c) incidence angle.

mainly rivers and lakes are identified in the map and there is no
significant flood. In June, an area in the northeast of the country
is flooded. The flood area is extended in September. Finally, in
December, a major part of flooded areas are drained, but there
is still floodwater remaining in some areas.

Figure 6 indicates the flood frequency map between January
2017 and December 2021 across Bangladesh. As expected,
permanent rivers (Ganges, Jamuna, and Meghna) and Kapta
lake have the highest flood frequency values. Therefore, per-
manent water from land cover maps (Buchhorn et al., 2020) is
also shown on the map to distinguish them from actual floods.
The flood frequency map suggests that flood repeatedly occurs
in the country’s northeast. In addition, along the three major
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Figure 4. Dependency of backscatter coefficient on incidence
angle in three tracks of Sentinel-1 data in ascending passes
(shown in Figure 3). (a) o before normalization and (b) o°

after cosine squared normalization to an incidence angle of 35 °.
Dashed line represent the line of best fit.

rivers, the river banks are also subject to frequent flooding.

To analyze the flooded areas across the country, permanent wa-
ters are mask out from the flood frequency map. The results in-
dicate that 27% of the country’s area (excluding permanent wa-
ter) was inundated at least once from 2017 to 2021. The flood
mainly affected rural areas rather than densely populated areas.
Combining the prolonged flood map with population density in-
formation indicates the risk of flood to the population. Approx-
imately 7% of the country’s area has a flood frequency higher
than 25%. 3% of the country’s area is flooded more than half
of the year, and 1% of the area is flooded more than three quar-
ters of the year. Nearly 1 million people live in areas with flood
frequency greater than 75%. More than 2 million of the pop-
ulation are affected by flood frequency greater than 50%, and
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Figure 5. Water delineated in 12-day Sentinel-1 mosaics
showing the evolution of flood in Bangladesh in 2021.
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Figure 6. Flood frequency map of Bangladesh between January
2017 and December 2021. Population data from Tatem (2017),
permanent water from Buchhorn et al. (2020).

more than 6 million live in areas with flood frequency higher
than 25%.

5. CONCLUSION

This paper showed the capabilities of Sentinel-1 SAR images
for systematic flood mapping at large scales. The Sentinel-1
GRD data were analyzed on the Google Earth Engine cloud
computing platform. The data were normalized based on the
cosine squared of incidence angle to produce a dataset with a
homogeneous backscatter coefficient. Mosaics of SAR data in
ascending and descending between January 2017 and Decem-
ber 2021 were generated and segmented to calculate 12-day
flood maps. The 12-day flood maps were, then, used to cal-
culate the flood frequency map. The result showed that approx-
imately 30% of the country’s area is inundated at least once
during the 2017 to 2021 period.

The flood delineation is performed in this study using the seg-
mentation of SAR images based on a uniform backscatter co-
efficient threshold as the most common flood delineation ap-
proach. However, other studies suggest more sophisticated
segmentation methods, e.g., DeVries et al. (2020); Cian et al.
(2018). Using such methods for segmentation of the normalized
Sentinel-1 mosaics can improve the results and lead to more re-
liable flood mapping.

The study area investigated in this paper is relatively flat. There-
fore, incidence angle is the main influencing factor on the
backscatter coefficient. In areas with rough topography, topog-
raphy variations with respect to the satellite’s line of sight also
affect the backscatter coefficient, particularly causing inconsis-
tencies between ascending and descending tracks. Furthermore,
radar shadow areas might be misinterpreted as floods in rough
topography areas. Therefore, the local incidence angle should

be taken into account to correct the topography influence on the
backscatter coefficient and construct homogeneous mosaics of
Sentinel-1. Such methods for other applications are suggested,
e.g., in Vollrath et al. (2020).

The flood frequency map produced in this study can be used as
an estimate of flood probability in the future. Therefore, it is
helpful for early warning and rescue planning. Further analysis
can be performed based on the flood frequency map to assess
flood risk to infrastructure, e.g., traffic network and food pro-
duction, e.g., agriculture. The results can help implement flood
management measures on a national scale to reduce the flood
risk.
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