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This study investigates the potential of freely available Sentinel-1 Received 29 November 2022
imagery coupled with Google Earth Engine (GEE) for mapping Accepted 6 April 2023

and monitoring flooding in Dar es Salaam. Sentinel-1 images
(n=55) available during the rainy season (March-May) since 2016
were used and processed in GEE. For separating water and land
surfaces, we used a histogram-based automatic thresholding
method. The binarization accuracy was assessed using confusion
matrix based on 1064 randomly generated points in GEE. Overall
accuracy of 95% (Kappa = 0.90) were achieved. Dar es Salaam
has experienced flood inundation per flood event on average
over an area of 50km? in March 2019 and 2021. Territories
located along the Ocean and inland water shores, built and bare
ground were subject to flooding compared to other land cover
types. Flooding inundations have been difficult to detect in the
city center. With the current temporal and spatial resolution of
Sentinel-1, flood detection in city centers remains a challenge yet.
However, Sentinel-1 images, coupled with GEE cloud computing
simplified flood mapping and monitoring in a large urban region
and this approach can be applied in other large cities and their
surroundings for countries where data gap and lack of processing
tools are critical challenges.
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1. Introduction

Urban flooding hazard has become one of the key concerns of researchers, policy
makers, and the wider community due to its impacts on natural environment, infra-
structure, and human life (Callaghan et al. 2020; O’Donnell et al. 2020). In urban
areas, the most common causes of flooding are urbanization and its correlated
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increase in impervious surfaces, disappearance of green areas and land use changes.
Moreover, in poor countries, insufficient drainage, and inappropriate solid waste
management result in blockage of drainage (Sakijege et al. 2012; Woldai 2020). Flood
disasters are worse in African countries where urban infrastructures are poor
(Ramiaramanana and Teller 2021). It is aggravated by the absence of proper planning
and decision making at various scales which in turn are the result of absence of
multi-scale and high-quality data. The best cost-effective solution for mapping flood-
ing hazards in cities of sub-Saharan Africa that have geographic data gaps is the use
of open access remote sensing data and free and open-source solutions (Notti et al.
2018; DeVries et al. 2020).

One of these resources is the freely available Sentinel-1 SAR imageries. Although
flood mapping based on SAR imagery is usually complex due to data and processing
errors, it could be the best option for flood monitoring in data-poor areas such as
sub-Saharan Africa. The sources of these errors are water-like surfaces, noise-like
speckle, and geometric correction algorithms (Shen et al. 2019). Similar to water sur-
faces, smooth surfaces and shadowed areas exhibit close-to-specular scattering. Noise-
like speckle is a major problem of SAR images; SAR images with 5-10m resolution
are subject to speckles and surrounding strong scatters for detecting flooding in head-
water flood plains due to their narrow channels (Gomez et al. 2019). Location errors
are also introduced due to limited accuracy of input elevation data and bias from
geometric correction algorithms in the attempt to correct SAR images to ground
distance.

Despite their complexity, various studies have demonstrated the use of SAR data
for flood monitoring and other disasters in both rural and urban areas (Montalti
et al. 2019; Shen et al. 2019). Some of these studies used high-resolution SAR data for
a near-real-time monitoring (Tanguy et al. 2017). Various studies have also investi-
gated the use of moderate resolution SAR data, such as Sentinel-1 for flood monitor-
ing (Giustarini et al. 2013; Li et al. 2019; Zhang et al. 2021). In Africa, there are a
few studies on flood monitoring that used SAR data. Most of these studies either fail
to use Sentinel-1 images, use Sentinel-1 images for flood mapping in non-urban areas
(Refice et al. 2020), or focus on small catchments (Adedeji et al. 2021; Cherif et al.
2021; C. Li et al. 2022; Series et al. 2021). There are also studies that used participa-
tory disaster risk method for assessing vulnerability in spatial terms using both bio-
physical and social indicators before Sentinel-1 was operational (Hambati and Gaston
2015). However, most flood mapping studies were conducted based on measured
flood data including community participation and laboratory analysis (Kikwasi and
Mbuya 2019; Petersson et al. 2020).

The recent development of new machine learning techniques has improved the
processing of large data and flood monitoring, which has advanced the simplifica-
tion of SAR data processing (Munawar et al. 2022). Various methods are available
that assist the use of SAR data for flood mapping and other water related applica-
tions. The most commonly used methods are classification (supervised/unsuper-
vised), thresholding, segmentation, and change detection (Shen et al. 2019). In the
classification method, the fuzzy logic and random forest classifiers are most widely
used to determine a threshold by using a theoretical scattering model for classifying
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pixels (Andaya et al. 2019; Igbal and Talukder 2020; Lin et al. 2020; Arboleda et al.
2021). These methods prove reasonable accuracy beside the fact that the automatic
classification requires a microwave scattering model that in turn introduces model
uncertainty. Moreover, human labeling of samples is tedious and consumes time
(Pulvirenti et al. 2011; Shen et al. 2019). The most famous thresholding method is
the Otsu method (Otsu 1979). This method divides features into binary classes,
such as water and non-water in case of flood mapping. This method uses a histo-
gram thresholding approach for binarization. Similarly, a histogram partitioning
method was introduced by (Matgen et al. 2011). These methods require either a
bimodal image histogram or some sample data to initialize the water distribution.
Unlike the above pixel-based methods, segmentation considers connected homoge-
neous pixels to separate water and non-water pixels. Segmentation method is
believed to be more resistant to speckle because it utilizes morphological informa-
tion together with radiometric information (Dubey et al. 2017; Zhou et al. 2020).
This method suffers from over estimation of either of the classes as the classification
takes place at object level (Shen et al. 2019). The change detection approach consid-
ers the before and after flood backscattering intensities. This avoids geometric errors
either by using SAR images acquired from the same or by indirect evaluation of
changes from binary water masks, yet could compromise speckle-caused noise
(Landuyt et al. 2019).

Despite the availability of new SAR data processing methods, flood mapping and
monitoring in complex urban environments remain a critical challenge (Pelich et al.
2022). Among the various techniques, interferometric coherence has been widely used
for flood mapping in urban areas (Munawar et al. 2022). A recent study also used
both the Polarimetric (PolSAR) and Interferometric (InSAR) of Sentinel-1 to detect
urban flooding using random forest method (Baghermanesh et al. 2021). Various
studies use a single or combined methods to separate water surfaces from non-water
features. For example, a split-based automatic thresholding method was applied to
determine the global threshold water and non-water features (Bovolo and Bruzzone
2007; Martinis et al. 2009). In split-based automatic thresholding, a SAR image is first
divided into tiles and individual thresholds are determined using the Kittler and
Ilingworth (KI) method (Kittler and Illingworth 1986). Global minimum and quality
index are used to determine a global threshold based on splits that have sufficient
water and non-water pixels. Then, the OO segmentation algorithm is used to segment
the image into continuous and non-overlapping object patches at different scales. A
combination of segmentation and fuzzy logic classifier methods was used for densely
vegetated areas by using backscattering change and backscattering during flooding as
inputs (Pulvirenti et al. 2011). A change detection method was also combined with
the M2a algorithm in order to determine a threshold to separate water and non-water
pixels (Matgen et al. 2011). Similarly, Lu et al. (2014) used a change detection method
combined with a method that estimates the statistical curve of the water pixels to
determine flood pixels. A change detection method does not necessarily require a
bimodal distribution, yet determining and globalizing change detection threshold
becomes problematic. Senthilnath et al. (2013) have also fused speckle removal filters
and image segmentation methods for flood mapping.
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In addition, flood monitoring in sub-Saharan Africa and other poor regions
remains a challenge due to the complexity of methods and data gaps. Similarly, des-
pite the development of new machine learning methods and Sentinel-1 SAR imagery
being a tremendous resource for flood monitoring (Bauer-Marschallinger et al. 2018;
Psomiadis 2016), its potential in sub-Saharan urban regions has been under-explored
to date. Furthermore, flood monitoring in sub-Saharan Africa and other poor regions
remains a challenge due to methodological complexity and data gaps. This study
investigates the potential of the open access Sentinel-1 ground range detection (GRD)
intensity data for flood mapping and monitoring in large urban areas using a simple
automatic histogram-based thresholding method and Google Earth Engine (GEE)
cloud computing. We used the GRD backscatter intensity data also because the SLC
data from which coherence can be derived are not available on GEE. We used the
Otsu image thresholding method because it is a simple method that can binarize
water and non-water pixels based on a bimodal image histogram approach used in
GEE cloud computing and is easily adaptable to similar studies. The study explores a
simple method for mapping and monitoring flood disasters in large urban areas using
Sentinel-1 and GEE cloud computing that can be easily reproducible and transferable
in other studies without much adaptation.

Focusing on Dar es Salaam urban region, the study investigates (1) the capability
of Sentinel-1 imagery for mapping and monitoring flood inundation, the use of GEE
for a simplified method of flood disaster mapping and monitoring, and (2) the spatial
and temporal pattern of flooding in Dar es Salaam from 2016-2021.

2, Methodology
2.1. Study area description

Dar es Salaam is located between 6.58 -7.25 S and 39 -39.56 E at the coast of
Indian Ocean in Tanzania. It is one of the fastest growing mega cities in Africa with
a total area of 1660km? (Kebede and Nicholls 2012). Generally, the city is divided
into four ecological zones. The upland zone comprises of hilly areas to the west and
north of the city, the middle plateau and lowland zone extend from Tegeta valley in
the north through Msimbazi and Mzinga valleys in the middle to Muguvia valley in
the south east (Figure 1). Shoreline fields consisting of superimposed Pleistocne clay
bound and equally unvarying topography of up to 35m above sea level. The fourth
ecological zone is the coastline and beach area that includes the shoreland shoulder-
ing the ocean (Kabanda 2020).

The climate of the city is tropical Aw according to the Koppen-Geiger climate clas-
sification with bimodal rain distribution characterizes the city with the high rain sea-
son extending from March-May (Figure 2). The annual rainfall reaches 1115mm
(fluctuating between 800 and 1300 mm) with a mean monthly rainfall reaching
232mm in April. The average daily temperature is 26 °C rising to 35°C during the
warmest months from October to March. (Kebede and Nicholls 2012; Anande and
Luhunga 2019). Even though there are less than 30years of records and sea-level
change are not well known under projected climate change and possible sea level rise,
coastal ecosystems are highly threatened (Anande and Luhunga 2019).
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Figure 1. Study area map. The boundary of Dar es Salaam is delineated from OpenStreetMap. The
data of the built up areas is found from GitHub (Dooley et al. 2020).

In terms of drainage, various rivers and small streams flowing mainly west-east
direction towards the Indian Ocean drain the city. The Indian Ocean borders the
city from the northeast to southeast coasts (Figure 1). The inland rivers, inland
water bodies, and the Indian Ocean are the source of flood inundation in the
city.

In terms of urbanization and building expansion, the building patterns of Dar es
Salaam are categorized as builtup and less builtup based on the building data
obtained from GitHub (Dooley et al. 2020). The building data contains an urban/
rural classification for each grid cell based on building patterns in their surroundings.
The builtup area in Figure 1 indicates the most builtup areas of the city, whereas the
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Figure 2. Climate of the study area. Date source: CLIMATE-DATA.ORG.

less builtup contains grid cells with less urban buildings. The rest indicate grid cells
without any building-footprint centroid. The most built-up areas of the city lay in the
northern half section of the city (Figure 1).

2.2. Study design and methodological flow

The study used Sentinel-1 images processed in Google Earth Engine (GEE) to map
flooded areas in the Dar es Salam region. Preprocessing that includes speckle filtering
and radiometric terrain normalization was carried. The preprocessed images were
binarized into two classes (water and non-water) using the Otsu method. Thresholds
were determined using image histogram method. Accuracy assessment was carried
out on the binary maps using automatically generated validation points in GEE.
Finally, time-series flood maps were produced (Figure 3).

2.3. Image availability and selection

Sentinel-1A and B work synchronically to map the earth every six days, each of them
capturing the same place every 12 days (ESA 2021). The images are available in vari-
ous processing levels and are already calibrated and ortho-corrected using the
Sentinel-1 Toolbox. They are freely available from the Copernicus Open Access Hub
(https://scihub.copernicus.eu/dhus/#/home) and GEE. Sentinel-1A and B are equipped
with a C-Band SAR payload (at 5.405 GHz) and the interferometric wide swath (IW)
acquiring GRD images of dual polarized SAR data with VV/VH polarization (Twele
et al. 2016). The GRD images have a high spatial resolution of 10 m acquired in IW
mode (Torres et al. 2012). We used the Sentinel-1 GRD C-band product to extract
the ground backscatter of the images to detect flood inundation. We used the vertical
transmit and vertical receive (VV) co-polarization mode that gives intensity values of
scattering radiation due to its appropriateness for urban and non-forest areas (Veloso
et al. 2017; Mullissa et al. 2021). The VV co-polarization is more accurate than the
VH and other co-polarization modes for detecting flooding in urban areas (Zhang
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Figure 3. Flow diagram of the methodological approaches used.

et al. 2021; Pelich et al. 2022). Our study would have benefited from the added value
of coherence, when combined with the backscattered intensities. However, the Single
Look Complex (SLC) (Lu et al. 2018; Nikaein et al. 2021) data from which coherence
is computed are not available in GEE as we aim to develop a simple method that is
scalable and based on GEE.

Most of the flood events in Dar es Salaam happen in the high rainy season,
March-May. As Sentinel-1B started operating in April 2016, all images available from
01 May 2016-31 May 2021 were used for this study.

The Sentinel-1 constellation consists of two satellites, with an orbital difference
allowing them to provide repeat images of a location every six days when combined.
However, as shown Figure 4(A), Sentinel-1A images give a full coverage of the city
(Figure 4A, a), whereas the coverage of Sentinel-1B varies. Some of the Sentinel-1B
images cover only the southeastern half of the region (Figure 4A, ¢) and the rest miss
a small section in this part of the region (Figure 4A, b). Due to the pattern of avail-
ability, we used those images that cover more than 90% (images @’ and b’ as
depicted in Figure 4A) of the city.
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Figure 4. (A) Footprints of Sentinel-1 (a, b) for May 2021 in Dar es Salaam. (a) Sentinel-1A includ-
ing three images captured on 05, 17, and 29 May, (b) Sentinel-1B covering about 90% of the city
with two images captured on 08 and 20 May, (c) Sentinel-1B covering only southeastern half of
the city with three images captured on 03, 15, and 27 May, and (d) overlap of all repeat Sentinel-
1A and B images, and (B) temporal distribution of the Sentinel-1A and B images in Dar es Salaam.

Out of the available images, 16 were from Sentinel-1B and have descending orbit
passes, whereas the rest (39) images were Sentinel-1A with an ascending orbit pass.
Sentinel-1B images that have more than 90% coverage of the city were not available
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in 2016 and 2018. They were also absent in March of 2017 and 2021 (Figure 4B).
These images were randomly distributed across months and years without regularity.
In the other years, except 2019, the image availability was not as expected according
to the satellite constellation and revisit time.

The ESRI 10 m resolution land cover map generated from Sentinel-2 was obtained
from the ESRI website living atlas. It was downloaded using the application in
https://www.arcgis.com/apps/instant/media/index.html?appid=£c92d38533d440078f176
78ebc20e8e2.

2.4. Preprocessing

In GEE, Sentinel-1 imagery is already preprocessed to calibrated backscatter coefti-
cient (sigma0) in decibels (dB) using thermal noise removals, data calibration, multi-
looking, and Range-Doppler terrain correction (Vollrath et al. 2020; Mullissa et al.
2021). In order to maximize the information extraction, we preprocessed the
Sentinel-1 images for speckle filtering and radiometric terrain normalization in GEE
(Mullissa et al. 2021).

2.4.1. Speckle filtering

Inherently, the SAR images are affected by speckle noises. The speckle effect is a
result of interference from many scattering echoes within a resolution cell (Meyer
2019). Speckles downgrade the quality of image data, as well as interfering in the
understanding of backscatter responses from the surface features (Adiri et al. 2017).
Speckle filtering is an essential part of the preprocessing activities in SAR products
(Veloso et al. 2017). The principle of speckle filtering is to reduce the variance of the
complex speckle scattering and improve the estimate of the scattering coefficient.
These speckle filters range from a simple blind low-pass filter, such as the boxcar fil-
ter, to different adaptive filters, such as the Lee filter (Lee 1980), Gamma Maximum
A-posterior (MAP) Filter (Lopes et al. 1990), Refined Lee filter (Lee et al. 1999), and
the improved Lee sigma filter (Lee et al. 2008). In this study, the Lee filter with a
5 x 5 window was applied to the images (Adiri et al. 2017; Kaplan and Avdan 2018;
Filgueiras et al. 2019). The Lee filter is a particular case of the Kuan filter, which fil-
ters based on the criterion of the mean minimum square error (MMSE) (Gagnon and
Jouan 1997).

2.4.2. Radiometric terrain normalization

Terrain correction is required to solve topographic effects on the SAR backscatter
(Veloso et al. 2017). The terrain correction is needed because of the side looking of
SAR systems. Every target located on the terrain being observed by the radar is
mapped onto the slant range domain (Adiri et al. 2017; Filgueiras et al. 2019). Even
though the Sentinel-1 images available in GEE are corrected for geometric distortions,
radiometric terrain normalization was required. Radiometric terrain normalization
masks pixels in the active layover and shadow area in the image (Veloso et al. 2017;
Vollrath et al. 2020; Mullissa et al. 2021). For radiometric terrain normalization, two
angular-based correction methods are available based on volume and surface
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scattering (Vollrath et al. 2020). The volume scattering model is important for appli-
cations related to vegetation mapping. For urban application, as is in our case, the
angular-based surface scattering model is most appropriate (Vollrath et al. 2020). We
implemented surface model for radiometric terrain normalization in GEE.

2.5. Separating water and non-water surfaces (binarization)

To detect flooded areas, separating water from non-water features was essential.
There are various techniques commonly used for binarization of image data. Some of
them are Markov random fields and wavelet transformation (Moser et al. 2007),
histogram thresholding (Tobias and Seara 2002), and clustering (Li et al. 2015). These
methods have been adopted in various applications in recent years. Histogram thresh-
olding is one of the most widely used techniques for converting the values images
with a single band into two classes as ’target’ and ’background’ (Chini et al. 2017;
Sadek and Li 2019). Nevertheless, choosing an appropriate threshold is a crucial and
challenging step for precise and reliable binarization. In image analysis, we need
objective and automatic determination of a single threshold to distinguish two types
of relatively homogenous features from a single band image space (bimodal pixel dis-
tribution), e.g. land and water (Ahmed 2021). In this study, Otsu Method for image
segmentation was used (Otsu 1979). The Otsu Method is a histogram thresholding-
based automatic image binarization technique. Otsu’s method is a means of automat-
ically finding an optimal threshold based on the observed distribution of pixel values.
The idea behind Otsu’s method is segmenting by minimizing the intra-class variance
on two different homogeneous classes using an image histogram approach. The histo-
grams of images of these classes represent different ranges of intensity values and the
method divides the histogram into two clusters with a threshold defined as a result of
minimizing the weighted variance of two different homogeneous classes. The follow-
ing equation was used to minimize intra-class variance (Otsu 1979; Donchyts et al.
2016)

oi(t) = Pioi(t) + paos(t), (1)

where p; and p, are the probabilities of the two classes divided by a threshold, the
value of which ranges from 0 to 255.

In order to find the threshold, we used the approach that maximizes inter-class
variance (equivalently, minimizes the sum of intra-class variances). The inter-class
variance was defined as:

p
at)= > (- w? (2)

k=1

where ;. indicates the mean digital number in class k and p refers to the mean
digital number of the entire dataset. Class k is defined by every class value less than
some threshold t. Here, we are estimating the threshold that maximizes the between
sum of squares (BSS). Since we have two classes (water and land), p is 2 in our case.
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The BSS is calculated using the following formula (Sarnacchiaro and D’ambra 2007;
Krishan Kumar et al. 2020):

n (20 Xq)’
BSS = Z%J—C 3)

i=1

where i refers to observations (pixels) in each class, j refers classes (water and non-
water), and ni refers to the number of observations. Variable C denotes the global
mean of the VV values for both water and land. The mean for the class and the glo-
bal mean C is used in calculating the BSS. C is denoted as:
C= % (4)
N

where N refers to the total number of observations in all classes (water and land). It
examines the distance between the means of water and land and considers the
squared sum of the observations in both classes-water and land (}_ > Xj) divided to
N. Therefore, the BSS is the squared sum of water and land classes in in each
Sentinel-1 image.

For each separate cluster (water and non-water), the probability is calculated using
the cluster probability computation equation denoted as:

P, = Zp(l), and p, = Z p(l), (3)
i=1

i=i+1

where p(i) =, n denoting number of pixels in the image.

2.6. Mapping permanent water bodies

Not all water features detected from the binary classification represent flooded
areas and a distinction should be made with permanent water bodies. To map the
permanent water bodies, various options were available: using Sentinel-1 SAR
images of the dry season where no rainfall and no flooding are experienced, or
considering areas with the highest frequency of flooding during the rainy season
with the assumption that flooding would not happen on each image of the rainy
season. We used the second option by preserving the oceans around Dar Es Salaam
as a base for detecting permanent water bodies (DeVries et al. 2020). The perman-
ent water bodies were determined based on the frequency of flood marks obtained
from the Sentinel-1 images. In this case, frequency measured by the number of
years where flooding occurred in a location. Over the last six years we obtained 55
Sentinel-images available for Dar es Salaam. Water/flood marks after binarization
of water and non-water features obtained in more than 50 of the images similar to
the adjacent Ocean water were considered as permanent water bodies based on the
assumption that flooding marks cannot be found at the same location in all the
images.
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2.7. Validation

In remote sensing data classification, several accuracy assessment methods are available
(Huang et al. 2017). Recently, many remote sensing accuracy assessment methods for
image classification are in use and most of those are derived from a confusion or error
matrix. In the literature, confusion matrix is at the core of accuracy assessment
(Congalton and Green 2019). In this study, the accuracy of the binarization to separate
water and land was assessed using the confusion matrix. Point observations (n=1064)
randomly produced in GEE were used as test set. The accuracy assessment was imple-
mented on the Sentinel-1 images acquired on 29 May 2021. The classes of the ground
truth points were determined based on visual interpretation of higher resolution optical
images (Airbus’ Pleiades, with around 0.5m resolution) in Google Earth captured on
12/05/2020. In total, we determined 506 water and 558 non-water ground-truth points.
VV backscatter of builtup, channelbed, floodplain, and waterbody by taking four sample
areas in and around Mbezi river were analyzed to provide evidences of spectral confu-
sion among these features that was used in the discussion section of this study.

3. Results
3.1. Distribution of the VV values

Figure 5 depicts the distribution of the intensity values of the polarization (VV) intensity
images that cover Dar es Salaam over the periods from 01 March-31 May 2021. As we
have over 50 images since 2016, we presented here only the images of the 2021 rainy
season. The pixel distribution is a reflection of the area covered by the scene in relation
to land and water (mainly the Indian Ocean). We observe a difference in the Sentinel-
1A and B histograms. This difference is related to the proportion of water bodies and
land surfaces area in the scenes. The Sentinel-1A scenes cover a proportional size of
water bodies and land surfaces, whereas the Sentinel-1B scenes cover larger land surfaces
than the ocean. The histograms clearly show the distinct separation of water and land
surfaces based on the VV values of the ground range detection of the Sentinel-1 SAR
images. The histograms of the VV values on 06/03/2021 seem to have a bias with less
sharp separation and higher threshold value (—13.02) compared to the other dates. On
this date, as can also be observed in Figure 8, large areas appear to be flooded.

3.2. Thresholds for separating water and land

The threshold charts of the Sentinel-1 images available in 2021 are plotted in Figure 6.
This chart shows the distribution of the threshold values evaluated based on the vari-
ance of the co-polarization (VV) intensity values of the GRD band reflected by land
and water. The y-axis gives the between sum of squares (BSS) values. The sum of
squares measures the deviation of the VV intensity values from the mean. A higher
sum of squares indicate a larger degree of variability. The BSS values are defined at
different threshold values. The threshold at which the BSS value is maximized (indi-
cated by the vertical lines) distinguishes water and land surfaces VV intensity values.
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Figure 5. Histograms of the single co-polarization (VV) intensity images that cover Dar es Salaam
over the period from 01 March-31 May 2021 presented as a sample representation to show the
pattern of the sigma VV values (dB) over the images. S1A refers to Sentinel-1 A, and S1B refers to
Sentinel-1 B.

In Figure 7, the discrete threshold values of over 55 images are plotted. These
threshold values are used to separate water and land in each scene. The threshold val-
ues vary between —15 and —12. There is no significant variation observed among
images in different years. Most of those images with threshold values ranging from
—15.5 and —14.5 have an ascending orbit path, whereas most of those in the group
with threshold values ranging between —13.5 and —12 have a descending orbit path.
The variation in the threshold values seems mainly due to variation in VV values
that arise from the difference in orbits, which by itself needs further investigation. It
could also be related to the fact that SAR image suffers from the heterogeneity of the
environment, caused by wind-roughening and satellite system parameters (Martinis
et al. 2009). Also because of the temporal heterogeneity of the backscattering of per-
manent water bodies, implying the temporal variability of the threshold (Martinis and
Rieke 2015). Regardless of this, we fused the two resources for flood detection. As
thresholds are defined for each image of the different orbits based on the observed
distribution of pixel values and segmenting by minimizing the intra-class variance on
two different homogeneous classes using an image histogram approach, we believe
that the separation of flood and non-flood features would not be affected by the rela-
tive difference in threshold values.
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Figure 6. Representative threshold charts of the co-polarization (VV) intensity values over the
period from 01 March-31 May 2021. The vertical lines indicate the thresholds that separate water
and non-water surfaces. The satellite (A/B) is as presented in Figure 4.

-12.500
-13.000 ® °
° P ° °®
7Y e
% e [ ] [ ]
-13.500
[
=
S -14.000
e}
©
5
© -14.500
=
=
. °
-15.000 . R %o o o
o‘. e “ ” h
[ ]
[) L] e '.
-15.500
-16.000

12/27/2014 5/10/2016 9/22/2017 2/4/2019 6/18/2020 10/31/2021
Date

Figure 7. Distribution of threshold values of the Sentinel-1 C-band GRD VV polarization images for
the period 2016-2021 (n=55).

3.3. Validation results

The binarization for separating water and land was evaluated using the confusion
matrix in GEE. The binarization was achieved with 95% overall accuracy and 0.90%
Kappa coefficient. The producer’s and user’s accuracies for both water and land were
greater than 93% (Table 1). This accuracy assessment assures a high level of accuracy
acceptable for mapping flood inundation. As is depicted in Table 1, a few (4%) water
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Table 1. Accuracy assessment result of the binarization of water and land.

Water Land Producer’s accuracy User’s accuracy
Water 537 21 0.96 0.94
Land 37 469 0.93 0.96

18-03-21

[ JLand A
I \\ater i
Validation points
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o Water

* City center

. e, R o 20 40
.: > =°.s".o'-t:" . ofe o, — e KM

8

Figure 8. Binarized Sentinel-1 images of a few dates that fully cover Dar es Salaam in 2021. The
randomly generated validation points are included in the last map.

test points were wrongly assigned to land and 7% of land test points were wrongly
assigned to water, signifying a low level of confusion between the two classes. How
well water is separated from land is presented in Figure 8 for visual interpretations.

3.4. Flooding occurrence and frequency

Flood inundation, be it from streams or overland flow affects every part of the city
and varies from year to year (Figure 9). Over the last six years, Dar es Salaam has
experienced flood inundation that covers on average up to 50km” per flood event in
March 2019 and 2021 (Table 2). In these years, large flooded areas are detected in
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Figure 9. Flooded areas in Dar es Salaam in 2021, presented as representatives.

March ranging from 6-200km” in total, with almost equal inundated areas in May
and April. Flood records from other sources indicate also that flood inundation in
the region is experienced in March, April and May (Table 3). Reportedly, the flood
events in 2016 took place in January, a season with little rainfall. In the reports,
flooding has also been experienced in October 2020, which is reportedly a season of



GEOMATICS, NATURAL HAZARDS AND RISK 17

Table 2. Flood inundated areas (km?) in Dar es Salaam (2016-2021).

March April® April May? May Grand

March?® Total® Total® Total® Total

2016 3.44 10.32 13.76

2017 35.04 105.11 332 9.96 3.14 12.57 169.12

2018 5.50 5.50 4.44 13.31 3.24 6.47 38.47

2019 50.01 200.03 5.79 23.15 3.92 19.58 302.46

2020 2.79 8.38 2.60 10.40 3.19 9.56 36.93

2021 49.32 147.96 2.98 11.94 3.50 17.52 233.23
Total 142.66 466.99 19.13 68.76 20.43 76.02

®Note: Average flood area per flood event.
PAverage flood area per event multiplied by the number of events in each month. The number of events is as indi-
cated in Figure 4(B).

Table 3. Historical flood records in Dar es Salaam region reported from various sources (source:
FloodList — https://floodlist.com/?s=dar+es+salaam&submit=).

Victiwms/

Event Date Death Displacement Rainfall depth
1 11-13 April 2014 - - -

2 14 April, 2014 10 - 135mm

3 20-25 March 2015 7 5000 91 mm

4 07 May, 2015 12 - 85mm

5 11-12 May 2015 12 - 52.5mm

6 20-21 January 2016 - - -

7 28 January 2016 - - 105mm

8 14-16 April 2018 - - 81.8, 99.6 mm
9 5-7 May 2019 - - 144mm

10 06-14 May 2019 2 - -

1 13 October 2020. - - -

12 04 March, 2020 - - -

13 24 April 2021 22 30,005 -

no or little rainfall. Most of the dates given in the reports are a range of days within
which flooding might have happened. In total only 13 flooding hazards are reported
from 2014-2021. This may imply that all flood events in various parts of the Dar es
Salaam region that might not have caused serious damage were not reported.

The flood frequency map in Figure 10 shows that the most frequently flooded areas
(>20 times since 2016) are located near inland water bodies, and along the peripheries
of the Indian Ocean. Some spot areas in the central part of the city are also subject to
frequent flood inundation. Except for those areas that are nearby inland water bodies,
the figure also shows that there is no clear spatial pattern in flooding frequency. Along
the shorelines, most narrow stretches that are included in the city administration are fre-
quently inundated. They are flooded for more than 20 times in the observation years
starting from 2016. Less urbanized areas (Figure 1), particularly, in the southern and
southeastern parts of the city administration show widespread flooding on 06 March
2021 unlike the most urbanized areas in the northern section of the city. Flood inunda-
tions along roads and rivers were not detected due to the low resolution of the Sentinel-
1 images compared mainly to the width of roads and rivers.

3.5. Flood inundation under different land cover types

We assessed the flood inundation condition under different land cover types in Dar
es Salaam region since 2017 using the flood data obtained from Sentinel-1 images
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Figure 10. Flood frequency in Dar es Salaam from 2016-2021 rainy seasons.

and ESRI land cover data. As the data show in Figures 11 and 12, bare ground and
built areas are widely inundated as compared to other land cover types. Actually, the
size of these land cover types is larger than the rest and it is highly probable that
they are affected by flood inundation. More than 35% of the areas of bare ground,
flooded vegetation, and areas around water bodies are inundated by floods in Dar es
Salaam (Figure 11).

4. Discussion
4.1. Sentinel-1 and GEE as potential resources for flood monitoring

As indicated in Figure 4, one of the concerns in remote sensing techniques for flood
mapping and monitoring is the constraint related to orbital cycles and temporal and
spatial gaps between satellite footprints. The Sentinel-1 satellites provide nominal 6-
day repeat imagery over Europe with both the Sentinel-1A and B operating together
making images available at 2-3 days temporal resolution, and a nominal 12-day repeat
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Figure 11. Flood inundation under different land cover types.

imagery over the rest of the globe enabling regular monitoring of flooding (ESA
2021). In view of the short lifetime and quick effect of flooding, Sentinel-1 images are
not frequent for urban flood monitoring in tropical areas, such as Dar es Salam
(Figure 4). Nevertheless, considering the absence of sufficient in situ and remote sens-
ing data at a finer temporal and spatial resolution, the availability of Sentinel-1
imagery is an option for flood mapping and monitoring (Torres et al. 2012; DeVries
et al. 2020). There are some successful studies regarding the use of Sentinel-1 images
for flood detection (Mason et al. 2014; Li et al. 2019). However, some of them were a
onetime event flood detection supported by known flood occurrences by analyzing
the before and after event changes (Long et al. 2014; Psomiadis 2016; Notti et al.
2018; Mason et al. 2021). Studies by Pelich et al. (2022) used the InSAR coherence
data to detect urban flooding using Sentinel-1 images. The study evaluated the contri-
bution of co-polarization and cross-polarizations in detecting the presence of flood-
water in urbanized areas. However, these studies did not use the GEE as a potential
source of data and processing. The use of GEE to perform computing in the cloud
enhances a simplified use of Sentinel-1 images for flood monitoring in Sub-Saharan
African urban regions and their surroundings like Dar es Salaam where data and
processing tools are main problems (Notti et al. 2018; DeVries et al. 2020). Some
studies have also indicated the suitability of GEE for a wide range of land and inland
water applications at a larger area coverage (Pradhan et al. 2018; DeVries et al. 2020;
Mullissa et al. 2021; Liu et al. 2022).

4.2. Problems of detecting floods

Even though Sentinel-1 data can provide reasonable estimates of flooded areas, the
challenge continues due to complexities in SAR backscatter as a function of reflection
mechanisms of different features (DeVries et al. 2020). In Dar es Salaam, separation
of flooded areas from smooth surfaces, such as airports (e.g. the Julius Nyerere air-
port at the city center in Dar es Salaam) and other pavements that are more than
double wider than the resolution of the Sentinel-1 images (10m) were difficult
(Figure 9). Flood inundations in roads and other pavements were not possible to
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Figure 13. Histogram of VV backscatter values for builtup (a), channelbed (b), floodplain (c), and
waterbody (d).

detect using the Sentinel-1 images in Dar es Salaam. For pixels to fully represent
roads and other pavements in the city, they have to be at least one-half the diameter
of the target object (Myint et al. 2011). As the roads are narrow, detecting inundated
roads and streets requires images with pixel resolutions significantly finer than the
road width, which is unlikely in Dar es Salaam (Curran and Atkinson 1999;
Giustarini et al. 2013; Hill et al. 2014; Zhang et al. 2021).

Flood inundations in and around the rivers in Dar es Salaam were not detectable.
Surface reflectance spectra of flooded areas/rivers may be confused with built-up fea-
tures and thus separating these features regardless of their width. As Brown and
Chanson (2012) reported, it could be because urban flood water carries sediments and
other materials washed out from cities and surrounding areas t causing increase in
backscatter signal amplitude. This issue needs further investigation in future studies.
To strengthen the argument, we analyzed the backscatter from builtup, channelbed,
floodplain, and waterbody by taking four sample areas in Mbezi river (Figure 13). The
mean VV values for builtup (-5.09+2.68), channelbed (-7.5+2.34), floodplain
(-12.45+2.6) are far from waterbody (-18.17 + 3.44) implying high backscattering due
to suspended materials in Mbezi river.

In addition, due to the complexity of urban environment and scattering from
buildings, signals from water surfaces that reach the SAR sensor might be affected by
noises that exaggerate signal strength (Meyer 2019; Frolking et al. 2022). Noise-like
speckles are major problem of SAR images; SAR images with 5-10 m resolution are
subject to speckles and surrounding strong scatters from buildings or other features
for detecting flooding in narrow flood plains (Gomez et al. 2019). This adds to the
difficulty of precisely separating flooded areas from other urban features. Therefore,
developing methods that reduce the effect of scattering from buildings and other
urban features may help to optimize the use of Sentinel-1 images for flood
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monitoring in complex urban environment. The look angle of the SAR sensors also
has effects on the variation of the Sentinel-1A and B images. Schmidt et al. (2020)
evaluated the radiometric performance of Sentinel-1A and B for different target types
covering a wide backscatter range from point targets with a high signal-to-noise ratio
to distributed targets like rainforest, ice area, and calm waters with medium or low
signal-to-noise ratio values. They confirmed that the look angle difference between
Sentinel-1A and B images have effects on the backscatter intensity. For low backscat-
ter targets, such as ice and calm waters targets higher backscatter differences were
found. For these targets, Sentinal-1B shows systematically lower radar brightness
compared to S-1A.

4.3. Flood occurrence and pattern in Dar es Salaam

In this study, most of the areas that are subjected to frequent flooding are found close
to inland water bodies and the ocean shores. Though less frequently, built, flooded
vegetation areas, and the lowlands and less urbanized bare ground areas in the south-
eastern parts of Dar es Salaam are also flooded (Figure 1). This is one part of the city
where settlement has been growing continuously since the end of the 1990s (Hill
et al. 2014). Rapid urbanization in the city coupled with unplanned land use might
have led to widespread settlement on environmentally fragile areas, such as flood
plains and wetlands that are frequently flooded by stream or overland flow (Mitchell
2013; Mguni et al. 2016). Even though recent studies show that the Msimbazi River is
one of the sources of flood inundation in Dar es Salaam city center (Rentschler et al.
2019), the Sentinel-1 based analysis does not prove this. This might be related to, in
addition to the low resolution of the Sentinel image, the confusion in backscatter of
floodwater and built-up features (Frolking et al. 2022) (Figure 13). Further studies are
required to develop state-of-the-art techniques for flood detection in complex urban-
ized environments that are scalable and transferable.

One of the challenges as regards the flood detection using the Sentinel-1 images
and the reported flood events in the Dar es Salaam region is temporal compatibility.
The sentinel images were not available for many of the dates when flooding was
reported. Only a few flood records overlap with the capture dates of the Sentinel-1
images. Due to the time gap in the Sentinel-1 scenes, filling up the gap with reported
flood events would be recommended for a better flood monitoring and decision
making.

5. Conclusion

The Sentinel-1 SAR data was used to map and monitor flooding in Dar es Salaam
since 2016. Considering the absence of data, such as high-resolution SAR data and
ground measurements due to their high cost and unaffordability by Sub-Saharan
African poor economies, the free access Sentinel-1 imageries were considered as good
options for flood mapping and monitoring. As evaluated by this study, the open-
source GEE cloud-computing platform has simplified the analysis of the Sentinel-1
images for mapping and monitoring urban flooding in Dar es Salaam. Hence, the
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open access Sentinel-1 images coupled with the powerful cloud computing GEE plat-
form makes flood mapping and monitoring easier and this approach is scalable and
can be applied to other African urban regions. It is advantageous economically and
in terms of multi-temporal flood mapping, monitoring, and flood disaster manage-
ment. This study investigated flooding at urban regional scale and did not go deep
into the complex urban environment. Therefore, we recommend further studies to
develop state of the art methods that would dive into detecting flooding in city cen-
ters and deal with reducing the backscatter reflectance from water bodies that come
due to the scattering effects of buildings and other urban features. Moreover, develop-
ing methods that could integrate Sentinel-1 with other remote sensing data could be
solutions. We also recommend a comprehensive study that incorporates Sentinel-1
images, measured flooding records, and a participatory approach that involves com-
munities for an integrated disaster management and planning. Due to the anomaly
experienced by Sentinel-1B on 23 December 2021, accessing a coupled Sentinel-1
images is not possible from this date on. This will have an impact on future flood
monitoring.
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