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Abstract: One of the most frequent natural perils affecting the world today is flooding, and over the
years, flooding has caused a large loss of life and damage to property. Remote sensing technology and
satellite imagery derived data are useful in mapping the inundated area, which is useful for flood risk
management. In the current paper, commonly used satellite imagery from the public domain for flood
inundated extent capturing are studied considering Can Tho City as a study area. The differences
in the flood inundated areas from different satellite sensors and the possible reasons are explored.
An effective and relatively advanced method to address the uncertainties—inundated area capture
from different remote sensing sensors—was implemented while establishing the inundated area
pattern between the years 2000 and 2018. This solution involves the usage of a machine learning
technique, Support Vector Machine Regression (SVR) which further helps in filling the gaps whenever
there is lack of data from a single satellite data source. This useful method could be extended to
establish the inundated area patterns over the years in data-sparse regions and in areas where access
is difficult. Furthermore, the method is economical, as freely available data are used for the purpose.

Keywords: remote sensing; flood extent mapping; Can Tho City; Google Earth engine; uncertainty;
support vector machine regression (SVR)

1. Introduction

Floods are one of the most frequent natural hazards affecting the world. Over the years, they have
caused a large loss of life and damage to property [1,2]. Due to changing climates, it is observed that
the magnitude and frequency of the floods are on the rise. In recent times, some of the events were
severe enough to be termed as catastrophic [3]. Such events underlined the importance of estimating
the flood risk and its management.

An important prerequisite for flood risk management is precise information on the real extent
of inundation. There has been limited experience and recorded evidence available about the spatial
extent of extreme floods. Traditional ground survey techniques have certain challenges, like a limited
network of monitoring stations in some developing nations, inaccessibility of the area during floods,
time consuming and laborious processes. [4,5]. In order to address these challenges of conventional
surveys, remote sensing has emerged as an effective and efficient alternative technique. The ability of
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remote sensing data to provide a synoptic view of a large area has been found useful for identifying
flood inundated areas [6]. It has become critical to use data derived from remote sensing technology
along with hydrological models to better manage flooding risk [7].

With the increasing availability of satellite imagery data in the public domain, government
agencies may use the remote sensing data for designing flood mitigation measures [8,9]. In the
absence of reliable historical records, flood risk modelling helps us to look at possible extreme
scenarios, while incorporating the changes in the flood risk profile with the help of remote sensing
data [10-14]. Multilateral agencies such as the World Bank and the Asian Development Bank have
used the results from flood risk assessments from time to time to explore various disaster risk transfer
mechanisms [15,16].

The precise detection of dynamic changes in water levels and land cover change information to
use for flood risk assessment depends on the spatial resolution of the image captured [17]. Various
remote sensing products offer options in capturing the water boundaries over a large area at a certain
point of time. Among them, high resolution satellite imagery data, such as Quickbird and WorldView
images are available, but many of these data are not freely available [18]. Freely available optical
imagery, such as Landsat Thematic Mapper (TM) and Enhanced Thematic Mapper (ETM+) can provide
satellite imagery data at 30 m spatial resolution and an interval of 16 days. Archival records of satellite
imagery data for more than three decades are available [19-21]. The longer-archived data and continual
capture over the same areas makes the data very handy for mapping water bodies at a large regional
scale for a variety of hydrological conditions. Band 7 data from Landsat is useful for distinguishing
water bodies from surrounding land mass, with an error rate around 5%. There is another remote
sensing satellite platform called Moderate Resolution Imaging Spectroradiometer (MODIS) (NASA,
Washington, DC, USA) which includes two key instruments, Terra and Aqua satellites. Terra MODIS
captures the imagery over the earth’s surface every one to two days, and acquires the data in 36 spectral
bands [8,9,15]. While Landsat data have relatively higher spatial resolution compared to data from
MODIS, the revisit time of the Landsat sensor is longer than the MODIS. Remotely sensed images
captured from the Sentinel-2 A and B optical sensors, launched by the European Space Agency in 2014,
were also used in the current study. The revisit time of the Sentinel-2 sensor is about 10 days and the
spatial resolution is between 10 to 60 m [10,16].

The Support Vector Machine (SVM) has been earlier used for applications such as land cover
classification [22] in Can Tho City. The Google Earth Engine (GEE) became available later, which
provides access to data from multiple satellite sensors via a single platform and also facilitates image
processing functions which were earlier carried out in specialized remote sensing software (such as
ERDAS/ENVI). The potential of GEE for analyzing flooded areas from the study area (Can Tho City)
has not been studied much and this paper sheds light onto this important area. It is critical that such
methods are explored in data scarce regions in SE Asia. Furthermore, some of these urban regions
(such as Can Tho City) have experienced high economic growth in the recent years due to infrastructure
development and migration from neighboring rural areas. There has been a scarcity of historical flood
information, such as inundated area from ground surveys. In addition to establishing a procedure to
retrieve the available historical information from GEE platform, our paper also proposes the use of SVM
Regression, a relevant machine learning technique to address the spatial and temporal uncertainties in
such regions. We believe that our paper proposes an important and economical solution which can be
extended to establish historical flooding patterns for many SE Asian regions where such information
is lacking.

Flooded water can be delineated using image processing techniques [11,12] on different satellite
images, in the midst of increasing cloud cover. In order to gain the maximum benefit from satellite
images, it is important to combine information from different kinds of sources, so that problems
with one method can be overcome by employing the other methods [13,14]. However, advances in
machine learning allow us to combine data from different satellites, thus providing an important option
to minimize uncertainties in data resulting from different spatial and temporal resolutions. Here,
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we hypothesize that the use of an advanced machine learning technique of Support Vector Machine
Regression (SVR) can help identify the water-inundation areas over time when using satellite imagery
with different spatio-temporal resolutions [23-25]. SVR also helps when incomplete data are available,
thus enabling a more complete set of readings to be included into any further modelling. SVR can
predict non-linear relationships and therefore used in the current context. The objective of this study is
to minimize the uncertainties related to different spatial resolutions from different satellite platforms,
by using SVR to reconstruct the flooding extents.

In this study, we used imagery from Landsat, MODIS and Sentinel-2 satellite sensors. These
satellite platforms were chosen because of several reasons: 1) availability of data for long periods
2) data being available free of cost and 3) often two to three datasets would be available within the
period from September to October (flooding season in Can Tho City) each year.

2. Materials and Methods

2.1. Study Area

The study area is Can Tho City, which is in the center of the Vietnamese Mekong Delta. Regions
of the Vietnamese Mekong Delta are prone to high to extreme risk from floods [26-29]. The city is
75 km far from the Vietnamese East Sea (Figure 1). Can Tho City is one of the five cities centrally
administered in Vietnam. It is the largest city in the Vietnamese Mekong Delta and an important base
of increasing commerce, industry and transportation network [30,31]. As of April 2019, the city has a
population of 1,235,171 [32] with a natural land area (in 2017) of about 1439 square km [33].
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Figure 1. Lower Mekong Basin (left figure) in South-East Asia; Study Area Can Tho City (highlighted
in the right figure).

The socioeconomic development goals for 2020 and 2030 of the Vietnamese Mekong Delta see the
increasingly significant role of Can Tho City in achieving the growth objectives [29] Can Tho City is
set to be the regional centre for many upcoming and developing industries, primarily based on the
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vast arable land and water bodies. These industries include aquaculture, fishing and food processing.
Figure 2 below shows the entrance to Tra Noc industrial zone in Can Tho City which houses several
industrial firms. The increasing outputs from these industries in Can Tho City make the city a key
contributor to the food security in the Mekong Delta region. Apart from these industries, Can Tho City
plays an important role in the transportation connectivity via its many waterways, road network and
the international airport. Due to the development of infrastructure as well as the industries, Can Tho
City has attracted a lot of migrants in search of jobs and favorable economic engagement. As a growing
city, it has witnessed a lot of construction activities in the recent times which resulted in changes in
land use patterns. Figure 3 shows the ongoing construction activity of an industrial establishment.
However, some of these economic growth related activities are hampered by the frequent natural
disasters such as floods [34,35].

Figure 2. Tra Noc Industrial Zone in Can Tho City. The zone is home to industrial firms producing
electronic, food processing, automotive, construction materials and pharmaceutical products.

Figure 3. An industrial building under construction in Can Tho City.

Analysis of flood risk in Can Tho City can be adapted to larger sections of South and South-East
Asia since several of the geographical features with relation to proximity to major rivers and ocean as
well as the weather patterns are noted in several developing cities in South and South-East Asia. Can
Tho City faces threats from the three kinds of flooding: fluvial, pluvial, and tidal [36].

Upstream hydropower development along the Mekong may also cause hydrological
alterations [37], but the impact on the delta is limited, with the change in flooding extents being
slow to develop once they reach the lower parts of the delta. Importantly, the circumstances of the
city are constantly changing and this brings about challenges and uncertainties in flood risk analysis
and management.
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Given the importance of Can Tho City to the economy, indeed to several aspects of the Viethnamese
Mekong Delta, it is a good place to understand the development and maintenance of flood mitigation
and management strategies in place. Can Tho City faces multiple challenges such as the increase in sea
level and river runoff due to climate change, urban runoff caused by imperviousness and potential
intensification of extreme rainfall due to microclimatic shifts [38]. Floods in Can Tho City cause losses
to the city’s infrastructure and result in an adverse impact to the livelihoods of citizens. Some of the
reasons for the flooding in Can Tho City include the lack of robust flood-prevention system and rapid
urbanization [39].

Can Tho City is also an ideal place to study the effect of uncertainties in current flood risk
assessment, which can eventually lead to strategies for tackling these uncertainties. In time, strategies
developed in an accessible—but developing—city, can be adapted to larger sections of South and South
East Asia.

Figure 4a—d below capture some of the scenes observed in the streets of Can Tho City during the
floods in the year 2014. Due to the varied processes via which flooding can occur in the Mekong Delta,
the Vietnamese government is attempting to provide plans to mitigate damage from flooding [29].
One way to do this would be to assess inundation patterns from the past. There is a paucity of
on-the-ground data regarding flood extents in these areas. This has led to greater reliance on data
gathered from remote sensed data. Remotely sensed images from satellites are used to reconstruct
historical flood extent maps in several nations [40,41]. With the different kinds of satellites in use
for accessing these data, reliability and usability of such data should be studied. One of the ways
would be via examining the potential of freely available satellite imagery for the study area. Here, we
used the capacity of the Google Earth Engine (GEE), a web-based platform, to analyze the flooded
areas from three different satellite imagery (Landsat, MODIS and Sentinel-2). Each of these three
satellite image sensors has their own advantages and disadvantages (e.g., different spatial and temporal
resolutions). A range of potential flooded areas are provided by each of these sensors, and SVM was
used to reconstruct the flooding patterns.

Figure 4. (a—d) Photographs showing the different inundated areas in Can Tho City during the floods
in the year 2014 (Courtesy: Dr Dunja Krause, United Nations Research Institute for Social Development
(UNRISD, Geneva, Switzerland).
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2.2. Methodology

The below steps were followed to conduct the study. Further description about the data and
techniques are provided in Sections 2.2.1-2.2.3, 2.3 and 2.4.

a.  Available satellite imagery from Landsat and Terra MODIS sensors covering the study area
between the years 2000 and 2018 were accessed via the GEE platform. Available imagery from
Sentinel-2 sensor is accessed from the year 2015 onwards.

b.  Extent of water bodies from respective satellite imagery are calculated using Normalized
Difference Water Index (NDWI). Details are outlined in Section 2.2.2.
C. The calculated inundated area figures (i.e., extent of water bodies) from different satellite sensors

provide different values. This is due to the spatial and temporal differences of the three different
satellite sensors which were considered. To account for this uncertainty, Support Vector Machine
Regression (SVR) technique has been used to reconstruct the inundated area values for different
months as an integrated value from three sensors.

2.2.1. Google Earth Engine

Google Earth Engine (GEE) is a web-based cloud computing platform capable of storing multi-layer
catalog of satellite images and geospatial datasets within GEE’s Public Data Catalog [42—44]. In addition
to archival, within the GEE script-environment these large datasets can be analyzed for identifying the
changes, mapping variations, and variances on the surface of the earth. Since GEE is a cloud-based
service, there is no necessity to download and analyze imagery in the traditional manner and thus this
saves time.

Phongsapan and colleagues studied the potential of GEE platform in deriving an operational flood
risk index covering Myanmar [45]. Uddin et al. outlined the utility of GEE in using multi-temporal
Sentinel-1 Synthetic Aperture Radar (SAR) satellite imagery in capturing the flood inundated areas in
Bangladesh [46]. Sidhu and team and Celik and team also used GEE for identifying the land cover
changes in urban areas in Singapore [47] and Ankara [48], respectively.

Nguyen and colleagues analyzed several Landsat satellite imageries to examine the changes in
built-up area in Can Tho City between the years 1998 and 2018. However, GEE was not used to retrieve
and analyze the Landsat imagery in this case [49]. Goldblatt et al. earlier demonstrated the application
of GEE for identification of boundaries of urban regions (i.e., built-up areas) in India [50]. Review of
studies such as the above illustrate that there is a gap in research and utilization of GEE for research
work in Can Tho City (study area), more so in the important area of flooding risk. The important idea
of utilization of historical satellite imagery via GEE, an efficient archival and computational platform
in Can Tho City was introduced in our paper.

Researchers wishing to use the service neither need to be familiar with nor need to use specialized
remote sensing software such as Environment for Visualizing Images (ENVI) and Earth Resources
Data Analysis System (ERDAS) Imagine for regular image processing functions. As with other open
source software, several algorithms are provided by other users, thus providing a greater expertise
in analyzing different datasets than would be possible for a single person or team working together.
Bulk downloads and memory use can be avoided since work can be performed online. In this study,
datasets related to Can Tho City from three publicly available platforms, Landsat (5, 7 and 8), Sentinel-2
and MODIS were obtained and analyzed using the Google Earth Engine.

2.2.2. Extraction of Water Body Extent

The Normalized Difference Water Index (NDWI) [42,51,52] is an index derived from the satellite
imagery using the Near-Infrared (NIR) and Green wavelengths. NDWI can capture the water
body presence from remote sensing imagery via separating non-water related features. Reflected
near-infrared radiation and green light are used in the calculation since this helps in excluding
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vegetation and land, while improving water detection [52]. NDWTI is calculated with the formula as

shown below: c NIR
NDWI — reen —

~ Green + NIR
where the Green is the band which captures reflected green light and the NIR represents the near-
infrared radiation.

)

By using green wavelengths, the typical reflectance of water features is maximized, the low
reflectance of NIR by water bodies is minimized and the high reflectance of NIR by vegetation and soil
features from the land is maximized. The outcomes from the above index are that water bodies have
positive values while using multispectral imagery which has a reflected green band and an NIR band.
Soil and vegetation features have zero or negative values due to the typical high reflectance of NIR
than the green light [52].

During the processing of satellite imagery, an appropriate threshold was applied based on the
presence and extent of cloud cover in the imagery. For example, a threshold value of 0.1 was applied
for imagery with high cloud coverage whereas a threshold value of 0.3 was applied for the satellite
imagery with relatively less cloud coverage [53]. This helps in capturing even very low values of
NDWI which may result from high cloud coverage or the absence of water bearing pixels. When the
water bodies are clearly visible, the increase in threshold value beyond 0.3 does not have much effect;
hence a threshold value of 0.3 is good enough for imagery with clear water body presence and less
cloud cover.

2.2.3. Data (Landsat 5,7,8, Terra MODIS and Sentinel-2)

Landsat

The Landsat programme is a joint venture of United States Geological Survey (USGS), National
Aeronautics and Space Administration (NASA) and National Oceanic and Atmospheric Administration
(NOAA), and has been in use since 1972 [20,21]. For most Landsat imagery, the temporal resolution
(sensor revisit time) of Landsat is 16 days. For Landsat imagery that includes multi-spectral and
thermal data, spatial resolution is mostly about 30 m. Landsat data are available in the GEE in its
raw form, surface reflection, Top Of Atmosphere (TOA)-corrected reflection, and other ready-made
products, such as NDWI, NDVI and EVI indices. Landsat sensor, however, cannot capture the data
when there is a cloud cover. From Figure 5a below, it can be noted that parts of the study area, covered
with clouds are captured as white patches. This posed issue with derivation of accurate inundated
area during certain periods. Scanline collector failure of the Landsat 7 Enhanced Thematic Mapper
in 2003 led to data gaps with 22 percent of the coverable area missing. Figure 5b below illustrates
this issue. Images acquired in these two cases (with cloud cover and scan line cover) introduce some
uncertainty in the inundation area captured. Figure 5c,d below show the false color Landsat images
acquired during dry and flood season respectively.
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Figure 5. False color Landsat imagery showing the study area during (a) cloud cover (b) scan line
collector failure (c) dry season (d) flood season.

MODIS

The Moderate Resolution Imaging Spectroradiometer (MODIS) was built by Santa Barbara Remote
Sensing facility and was launched into the orbit by NASA during the year 1999 on board the Terra
(EOS AM) Satellite, and in 2002 on board the Aqua (EOS PM) satellite [15,54]. These instruments are
capable of imaging the surface of the Earth every 1 to 2 days, at 250 m, 500 m and 1 km resolutions.
Data are captured in more than 35 spectral bands, ranging from <1 um to nearly 15 um. Changes and
processes occurring in the oceans and on land can be captured by MODIS. Figure 6a,b show the False
color Terra MODIS images acquired during dry and flood seasons respectively.

a b

Figure 6. False color Terra Moderate Resolution Imaging Spectroradiometer (MODIS) image showing

the study area during (a) dry season and (b) flood season.

Sentinel-2

Sentinel is a group of satellites managed by the European Space Agency (ESA, Paris, France)
under the Copernicus program in 2014 [10,16,55]. Here, we used high-resolution optical images from
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Sentinel-2A and 2B, which together have a temporal resolution of about 5 days and a spatial resolution
of 30 to 60 m. Figure 7a,b show the false color Sentinel images showing the study area captured during
dry and flood season respectively.

a

Figure 7. False color Sentinel-2 image showing the study area during (a) dry season and (b) flood season.
2.3. Data Time-Period

In this study, data from the years 2000 to 2018 were collected for the study area from Landsat
(5,7,8) and Terra MODIS. We attempted to collect one data point from the data from each month
in this time period (total of 228 possible months). Certain prerequisites needed to be maintained
when remotely sensed images were collected for analyses of flooding extent, like less than 20% cloud
coverage (0% if possible, since floods occur during the rainy season) of the images. Landsat provided
spotty images between 2003 and 2014, due to the partial failure (scan line collector failure) of the
Landsat 7 satellite [56,57]. Additionally, the Sentinel-2 satellite was launched recently, and data are
only available from the year 2015 onwards.

Here, we used the classification of pixels in the remote sensing image into those containing water
and those not containing water by using the NDWI. This was undertaken for all the available and
usable images from Landsat, MODIS and Sentinel-2 sensors. Of the possible 228 data points from each
type of sensor, data from 82 months is available from Landsat and data from 214 months is available
from MODIS. For Sentinel, data are only available from September 2015, and of the possible data from
40 months, we obtained data available from 27 months.

While analyzing data from different platforms, discrepancies are noted in the inundated areas
obtained from each platform. We therefore used support vector regression (SVR), a non-linear
regression technique, to reconstruct flooding patterns.

2.4. Support Vector Machine Regression (SVR)

SVM has earlier been used mainly as a supervised classification technique while analyzing
satellite imagery [58]. It is a supervised, non-parametric classification algorithm, used for linear binary
classification of data points [23,59]. Support vector refers to data points that fall along the border of the
margin of separation. As with any supervised classification algorithm, SVM requires a training data
set. However, with SVM, a small training set is enough and can provide good classification accuracy.
For every data point, a decision is made whether it is far from the support vector. The distance from the
support vector determines the margin of classification. It classifies each new datapoint from the testing
set without making assumptions as to the classification, i.e., data classification is not dependent on
assumption of Gaussian distribution and not based on nearest neighbors. SVMs also provide a balance
between data overfitting and underfitting, even when limited training samples are used. This method
is often used to for images obtained from multi-spectral satellite sensor images.

The potential of Support Vector Machine (SVM) as a supervised machine learning classifier in
deriving the flooded area from Landsat imagery has been studied by Ireland and colleagues [60].
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Syifa et al. utilized SVM and Artificial Neural Network (ANN) classification techniques to derive
the map showing the flooded area after the collapse of Brumadinho dam wall in Brazil during
January 2019 [61]. However, the SVM technique can be applied for both classification and regression.
In the current study, we applied the principles of SVM for regression, called Support Vector Machine
Regression or simply Support Vector Regression (SVR). Gizaw and Gan applied SVR technique for
the estimation of regional flood frequency covering two study areas in Canada [62]. Chen and Yu
adopted SVR to develop a model to provide a deterministic flooding stage forecasting for Lang-Yang
river in Taiwan [63]. SVM and SVR have become effective machine learning substitutes to Artificial
Neural Networks (ANNSs), finding more applications in flood prediction [64]. These methods have
been applied in several flood prediction studies with better performance results compared to ANN
and Multiple Linear Regression (MLR) techniques. These methods were applied involving data such
as flood time series, extreme rainfall and streamflow [64,65].

For the training set, data from homogenous areas in the collected images were utilized. Here,
SVR was used to adjust for the missing data from several months. When data from at least one sensor
are available, SVR can generate a composite value for the inundated area. The major reason for using
SVR is the different spatial and temporal resolutions for the three satellite imagery we analyzed here.
While Landsat and Sentinel-2 imagery provide relatively high spatial resolution, they have lower
temporal resolution. In addition, SVR can better predict non-linear predictor/predictand data as used
here, and which cannot be well predicted via linear regression methods.

In total, we analyzed 83 Landsat images, 214 MODIS images and 27 Sentinel images.
Where available, for each Landsat or Sentinel image, we found a corresponding MODIS image
and there were 105 image pairs. We bootstrapped these pairs with the training and the testing ratio of
7:3,100 times. The average value of coefficient of determination (R?) for 100 rounds of this was 0.85 for
training, and 0.72 for prediction. By using this method, we were able to reconstruct integrated flood
extent values from MODIS data using the SVR model constructed from the image pairs. Packages
€1071 and boot were used for these analyses, performed on R [66-69].

3. Results

3.1. Capturing Inundated Areas Using GEE

In this study, “ground-truth” information from the field survey was not available for the study
area under consideration. This issue is not uncommon for flooding risk and this often results in scarcity
of quantitative validation [70]. To address this challenge, we collected 200 random high-resolution
Google Earth images (100 water and 100 non-water images). The Kappa Coefficient of Landsat, MODIS
and Sentinel-2 accessed from GEE were 0.87, 0.75 and 0.89 respectively. These Kappa index values
demonstrate strong (Kappa value > 0.8) to moderate (Kappa value > 0.7) correlation between inundated
areas as determined by satellite imagery from GEE and an external source, thus allowing for the use
of satellite images and the corresponding thresholds in classifying the inundated areas/water bodies.
The lower K value of MODIS compared to the two others may be caused by its lower spatial resolution.

3.2. Correlation and Differences Between Data from Different Satellite Sources

In this study, data from different satellites were utilized to derive the extent of water inundation
in Can Tho City. As an initial step, it is necessary to assess the degree of agreement between the
flood extents derived from the different satellite images. As such, we performed Pearson’s correlation
between data from Landsat and MODIS images. The data are highly correlated, with a Pearson’s r of
0.84 (Figure 8a). We also performed Pearson’s correlation between Landsat and MODIS data separately
for the low inundation period (from the months of February to July) and the high inundation period
(August to January). For this process, we collated the Landsat data from the months of February to
July throughout the study period and correlated it with the MODIS data collected from February to
July during the study period. A similar correlation was performed on data collected from August
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to January. The results showed that the Pearson’s correlation coefficient was low during the low
inundation period (r = 0.15, low inundation period). However, the correlation was high during the
high inundation period (r = 0.79, high inundation).

[
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Figure 8. Correlation of inundation data between different sensors. Monthly inundated area captured
from one sensor is plotted on the x-axis and the other is plotted along the y-axis. (a) Left picture:
Landsat and MODIS Sensors; (b) Middle picture: Landsat and Sentinel-2 Sensors and (c) Right picture:
MODIS and Sentinel-2 Sensors.

Similarly, Pearson’s correlation analysis was performed between data from Landsat and Sentinel-2
images (Figure 8b) and MODIS and Sentinel-2 images (Figure 8c). These data are also highly correlated,
with a Pearson’s r of 0.91 and 0.80, respectively. Limited data are available from Sentinel-2, since it was
launched more recently than the others. Its correlation with the Landsat data is very high, given the
similarly high spatial resolutions of both these data.

A major reason for the differences between the data collected from the three sensors is the
differences in spatial resolution of the data collected. Additionally, cloud coverage, especially during
the times of high inundation, is another important factor. High inundation happens during the rainy
season, and therefore completely avoiding cloud cover would be nearly impossible. Nevertheless,
the great degree of correlation informs us that over a long period of time, data from different sensors
can similarly inform us about the water-inundated area over several years.

Unfortunately, the “ground-truth” information from the field survey is not available for the study
area under consideration. This issue is not uncommon for flooding risk and this often results in scarcity
of quantitative validation [70].

3.3. Seasonal Variations in Water Levels Observed by Different Sensors

As stated in the previous section, the correlation between Landsat and MODIS data was lower
during the months of low inundation. To assess the agreeability between the different sensor data,
we also plotted the time course of the Landsat, MODIS and Sentinel-2 data over the full time period
of analysis, from 2000 to 2018. We observed that the data collected from the different sensors show
some differences. However, the results from all the sensors demonstrate increase in the inundation
area during the months of increase in rainfall and decrease in months when there is decrease in rainfall

(Figure 9).
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(blue) and Sentinel-2 (pink).
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3.4. Use of Support Vector Machine Regression (SVR) for Reconstructing Inundation Areas

The correspondence of inundation areas derived from Landsat and Sentinel-2 imagery is observed
to be high (Figure 8b), as can be expected based on the high correlation (Pearson’s r = 0.91). Hence,
we used the Landsat and Sentinel-2 data to train the MODIS data using the SVR approach.

Reconstructed values were obtained for inundation during all the months when images from
MODIS were available. Inundated area values obtained from the sensors and reconstructed data
are plotted in Figure 10 below. The MODIS data from the 105 image pairs are trained from the
corresponding Landsat/Sentinel-2 data (Figure 10a, red dots) via SVM regression and the reconstructed
data derived (Figure 10a, blue dots). There is a reduction in the variation in the reconstructed values
compared to those from MODIS data (Figure 10b).
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Figure 10. Reconstructed data from Support Vector Machine Regression (SVR) analysis (a). Comparison
of image pairs used for Support Vector Machine (SVM) regression analysis and reconstructed data.
The 105 image pairs used to train the SVM regression model are plotted in red and the SVR results
are plotted in blue. The x-axis indicates original inundated area in sq km derived from Terra MODIS
and y-axis indicates inundated area data in sq km from Landsat/Sentinel-2 (for the red dots) and from
reconstructed data (for the blue dots); (b). Box plots showing the inundated area in square kilometers
from Terra MODIS sensor (left) and the reconstructed value (right). The y-axis shows inundated area
(MODIS data and reconstructed values) in sq km.

When the reconstructed data are plotted against time, the pattern of the data shows increases in the
water-inundated area during the wet months and decreases during the dry months, when water flows
only in the waterways, as is seen with the original data (Figure 11). This training approach ensures
that data from more than one sensor can be used to generate a composite model of the inundation
areas during all the months when data from at least one sensor is available.
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Figure 11. Reconstructed area of flood inundation using support vector machine regression (black).

3.5. Trend of Inundation Areas in Can Tho City

During the years of the study, it was noted that the total inundation area has steadily decreased
in Can Tho City. To better observe this, we obtained the average monthly inundation every year
using the reconstructed SVR data (Figure 10). In the graph shown below (Figure 12), the average
monthly inundated area (in square kilometers) reconstructed using Support Vector Machine technique
is plotted on the y-axis against the respective years from 2000 to 2018 on the X-axis. The seasonal
Mann-Kendall test was used to test this. The Mann-Kendall Tau was —0.1003, with a p value of 0.03.
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This indicates that the inundation decreased overall during the time period of the study. After the year
2000, the Vietnamese government invested more in the dyke system to increase agricultural production
(rice) in Vietnamese Mekong Delta (VMD). This resulted in a general decrease in flooding area over the
years. A similar pattern has been reported in studies conducted in the other parts of VMD, such as the
Long Xuyen Quadrangle (LXQ), the Plains of Reeds (POR) and An Giang province of the Vietnamese
Mekong delta [34]. Though it is not a direct validation, the similarity in the trends with the other
regions provides the consistency in the effects after the investment in dyke systems from the year 2000.

m
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o
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50

Average monthly
inundation (sgq km)

Figure 12. The reconstructed average monthly inundation area in Can Tho City from 2000 to 2018.
Inundation is decreasing over time similar to that observed in other parts of the Vietnamese Mekong
Delta [34].

4. Discussion

In this study, we analyzed images of Can Tho city from three different satellites (Landsat, MODIS
and Sentinel-2) with varying temporal and spatial resolutions, and used a non-linear regression
method—Support Vector Machine Regression—to integrate all the data an derive one single value.
Here, we show that the correlation between data from different satellites is high, allowing for the
training of the SVM to obtain inundation data for the period of 19 years, from 2000 to 2018. We also
observe that the inundation area has been steadily decreasing over the years. Our results provide a
proof-of-concept that machine learning algorithms like SVM can be successfully applied to combine
data from different satellites to obtain one seamless inundation result that can be used for flood risk
management. The results show that this can be completed with the use of freely available data and
cloud computing platforms, thus allowing economically viable solutions for rapidly developing regions
in South East Asia, such as those exemplified by Can Tho City.

Several studies have been carried out on flood risk assessment, via the use of satellite imagery.
However, use of satellite data leads to the introduction of uncertainties. This is because of the different
spatial and temporal resolutions of the satellite data. In addition, the failure of Landsat scan line
corrector from May 2003 adds another layer of uncertainty, leading to lack of data for a certain period.
These uncertainties are the epistemic uncertainties seen in flood risk assessment, that are introduced
due to a lack of sufficient data and knowledge [71]. These uncertainties can be reduced by combining
data from different satellites as we did in this study, and by using the power of machine learning to
resolve these issues, which is a step in the right direction. While it is tempting to compare the data
from our current study to historical flood extent data, this was not carried out, because the historical
flood extent data are obtained from Landsat data, and thus cannot be compared here.

Here, we also showed that GEE can be used successfully to capture the inundated areas. The cloud
computing capacity of GEE can be used to analyze massive amounts of data in a relatively short period
of time. One other advantage is that the GEE platform provides data from different satellites under one
platform. While GEE has mostly been used to detect changes in land cover, here, we used the engine
to analyze data related to inundated regions. From the reconstructed average monthly inundation
between the years 2000 and 2018, it is noted that there is a general decreasing trend. The possible
reasons for this decreasing trend include urban expansion (i.e., urban built up area) and increase in the
local flood protection systems [22,72]. Furthermore, more water is transferred to the middle of the
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Vietnamese Mekong Delta due to the upstream flood prevention systems and sea level rise. [27,73,74].
There is some uncertainty in the inundated area capture due to the cloud cover in some satellite imagery
and the operation of sluice gates. However, the effect of this uncertainty on the long-term inundation
pattern is minimized by using the data from three different satellites (Landsat, MODIS and Sentinel-2)
and SVM regression approach.

The temporal resolution of MODIS satellite sensor is around two days, whereas the satellite revisit
periods of Landsat and Sentinel-2 are 16 and five days respectively. Furthermore, Sentinel-2 data only
became available from September 2015. Landsat sensor provided spotty images between 2003 and
2014. Data from Terra MODIS are therefore more frequently available than the other two sensors,
although its spatial resolution is relatively low. Hence, the data were available for certain months from
the three different sensors, but there are cases where the inundated area data are available only from
MODIS. We used the SVM technique to integrate the three techniques to output a single inundation
value, a reconstructed inundated area figure when two or three different figures are available.

Satellite remote sensing imagery derived data have been increasingly recognized as a critical
source for identifying land features and changes in the land cover from time to time. There are several
freely available satellite data sources and the user community, particularly engaged in flood risk
management, could benefit from this open source data. Whilst there are differences in the temporal
and spatial resolutions from different data sources, appropriate techniques could be applied to derive
optimal advantage from this disparate sets of data. For example, advanced data science techniques
like machine learning could be employed to “fill-in” the data gaps while using the available records
from multiple sources. This information is quite useful in the sense that it helps provide an indicative
reference information based on scientific methods. During floods, it is not uncommon that a robust
mechanism is not always available or possible to capture the “ground-truth” or actual flood extent
map [75]. This issue is prevalent in many Asian territories, including Vietnam. The reasons for this
include the difficulties in logistics of field surveying, and issues with reaching inaccessible areas during
or immediately after a flooding event [5].

In the absence of ground-truthing data, alternative methods such as the usage of crowdsourcing
data (photographs), development and deployment of mobile applications for automatic inundated
area detections and analyzing the information shared via social media platforms (e.g., geotagged
images) can be considered [76]. The role of people living in the flooded areas is crucial for information
dissemination about the flood event. They can help in verifying the data collected and contribute to
the reports when flood detection sensors are not available.

The contribution from citizens and development of integrated platforms to collect and analyse the
data can help in improving the granularity of the data, such as both the temporal and spatial resolutions,
and can be an effective form of the validation of data from other sources like remote sensing satellites.
Some good examples of such initiatives include WeSenselt, Ground Truth 2.0, and FloodCitiSense
projects funded by European Union [77]. The accretion of crowdsourcing data for understanding
flooding events is vital, even more so when the events occur in urban regions. The limitations in the
temporal resolution from remote sensing sensors can be overcome as the crowdsourcing information
can be made immediately accessible. Furthermore, flood depth information can also be collected at
various places of interest at regular intervals to augment the data from other sources [78].

The recent improvements in remote sensing and geographical information systems (GIS)
technologies have paved the way for further innovations in natural disaster risk management,
particularly in flood risk assessment, damage assessment and planning [79]. There could be newer
machine learning methods or improvisations to potentially enhance the SVR going forward. Further
studies in this direction are important.

5. Conclusions

Flooding in Can Tho City can cause huge economic losses and impact many lives. In this study,
a cost-effective solution for the study of flood risk via the usage of freely available satellite imagery
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(Landsat, MODIS and Sentinel-2) was proposed. Google Earth Engine, a powerful satellite imagery
data archival and computing platform, was used to derive the areal extents of the inundated area
for every month over a period between the years 2000 and 2018. Support Vector Regression (SVR),
a supervised machine learning algorithm has been used to reconstruct the water-inundated areas.
This reconstruction allowed for the filling of the data gaps while considering the data uncertainties
from different satellite sensors with various temporal and spatial resolutions. This also helped establish
a relationship for identifying the flooding pattern over the years. The inundated area pattern allows
the users to examine the trends in flooding and assess the flood risk. This is a useful technique which
could be extended to several other SE Asian cities and provinces which are prone to flooding.

Remote sensing can provide spatially continuous data, unlike point measurements, from gauging
stations, and this is especially useful in the case of long duration floods [80]. Satellite revisit time
allows for flood monitoring at regular intervals without a physical presence at the location of flooding,
especially when access is difficult. In addition, the remote sensing data are easy to access, and are
rapidly processed. However, these data carry some limitations; the quality and applicability is subject
to the spatial resolution and satellite repeat visit time. There is also scope for errors in identifying the
flooded area based on the image processing algorithm used. If the revisit time of the satellite is longer,
then the monitoring is not possible at short intervals of time [14]. Nevertheless, the advantages of these
data far outweigh the disadvantages and with improved techniques and sensors, these disadvantages
can be overcome.

In this study, we provided a proof-of-concept, showing that using machine learning algorithms can
help integrate data from three different satellite sensors to derive one single integrated value, providing
economically more feasible methods in regions of the world undergoing rapid growth. A small number
of data pairs can be sufficient to do so, especially when techniques such as bootstrapping are utilized
along with support vectors, as was carried out here. Since a greater number of MODIS images are
available due to its relatively higher temporal resolution, we propose that Landsat and/or Sentinel-2
data can be used to train MODIS to derive the composite inundation values. In this way, the advantages
of data from greater temporal and spatial resolution may be integrated by the researchers and other
practitioners. Here, all the data and analytical tools we used are freely available. We hope that others
can use similar methods to access data in places where field data are not easily available, but where the
assessment of flood risk is critical for planning and development purposes.
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