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ABSTRACT

Understanding the river dynamics is very important to be able to make use of all river functions and to pro-
tect ourselves against floods. Hydrodynamic models are used to predict river behaviour and one of the input
parameters is the river geometry. In-situ measuring of river geometry can be very expensive and time con-
suming. Remote sensing offers a more efficient method to monitor rivers, because it has the ability to con-
tinuously monitor the Earth surface at multiple scales. Rivers in monsoon dominated regions show a strong
seasonal variation in discharge and have a high variability in morphodynamics. Therefore it is very important
to have a high spatial-temporal resolution of river geometry data as input for hydrodynamic models to keep
up with the changes in the river. Both optical and microwave images can be used in providing information
about the river geometry. The microwave images need a lot of processing to deal with noise, but they are
not limited by clouds, whereas optical sensors are troubled by clouds but produce less noise. The benefit of
combining these methods is because the microwave images could fill the gap of cloud covered optical images
during the monsoon. The main result from this thesis is that more investigation is needed on how to deal
with the noise produced by the microwave images before the methods can be combined. Nevertheless it is
shown that using the Canny Edge detector and Otsu thresholding improves the results. With this research
we are a small step further in global river monitoring. This is important in particular for parts of the world
where rivers are not continuously monitored because they are situated in hard to reach terrain and because
the country will not invest in local gauge stations. Having more knowledge about river behaviour will help to
get a better understanding of water losses along the river course, habitat change and flood risks.
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PREFACE

This master thesis is the final product of my master Geoscience and Remote Sensing at the Technical Uni-
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understand all river dynamics to be able to keep access to fresh water and to protect ourselves against floods.

From all people who helped me during the process of writing this thesis I would like to start with thanking
my supervisors at Deltares for their guidance though the process of this research. Gennadii Donchyts pro-
vided me with a lot of Google Earth Engine scripts and helped me to understand them and work with them.
Mark Hegnauer helped me a lot on the water management part of the thesis and Kees Sloff was the expert on
morphodynamics and had been involved in other projects concerning the Irrawaddy river in Myamar. Fur-
thermore I would like to thank the other employees at Deltares who invited me for their weekly lunch run,
but more importantly who were always willing to answer my questions and to share ideas on the topic. From
the TU delft I want to thank, Stef Lhermite who was the head of the committee and Roderik Lindenbergh who
joined the committee during the final stages of this thesis.
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1
INTRODUCTION

1.1. CONTEXT

1.1.1. THE ROLE OF RIVERS

Rivers play an important role in the water cycle. Not only do they transport water, sediment and ice down-
stream, they are also very important for transportation, freshwater supply and they play an important role in
local ecology Karpatne et al. (2016). Understanding the river dynamics is very important to be able to make
use of all river functions and most importantly to protect ourselves against floods. Following Grimaldi et al.
(2018), from all the natural disasters worldwide floods are almost the most frequent and disastrous. Numeri-
cal models are used to make flood forecasts.

1.2. PROBLEM DEFINITION

To be able to make accurate predictions with the hydrodynamic models it is important to have a good esti-
mate of the river geometry and additional information about roughness coefficients, initial water discharge,
initial water height and boundary conditions. River conditions such as water flow and water level can be
measured in-situ with, for example, gauge measurement stations. Gauge stations have a very high temporal
resolution, but a very low spatial resolution. As mentioned in Gleason and Smith (2014), in most countries
it is not common to have a large network of well working gauge stations. Even in the countries which have a
good network of gauge stations, the network is often still not dense enough.

The problem with obtaining river geometry is, it is very impractical to measure the river geometry, especially
when it is needed for a very long reach of the river. One way to get information about river cross-sectional
profiles is to do bathymetric surveys. In Harada and Li (2018) it is stated that field surveys of the river channel
geometry can take a lot of time, cost a lot of money and are constrained by a lot of logistics. This would
cause problems for achieving a sufficient spatial-temporal resolution. Not only acquiring data about the river
bathymetry has its problems, also obtaining an accurate river mask has its problems. Rivers are constantly
changing, so data should be obtained on a regular basis for both the planform as the bathymetry. After every
flood season new measurements are needed, because during the floods most changes in bathymetry take
place.

Next to in-situ measurements, remote sensing can be used to observe water dynamics as explained by Huang
et al. (2018). Remote sensing has a high spatial-temporal resolution compared to in-situ measurements. On
the other hand in-situ measuring is often more accurate than remote sensing. When using remote sensing
there are lots of different sensors available, which all come with their own benefits and challenges. For ex-
ample radar needs lots of processing to deal with noise, but they are not limited by clouds, whereas optical
sensors are troubled by clouds but produce less noise.
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2 1. INTRODUCTION

1.2.1. RESEARCH DONE

Within Deltares a project was started named the EO-river project, where EO is short for Earth Observation.
The aim of the project is to develop a tool which combines different sources of satellite data as input for
their hydrodynamic models. A draft version of the method is shown in Figure 1.1. As part of this project
Thissen (2019) developed a method to derive the geometry of the river, which includes the mask and the
centerline, based on multispectral images from the Landsat 8 and Sentinel-2 missions. This method to derive
the geometry solves the problem of the clouds using a history composite of multispectral images to cover the
part of the river which is covered with clouds. This history composite is based on some Google Earth Engine
scripts to calculate water occurrence, developed by Donchyts (2018).

Figure 1.1: The EO-river project developed by Deltares to make use of satellite data as input for hydrodynamic models. The most impor-
tant input variables are the river structure, the water flow, the longitudinal slope and the analytical depth. This data can potentially be
derived from satellite data, but still a lot of research had to be done before this can be implemented as a real working model.

Compared to in-situ measurements remote sensing is more efficient because it has the ability to continuously
monitor the Earth surface at multiple scales. Two categories of sensors which are most used to measure
the surface water are optical and microwave sensors. Radars send out microwave signals which have very
long wavelengths and therefore are able to penetrate through clouds. Furthermore the radar sensors are
independent of solar radiation, so they can operate during day and night. Already in 1984 Bhavsar (1984)
published the usage of optical remote sensing in hydrology and water management. After him many other
studies have been done and especially in the last couple of years the amount of articles published about
remote sensing and surface water have more than doubled. Some of the most important papers for this
thesis are McFeeters (1996) and Hanqiu (2006), who came up with the ’normalized difference water index’
(NDWI) and ’modified normalized difference water index’ (MNDWI) for detecting surface water. Furthermore
Schumann and Moller (2015) published a review in which he concluded that synthetic aperture radar (SAR)
is the most suitable microwave sensor for monitoring flood inundation. Following Schumann and Moller
(2015) there are relatively few investigations on the influence of polarization and incidence angle for mapping
flooded surfaces, even though they are very important.
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1.3. RESEARCH OBJECTIVE AND QUESTIONS

A solution for getting a higher spatial-temporal resolution of satellite images concerning water detection can
be found in combining different sources of satellite data. A lot of research has been done in combining optical
with microwave images, but a good working model still has to be achieved. The aim of this thesis project is
to combine microwave and optical satellite sources in a region where optical data is scarce during the rain
season, to see if the microwave sensors can fill the gap of the optical sensors. To reach this goal the main
question needs to be answered, which is supported by sub questions.

"How can satellite based optical and microwave images be combined to get a realistic estimation of river
geometry to improve hydrodynamic modelling?"

• Which available satellite data can be used to get geometric information of a river?
• How can different sources of satellite based remote sensing be combined in one hydrodynamic model?
• What is the spatial-temporal resolution when combining optical satellite images with microwave satel-

lites images?
• How are river geometry and discharge related?
• Which validation data is available?

This research is useful because river geometry measurements are scarce, expensive and time consuming
when derived from in-situ (bathymetric) surveying. Allen et al. (2018) stated, "making satellite data avail-
able within a recently proposed less than 2-day time period will make the data potentially useful for flood
mitigation and other water management applications". The revisit time of most satellites is multiple days to
a month, which is not enough according to Allen et al. (2018). But when different satellites can be combined
into one method, the time between consecutive images will decrease. If satellite data is proved useful as input
for river geometry this can save time and money in hydrodynamic modelling. Furthermore flood forecasts
might become more reliable, because larger areas can be covered, which is good for safety measures.

1.4. THESIS OUTLINE

The structure of the remainder of the thesis is as follows:

• Chapter 2 provides background information about related work that encompasses the thesis scope and
implementation. The main topics in this chapter are the river definition, 1D hydrodynamic modelling,
remote sensing, surface water detection and image processing.

• Chapter 3 informs about the Irrawaddy river, including data availability and seasonality in discharge.
The Irrawaddy river is used as a case study location for the remainder of the thesis.

• Chapter 4 covers the methodology which is used in the thesis. This step-by-step approach starts with
image selection, followed by resampling of the images, water detection, thresholding, outlier detection
and seasonal trend fit.

• Chapter 5 shows the results for every step of the methodology.
• Chapter 6 provides a discussion, which contains a reflection on the thesis and the attribution of the

results to the knowledge of the research area.
• Chapter 7 contains conclusions and recommendations. In this chapter the research questions are an-

swered and recommendations for use and for future research are given.

Additionally, one appendix is supplemented to this thesis. Appendix A contains information about hydrody-
namics, which plays an important role in hydrodynamic modelling.





2
BACKGROUND

In this chapter some background information about rivers, hydrodynamic modelling, remote sensing, surface
water detection and image processing is discussed. Someone with basic knowledge about these subjects can
skip this chapter. All acronyms that are used in this thesis are summarised in the nomenclature.

2.1. RIVER DEFINITION

In this section it is explained which role rivers play in the water cycle and how we can distinguish between
different types of rivers. To get a better understanding of the river dynamics, which includes the flow and
shape of the river, in Appendix A information is added about hydrodynamics. This information is not directly
used for the method in this thesis, but shows that there are many variables which influence river behaviour.
For most variables assumptions can be made, but for more accurate predictions, the monitoring of these
variables is very important.

On land, most fresh water accessible to humans can be found in lakes, rivers, soil and groundwater. Rivers
are part of the water cycle, because they can transport water and ice, see Figure 2.1. The water cycle is in
balance when the amount of water entering and leaving the system is equal. Following Sichangi et al. (2016),
knowledge about the water cycle is necessary for flood management, climate studies, and water resource
management. Next to the transport function of the rivers, they are also very important for transportation,
freshwater supply and supporting local ecology.

Figure 2.1: The water cycle (LibreTexts, 2018). Figure 2.2: Typical concave upward longitudinal profile of a
river.

Typical rivers have a concave upward longitudinal profile, as shown in Figure 2.2. This means that the bed el-
evation decreases in the downstream direction linearly with downstream distance. Furthermore both grain-
size and bed slope decrease in downstream direction. A river can be divided in a upper, lower and middle
reach based on among others the above mentioned characteristics. In the upper reaches there are mountains
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6 2. BACKGROUND

which cause a steep gradient resulting in high flow velocities. As water from tributaries enters the river, its
discharge increases in downstream direction. This results in a increasing river width and depth towards the
lower reaches of the river. In the lower reaches of the river often a delta or estuary is formed as a passage to
the sea and this region becomes influenced by tides and sea-level fluctuations. In the different regimes, rivers
can have different kinds of channel patterns, such as braided, meandering, anabranching and straight. Most
rivers carry a range of sediment sizes, from large rocks to very fine clay. In the upper regime the river bed is
usually coarse, while further downstream the sediment becomes much finer due to sorting and abrasion.

2.2. 1D HYDRODYNAMIC MODELLING

The purpose of 1D hydrodynamic modelling is to make the complex flow situation in the river to a simple
one-dimensional stream tube. This is done by using the basic flow equations as explained in Appendix A.0.2
and making some assumptions about the input parameters which are not directly available. This simplified
model can then be used to make water level predictions. The hydrodynamic model calculates water level and
flow velocity for each cross-section or node. Furthermore the model covers 1D equations for ’point features’
such as weirs, bridges and sluices. In Figure 2.3 an example of a simplified 1D channel is shown, with spatial
evenly distributed cross-sections. The cross-sections are ’in-bank’, but they might also be extended to cover
the floodplain. The cross-sections are always perpendicular to the main flow. The floodplain can also be
represented with reservoir units (flood cells), see Figure 2.4.

Figure 2.3: Example of a simplified 1D channel with equally
spaced cross-sections, which can be used in 1D hydrody-
namic modelling.

Figure 2.4: Example of a simplified 1D channel with flood-
plains represented by flood cells.

Following Grimaldi et al. (2018) the models can broadly use two different methods to come to a hydraulic
flood forecast. They can either provide a full solution of the shallow water equation or they can use a sim-
plified approximation. In the simplified approximations some terms of the conservation equation can be
neglected.

2.2.1. DATA REQUIREMENTS

The data requirements of a 1D hydrodynamic model:

• River network: channel centerlines, flow direction data, a river mask and cross-sections which give
information about depth and river shape.

• Dimensions of point features such as bridges/weirs/sluices (if present).
• Topography for flood plain (Grid data).
• Linear features (for example, roads) and other things that could affect flow routes.
• Channel and floodplain roughness (based on standard values and than calibrate).
• Boundary conditions (usually upstream inflow and downstream water levels with sometimes addi-

tional lateral inflows and extractions).
• Initial conditions (usually the floodplain is dry, and the river has a flow and water level).
• Runtime data: start/finish time and timesteps.
• Calibration data (observations): water levels , flood maps etc..
• Numerical grid.
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2.3. REMOTE SENSING

Remote sensing is a collective term for all measuring techniques that gain knowledge about an object without
directly touching it. These techniques can be subdivided in active and passive remote sensing, see Figure 2.5.
An active technique sends out electromagnetic waves and measures the return signal. A passive sensor only
measures (part of) the electromagnetic spectrum emitted or reflected by an object. Remote sensing can take
place from different platforms such as, ships, aeroplanes, drones, air-balloons, satellites and more. In the
scope of this thesis, the focus will mainly be on spaceborn remote sensing techniques, because satellites
have an almost global coverage with new data available every day to every month, depending on the orbit
of the satellite. There are commercial and freely available satellite images and because the commercial data
comes with high costs, only freely available data is used for this thesis. All satellites have different sensors
which measure at different wavelengths, furthermore some satellites have a high orbit which results in a high
sampling frequency, but low resolution and some have it the other way around. The resolution of the images
is also dependent on the quality of the sensors.

Figure 2.5: The difference between active and passive remote sensing. Passive remote sensing instruments measure only the radiation
emitted by the object being viewed or reflected by the object from another source than the instrument, which is mostly sunlight. Active
remote sensors provide their own source of radiation and measure the returning signal.

2.3.1. MULTISPECTRAL SENSORS ON BOARD OF LANDSAT, SENTINEL, MODIS AND ASTER

Multispectral satellites measure electromagnetic radiation in different wavelengths. Some examples of satel-
lites containing multispectral sensors are the Landsat, Sentinel, MODIS and ASTER missions. In Figure 2.6
it is shown that not all Landsat satellites are operational anymore. Only Landsat 7 and Landsat 8 are still in
operation, nevertheless Landsat 7 got a failure in 2003 resulting in images with missing data. Landsat 9 is
planned to be launched in December 2020. In Figure 2.7 an overview is given of the bands used by the above
mentioned satellites. In this thesis only the optical bands from the multispectral images are used. Those opti-
cal bands include the visible ’red’, ’green’ and ’blue’ band and furthermore the optical bands include the near
infrared and the short wave infrared bands. In the Table 2.1 the most important characteristics of all satellites
are summarised.

Figure 2.6: Landsat time span, Wikipedia (2019a).
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Figure 2.7: Comparison of Landsat 7, 8 Sentinel 2, ASTER and MODIS bands USGS.

2.3.2. MICROWAVE SENSOR ON BOARD OF SENTINEL-1

The Sentinel-1 mission is part or the Copernicus program of the European Commission in partnership with
the European Space Agency (ESA). The mission consists of two satellites (Sentinel-1A and Sentinel-1B) which
are 180 degrees from each other in a polar orbit around the Earth. The satellites measure with Synthetic
Aperture Radar (SAR) at the C-band (5,405 GHz), this wavelength makes it possible to make images of the
Earth surface without weather influence. Furthermore the active remote sensing makes it possible to measure
during the night, because it is not dependent on solar radiation. The Sentinel-1 satellites were launched in
April 2014 and April 2016 and are still operational. The satellites have a 12-day repeat cycle, but because they
are used together the repeat cycle becomes 6 days.

The C-band imager can operate in three modes with various observation strategies, swath width, and spatial
resolution. Over land mostly the interferometric wide-swath mode (IW) is used, which has a fine resolution
of 5mx20m with a swath width of 250km. Furthermore there is the Extra Wide Swath mode (EW), which is
used to acquire data over a wider area of 400 km swath at 20mx40m spatial resolution. The EW mode is mostly
used for monitoring of the sea-ice, polar zones and certain maritime areas. ESA

Next to different swath modes, there are different polarisation modes in which Sentinel-1 can operate. The
instrument has one transmitter, which can switch between horizontal (H) and vertical (V) polarisation. Two
parallel receive chains are build in for the ’H’ and ’V’ polarisation. The different transmission and reception
can be combined to four different acquisition modes, namely the single ’VV’ and ’HH’, and the dual polarisa-
tion ’HH+HV’ and ’VV+VH’ products. Hardy et al. (2019) found that open water and low-backscattering areas
are best to distinct in VV polarisation. On the other hand Vachon and Wolfe (2011) states that ’HH’ polariza-
tion usually performs better in separating land from water under calm water conditions. The scattering of
open water shows less scattering with the ’HH’ polarization compared to the ’HV’ or ’VV’ polarization and is
less sensitive to capillary waves created from wind.

Figure 2.8: Ascending and descending orbit example from TRE.
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All SAR satellites travel from the north pole towards the south pole for half of their trajectory and this direction
is called the descending orbit. When the satellite is travelling from the south towards the north pole, this is
called an ascending orbit. The same area is revisited along both orbits. As shown in Figure 2.8 the satellite
will look from another direction between the two orbits.

2.3.3. OVERVIEW SATELLITES

All above mentioned satellites are summarised in Table 2.1. This table gives a better understanding on how
every satellite is designed as a compromise between availability and resolution, and how they all measure in
different bands.

Multispectral SAR
Mission Landsat 7 Landsat 8 Sentinel-2A&B ASTER MODIS (Terra & Aqua) Sentinel-1A&B
Availability ∼16 days ∼16 days ∼5 days ∼16 days ∼0.5 days ∼6 days

Resolution
30m - VNIR &SWIR
15m - PAN
100m - TIR

30m - VNIR &SWIR
15m - PAN
100m - TIR

10m
15m - VNIR
30m - SWIR
90m - TIR

250-1000m 5x20m

Launch Date April 15, 1999 February 11, 2013 June, 2015 December 18, 1999
Terra: December 18, 1999
Aqua: May 4, 2002

S-1A: April 2014
S-1B: April 2016

Nr of Bands 8 11 13 14 36 C-band (5,05 GHz)

Table 2.1: Overview of some satellites with multispectral and SAR sensors from which images are made freely available by ESA or NASA.

2.3.4. CHALLENGES WHEN USING SATELLITE DATA

A problem can occur when using images taken with Landsat 7. This mission shows some failure resulting
in stripes of missing data, called the SLC failure. When the missing data is (partly) occurring over the cross-
section this can result in a lower river width than actually is the case, see Figure 2.9. Another problem that can
occur is that the satellite image only covers part of the cross-section. This can also result in a to low estimate
of the river width, see Figure 2.10.

Figure 2.9: Cross-section at the Magway station at 14-03-
2007. Due to failure of the Landsat 7 mission part of the river
cross-section is not taken into account.

Figure 2.10: Cross-section at the Magway station at 23-03-
2007. The satellite image only covers part of the cross-
section, resulting in a to low estimate of river width.

Every remote sensing mission has its advantages and disadvantages. On one hand, natural phenomena can
cause problems. To start with, false positive detection of water can be observed in areas with shadows due
to topographic conditions or the presence of clouds. On the other hand satellite images present human-
made processes, such as infrastructure and agriculture. Another problem is caused by satellite data latency
as mentioned by Allen et al. (2018). Satellite data latency refers to the time period between when a satellite
makes an observation and when that information is available to the user in an actionable format. Multiple
technological factors contribute to the latency of satellite products including the time necessary to acquire,
store, downlink, process, and distribute the data. Hence, trade-offs exist between satellite data latency and
data quality, such that longer latency products are more internally consistent and of higher quality.
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2.3.5. GLOBAL PRODUCTS

Some products are generated making use of satellite data to give information about the earth surface. Some
of these global products give information about river related values. It is important to know which global
products exist, because they can be of use for this thesis.

GLOBAL SURFACE WATER EXPLORER

The ’Global Surface Water Explorer’ is a freely available dataset that maps the location and temporal distribu-
tion of water surfaces at the global scale over a period of 32 years (1984-2015) and provides statistics on the
extent and change of those water surfaces. The dataset is produced from coarse-spatial-resolution satellite
observations, higher-resolution seasonality maps have been produced using Landsat 5, 7 and 8 multitem-
poral orthorectified satellite imagery at 5- to 10-year intervals. All Landsat images over multiple decades
have been used to map seasonality and changes at continental and sub-continental scales. The ’Global Sur-
face Water Explorer’ dataset is freely available from https://global-surface-water.appspot.com/ and
more information can be found in Pekel et al. (2016). This dataset can be used to get an indication of the river
history that can be used for the case study. It shows if there are long term changes and or seasonal changes
that have to be taken into account.

GRDC GLOBAL RUNOFF DATA CENTRE

To exchange hydrological data and information on a global scale, the Global Runoff Data Centre (GRDC)
became operational. The GRDC dataset contains river discharge data from more than 9500 stations from
161 countries, which are plotted in Figure 2.11. For every station the monthly/yearly minimum, maximum
and mean discharge statistics are available. Primarily, This data is provided by National Hydro-logical and
Hydro-Meteorological Services. The data is available for research programmes and projects from researchers,
universities and other organisations. (GRDC, 2019)

Figure 2.11: GRDC stations with monthly data, indicated by time series end. (GRDC, 2019)

GRWL GLOBAL RIVER WIDTHS FROM LANDSAT

Allen and Pavelsky (2018) built the Global River Widths from Landsat (GRWL) database to characterize the
global coverage of rivers and steams. The GRWL is a global compilation of river planform geometry at a
constant-frequency discharge. From gauge station measurements, the months were determined when that
river was near mean discharge. During this months Landsat scenes were captured. The GRWL contains only
rivers of more than 30m wide at mean annual discharge. Allen et al. (2018) found that GRWL width data was
most accurate and complete at widths wider than 90 m (about three Landsat pixels).

https://global-surface-water.appspot.com/
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SWOT MISSION

A future mission to keep in mind is the Surface Water and Ocean Topography (SWOT) mission that is designed
to survey the Earth’s surface water, observe the fine details of the ocean’s topography, and measure how water
bodies change over time on a global scale. The launch is targeted for September 2021. SWOT is anticipated to
be able to observe river conditions night and day, and during cloudy weather conditions. (Biancamaria et al.,
2016)

GOOGLE EARTH ENGINE

The Google Earth Engine (GEE) is a free planetary-scale platform from Google which can be used to down-
load, process and analyse Earth science data from all over the world. The public data archive includes more
than forty years of historical imagery and scientific datasets, which are updated and expanded daily. The GEE
has its own web-based IDE fro the Earth Engine JavaScript API. The code editor is designed to make develop-
ing complex workflows fast and easy. In this thesis the GEE is used as main source for the satellite data and
the platform is used to do most of the processing and analysing of the data.

2.4. SURFACE WATER DETECTION

Water has specific characteristics which makes it differ from its surroundings. By making use of this charac-
teristics both microwave images and multispectral images can be used to detect water. In this section both the
method using microwave images and the method using multispectral images to detect water are explained.

2.4.1. SURFACE WATER DETECTION USING MULTISPECTRAL IMAGES

Vegetation Indices (VI) are used for the gathering of ecological information from satellite and drone data
through the analysis of multi- or hyper-spectral imagery bands. The reflectance of light changes with vari-
ation in chlorophyll content, plant type, sugar content, water content and other factors as shown in Figure
2.12. The indices are very useful in separating classes of interest. The main spectral bands that are relevant to
the application of VI’s are given in Table 2.2.

Figure 2.12: Typical spectral signatures of bare soil, green vege-
tation and water in the shortwave spectral region, collected from
United States Geological Survey (USGS) digital spectral library.

Visible light
Blue 450-495 nm
Green 495-570 nm
Red 620-750 nm

Infrared
Near Infrared (NIR) 750-900 nm
Short Wave Infrared1 (SWIR) 900-3000 nm
Thermal Infrared (TIR) 3000-14000 nm

Table 2.2: Different bands in the electromagnetic spectrum
that are used to calculate vegetation indices.

McFeeters (1996) was one of the first to use the Normalized Difference Water Index (NDWI) to detect clear
water. The NDWI (Eq. 2.1) makes use of the fact that water easily absorbs radiation at the near-infrared
wavelengths and less in the shorter green region of the spectrum.

N DW I = ρg r een −ρni r

ρg r een +ρni r
(2.1)

In Eq. 2.1 ρg r een stands for the reflectance in the green band and ρni r for the reflectance in the NIR band. The
index is dimensionless and values vary between -1 and 1, where a value greater than zero mostly indicates
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water. Next to the NDWI other spectral indices have been used for water detection. For example, the Modified
Normalized Difference Water Index (MNDWI) from Hanqiu (2006) appears to be more sensitive, due to the
use of the shortwave infrared band instead of the near-infrared band used in NDWI. The infrared bands are
shown in Figure 2.13.

M N DW I = ρg r een −ρswi r 1

ρg r een +ρswi r 1
(2.2)

In Eq. 2.2 ρg r een stands for the reflectance in the green band and ρswi r 1 stands for the reflectance in the
SWIR1 bands which ranges from 1570-1650nm for the Landsat 8 satellite and from 1613-1610nm for the
Sentinel-2 satellite. The MNDWI is sensitive to snow and ice, since it makes use of the short-wave infrared
band, which is also used to separate snow from clouds with the Normalized Difference Snow Index (NDSI).
A problem with the MNDWI is that it can not separate snow from water. Donchyts (2018) shows that a good
separation between water and snow/ice can be achieved by using the near-infrared band instead of the short-
wave infrared band, which is less sensitive to snow/ice content. In fact, substituting the short-wave infrared
band for the near-infrared band results in the NDWI. In Huang et al. (2018) it is stated that the MNDWI is
more reliable than NDWI (if there is no snow), because the SWIR band is less sensitive to concentrations of
sediment and other optical active constituents in the water, compared to the NIR band.

The above mentioned indices (NDWI and MDNWI) are probably the most used indices for water detection,
nevertheless other spectral indices have been investigated in the last years. In Fisher et al. (2016) seven water
index methods for classifying water in 30m resolution Landsat imagery were tested. The accuracy of each
index was highly dependent on the composition of the validation pixels, there was no index performing best
across all water and non-water pixel types. All indexes and thresholds were found to perform consistently
across images from the Landsat sensors.

Figure 2.13: The short wave infrared region (SWIR) of the electromagnetic spectrum.

2.4.2. SURFACE WATER DETECTION USING SENTINEL-1 IMAGES

In contrast to multispectral images, where NDWI or MNDWI is used to detect surface water, in Donchyts
(2018) a method is explained to detect surface water with Sentinel-1 images. Objects on the ground have dis-
tinctive polarisation signatures, reflecting different polarisations with different intensities. Water surfaces are
generally smooth and result in a low back-scatter of radar wavelengths. The surrounding terrain is assumed
to be rough and cause more diffuse scattering with moderate backscatter. This principle is shown in Figure
2.14. Thresholding can be used to make a distinction between water and dry land. Following Solbø (2005)
the threshold depends on the contrast between the land and the water classes and has to be set for each
Sentinel-1 scene. Factors that influence this contrast are the polarisation and incidence angle of the SAR sys-
tem. Furthermore wind or wave can induce ripples on the water surface, which increases the backscattering.
To diminish the effects of speckle noise in Sentinel-1 images, a new speckle filter was implemented within
the Google Earth Engine, based on Perona and Malik (1990), to improve the quality of images and to decrease
the number of spurious sharp edges not belonging to surface water.
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Figure 2.14: Scattering mechanisms of water bodies and dry land in non-forested areas Solbø (2005).

2.4.3. OTSU THRESHOLDING

It was suggested by Ji and Wylie (2009) to use a flexible threshold over time or spatial over the image, to get
better results in water detection. Otsu thresholding can be used to automatically divide image pixels in two
or more classes. For example a greyscale or other single band image can be reduced to a binary image. This
method originates from Otsu (1975). Assuming that the histogram of all values of the image is a bivariate
distribution, a threshold can be selected that minimizes the intra-class (or within class) variance:

σ2
b(t ) = w0(t )w1(t )(µ0(t )−µ1(t )), (2.3)

where t is the threshold, w0 and w1 are the probabilities of each class and µ0 and µ1 are the mean values
of each class. Donchyts (2018) made an algorithm in the Google Earth Engine that can calculate the Otsu
threshold in a efficient way by using the following formula from Otsu (1975):

t = argmax
t

(σ2
b(t )). (2.4)

2.5. IMAGE PROCESSING

2.5.1. BICUBIC RESAMPLING OF IMAGES

Images can be resampled to improve the resolution of the image. Different interpolation techniques can be
used to resample images, such as bilinear and nearest-neighbour interpolation. Keys (1981) was the first to
come with the new technique of bicubic interpolation for digital image processing. Bicubic interpolation
gives smoother results than other interpolation techniques, but is more time consuming. Bilinear interpola-
tion only takes into account 4 pixels (2x2), whereas bicubic interpolation uses 16 pixels (4x4).

The basic idea of cubic interpolation is to estimate the values between any two points as a cubic function.
Following Keys (1981), for equally spaced data, many interpolation functions can be written in the form:

g (x) =∑
k

ck u
( x −xk

h

)
. (2.5)

In this equation h is the sampling increment, xk are the interpolation nodes, u is the interpolation kernel
and g (x) is the interpolation kernel. The ck ’s are parameters which depend on the sampled data. Examples
of the interpolation kernels (u) are given in Figure 2.15.
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Figure 2.15: Examples of interpolation kernels from Keys (1981).

2.5.2. CANNY EDGE DETECTOR

The Canny Edge Detector can be used to find locations in the image which represent certain features, such as
water-land boundaries. These edges can be used to mask the river and for example calculate the area of the
river mask. The original Edge Detection algorithm originates from Canny (1986). The Canny edge detection
algorithm can be broken down in 5 different steps:

1. If the image is RGB or other multi band, convert the image to greyscale or other single band property.
2. Smooth the image with a Gaussian filter to remove some noise.
3. Find the intensity gradients of the image.
4. Thin out the edges by applying a non-maximum suppression.
5. Determine potential edges by double thresholding.
6. Suppress all edges that are weak and not connected to other (strong) edges.

An example of performing these five steps is given in Figure 2.16.

Figure 2.16: Example of the five steps used for edge detection Ringwald (2012).



3
THE IRRAWADDY RIVER

In this thesis the Irrawaddy river is used as case study location because this river shows a lot of seasonal
variation in discharge and geometry. In this chapter some background information about the river is given,
which includes information about the river, the data availability and the seasonality in discharge.

3.1. LOCATION AND BACKGROUND

Two locations along the Irrawaddy river were used for this case study. These locations are Sagaing, which is
close to Mandalay, and Katha. At both locations historical discharge data from the GRDC database is avail-
able. Mandalay is a city located in the middle of Myanmar, see Figure 3.1. Katha is the first city upstream
of Mandalay which has a GRDC data point. Both locations are in the middle reach of the river and show a
braiding character. The Irrawaddy river is the most important river of Myanmar and also one of the biggest
rivers in Southeast-Asia with a length of 2.210 km.

Figure 3.1: Location of Mandalay along the Irrawaddy
River in Myanmar.

Figure 3.2: GRDC stations in Myanmar
(green). From north to south: Katha,
Mawlaik, Monywa, Sagaing, Magway and
Pyay.

15
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3.2. DATA AVAILABILITY

3.2.1. SATELLITE DATA

To get a feeling how often satellite images from the Sentinel and Landsat missions are available over the Ir-
rawaddy river, in Figure 3.4 the amount of clear images and in Figure 3.3 the total amount of images available
each year are plotted for each different satellite. The image is clear, when there are no clouds over the re-
gion of interest. The Sentinel-1 images are not filtered on cloud cover because they are not influenced by the
clouds. In 1996 only Landsat 5 was available, in 1999 Landsat 7 was launched and years later also Landsat 8
and Sentinel-2 were launched and Landsat 5 is no longer in operation. Landsat 9 is planned towards a launch
in December 2020 and will have the same properties as Landsat 8 with some improvements.

Figure 3.3: Amount of satellite images covering Sagaing avail-
able each year.

Figure 3.4: Amount of ’clear’ satellite images covering Sagaing
available each year.

In Figure 3.5 a rugplot is made for the Sagaing region which shows all the available multispectral images
from Landsat 8 and Sentinel-2 over the entire year 2018. The green stripes indicate the ’clear’ images and the
red stripes the images that contain too many clouds. When this rugplot is made for other years when both
Landsat 8 and Sentinel-2 are operational, the same pattern is visible. During the months June until October
there is a rain season and most images will contain too many clouds to be useful for estimating river geometry.

Figure 3.5: Rugplot of available clear (green) and not clear (red) images that cover Sagaing taken by Landsat 8 and Sentinel-2 in 2018.
This year a total of 106 images are available from which 78 are clear enough to use.

In Figure 3.6 a rugplot is made for the Sagaing region which shows all available Sentinel-1 images over the
year 2018. It is clear that over the entire year the Sentinel-1 images are useful. A total of 91 images are taken
in 2018.

Figure 3.6: Rugplot of available images that cover Sagaing taken by Sentinel 1 in 2018. This year a total of 91 images are available.
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3.2.2. GRDC DISCHARGE DATA

Daily discharge data from four stations along the Irrawaddy River and two along the Chindwin River can be
requested from the GRDC database. Those stations are coloured green in Figure 3.2. For every station a time
series is available of daily discharge data from 01-01-1996 until 31-12-2010, only for Sagaing a longer period
from 01-01-1978 until 31-12-2015 is available. The six stations are listed below, but only the Katha and Sagaing
timeseries were used.

• Irrawaddy River - Pyay
• Irrawaddy River - Magway
• Irrawaddy River - Sagaing
• Irrawaddy River - Katha
• Chindwin River - Monywa
• Chindwin River - Mawlaik

From the GRDC discharge data histograms can be plotted containing all measurements from the available
time period. The discharge histogram of Sagaing is given in Figure 3.7 and the discharge histogram of Katha
is given in Figure 3.8. The figures show a peak at the lower discharges, because high discharge occurs less
frequent during the rain season. Furthermore the discharge at Katha is lower than at Sagaing, which is logical
because Katha is upstream from Sagaing and between those locations water is added to the river by side
streams.

Figure 3.7: Histogram of GRDC discharge data at the Sagaing
station.

Figure 3.8: Histogram of GRDC discharge data at the Katha
station.

The discharge is not constant in time, which is shown in Figure 3.9 and Figure 3.10. Those figures show
boxplots of the average and inter-quartile range of the river discharge for every month. Both figures show a
peak in discharge during the monsoon (June-October).

Figure 3.9: Discharge seasonality at Sagaing, calculated with
daily GRDC discharge data from 1978 to 2015.

Figure 3.10: Discharge seasonality at Katha, calculated with
daily GRDC discharge data from 1996 to 2010.
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In Figure 3.11 and 3.12 the average and inter-quartile range for every year from 1996 to 2015 at Sagaing and
from 1996 to 2010 at Katha are plotted. The figures show that in some years the average discharge is higher
than during other years. Furthermore some years have higher peak discharges than other years. In general
both location show the same variations.

Figure 3.11: Discharge seasonality at Sagaing, calculated with
daily GRDC discharge data from 1996 to 2015.

Figure 3.12: Discharge seasonality at Katha, calculated with
daily GRDC discharge data from 1996 to 2010.



4
METHODOLOGY

In this chapter the method is derived which is used to investigate whether the combination of microwave
and optical remote sensing will improve the existing methods to derive river geometry from satellite data.
This step-by-step approach starts with image selection, which is followed by resampling of the images and
water detection based on spectral indices or backscatter values. Next the water mask can be derived with
the use of some basic thresholding algorithms. This water mask is used to calculated the area of the river
within a certain polygon. The area estimations are analysed by looking at the outliers and a (seasonal) trend
is extracted.

4.1. IMAGE SELECTION

All images were collected with the Google Earth Engine (GEE) and filtered based on the region of interest,
satellites and cloud cover. In this section these three steps are explained in more detail.

4.1.1. SATELLITES

The Landsat 7, Landsat 8 and Sentinel-2 missions were used to provide the multispectral images. These mis-
sions are sometimes abbreviated with L7, L8 and S2. The source for the microwave images was the Sentinel-1
satellite, abbreviated with S1. In Chapter 2 ’Background’ some more information is given on how all these
satellites work.

IMAGE VARIABLES

All images have some variables which change between acquisitions and might influence the results. For the
Sentinel-1 images there were some image variables to take into account which included the polarisation and
instrument mode. For simplifying it was chosen to select only Sentinel-1 images with a ’VV’ polarisation and
a ’IW’ instrument mode. Furthermore the Sentinel-1 images were taken during both ’ascending’ and ’de-
scending’ orbits. It was not investigated what the influence is on the results when using another polarisation
or instrument mode, nevertheless the influence of the orbit direction was examined.

PRE-PROCESSING

When using Sentinel-1 images, several specialised algorithms are necessary to obtain calibrated and or-
thorectified images to get a homogeneous subset of Sentinel-1 data. This pre-processing was performed in
the GEE using the Sentinel-1 toolbox. This toolbox provides three steps of processing: ’thermal noise removal’,
’radiometric calibration’ and ’terrain correction’. For the multispectral images only the Tier 1 and Real-Time
data calibrated for the top-of-atmosphere (TOA) reflectance were used. The calibration coefficients were ex-
tracted from the image metadata. More information about TOA computation can be found in Chander et al.
(2009).

19
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4.1.2. REGION OF INTEREST

The location used as case study in this thesis is Katha. Another location along the Irrawaddy river in Myanmar
is Sagaing and this location could be used as validation. At both locations historic discharge data is available
from the GRDC database (GRDC (2019)). To be able to make estimations of the river area, cross-sections and
polygons have been drawn by hand at these locations along the river, as shown in Figure 4.1. The polygons
include mainly the 2km downstream of both GRDC locations. The city at the right side of the Sagaing polygon
in Figure 4.1 is actually the city Mandaley, whereas the city Sagaing is around 10 km downstream of Mandaley,
nevertheless the location of the cross-section and polygon are called Sagaing, because that is the name of the
GRDC data point.

Figure 4.1: Locations of the cross-sections and polygons near Katha and Sagaing located on the Open Street Map.

4.1.3. CLOUD COVER

One of the most occurring problems when using multispectral imaging to investigate processes at the earth
surface, is cloud coverage. When using multispectral imaging, a cloud can be misclassified as water. To avoid
this problem, the images that contain clouds over the region of interest should not be used. A simple method
would be to only select images that have a zero percentage of cloud cover. But because the region of interest is
very small compared to the entire satellite image, it might be very well possible that even when the cloud cover
is higher than zero percent, the clouds do not cover the region of interest. Donchyts (2018) implemented a
function in the GEE to filter images based on the historic cloud frequency over the region of interest and this
method was used to for this thesis.
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4.2. RESAMPLING

Image resampling is used to transform a sampled image from one coordinate system to another and to im-
prove the resolution of the image. For the different coordinate systems to match, the discrete image has to
be converted into a continuous surface. This ’image reconstruction’ can be performed with an interpolation
procedure called bicubic resampling. In Chapter 2 more information is given about how bicubic resampling
works. After the image is reconstructed it can be easily transformed to every other coordinate system. When
the image is upscaled, pixels are added. An example of a resampled image is shown in Figure 4.3, which is
the result of resampling Figure 4.2. In this thesis all images were resampled using this bicubic resampling
method.

Figure 4.2: Close-up of a Sentinel-2 image, displaying the red, green and blue band over a region around Sagaing. The original pixels are
visible, because no resampling is used. Sentinel-2 has a resolution of 10 meter, which corresponds to the size of the pixels in this image.

Figure 4.3: Close-up of the same Sentinel-2 image as Figure 4.2, displaying the red, green and blue band over a region around Sagaing,
after bicubic resampling was applied.

4.3. THRESHOLD DETERMINATION FOR WATER DETECTION

As explained in Chapter 2, water can be detected with multispectral images by calculating the NDWI or
MNDWI values, and for microwave images with the use of the backscatter values. The right threshold values
are needed to separate non-water pixels from water pixels. In Figure 4.4 an example of the Katha polygon on
16-04-2018 is shown in four different ways, namely the false color image, the NDWI values, the MNDWI values
and the SAR backscatter values. The false color, NDWI and MNDWI values are calculated from a Sentinel-2
image and the backscatter is directly from the Sentinel-1 image. From this figures it becomes clear that the
river has higher NDWI/MNDWI values than the surrounding areas and for the backscatter it is the other way
around, namely the river shows lower backscatter values than the surroundings. To detect the water both
fixed thresholding and dynamic thresholding was used and in the end those methods were compared to each
other. The dynamic threshold was calculated with the Otsu thresholding algorithm (see Section 4.3.2) and
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for the fixed thresholds some values from the literature were used. In Huang et al. (2018) it is stated that a
threshold of 0 is often applied when using NDWI to detect water and for the MNDWI the threshold is close to
0.2. Panchagnula et al. (2012) derived that the threshold is between -6 and -15 dB when using ’VV’ polariza-
tion to detect water, this range is large because the threshold is depending on wind speed or image viewing
geometry. For this thesis a fixed threshold of -15 dB is used for Sentinel-1 images.

(a) False color composite of Katha, made with the ’swir’, ’nir’
and ’green’ bands of the Sentinel-2 image from 16-04-2018.

(b) NDWI values around Katha calculated the ’green’ and ’nir’
bands from the Sentinel-2 image taken on 16-04-2018.

(c) MNDWI values around Katha calculated the ’green’ and ’swir’
bands from the Sentinel-2 image taken on 16-04-2018.

(d) Backscatter values around Katha from a Sentinel-1 image
taken on 16-04-2018.

Figure 4.4: The Katha polygon from Figure 4.1 on 16-04-2018, displayed in four different ways:, namely showing the (a) false color
composition, (b) NDWI values, (c) MNDWI values and (d) backscatter values.

4.3.1. CROSS-SECTIONS

To get a feeling on how the values of NDWI, MNDWI and backscatter vary over the cross-sections of the river
as shown in Figure 4.1, the cross-section values from the images in Figure 4.4 are plotted in Figure 4.5. The
NDWI and MNDWI show a steep gradient at the same locations in the graph, which indicate the bound-
aries between land and water. The backscatter values also show a gradient at the same locations, only those
gradients are more irregular. The threshold value needs to be somewhere on the steep gradients. For this
research more cross-sections from different days were compared to see how these values vary. The Katha
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cross-section is 2322 meter long and is sampled with 5000 points along this cross-section, so the distance be-
tween each point is 0.46 meters. If more detailed investigation would be necessary, the cross-sections could
be made with a smaller sampling interval, which would make the graph smoother.

Figure 4.5: NDWI, MNDWI and backscatter values over the cross-section near Katha on 16-04-2018.

4.3.2. OTSU THRESHOLDING

Otsu thresholding is an algorithm that returns a single or multiple intensity thresholds to separate pixels
into two or more classes. The method searches for the thresholds that minimise the intra-class variance.
An explanation on how Otsu thresholding works is given in Chapter 2. In this section both the single Otsu
thresholding and the multiple Otsu thresholding methods are discussed. The methods are applied to the
images from Figure 4.4 and the results are shown in Figure 4.10.

SINGLE OTSU THRESHOLDING

The single Otsu thresholding algorithm has some limitations. The method works best when the histogram
has a clear bimodal distribution with a sharp valley between the two peaks. When the object, for example the
river, is small compared to the background the distribution is no longer bimodal, because the ’land’ pixels
dominate the histogram with a very high peak.

For most programming languages algorithms exist to calculate the Otsu threshold. For the single Otsu thresh-
olding in the GEE the algorithm as implemented by Donchyts (2018) was used with the variables as shown in
Table 4.1. The effect of using slightly other values was not investigated in this thesis.

cannyThreshold cannySigma minValue
NDWI 0.6 0.2 -0.2

MNDWI 0.6 0.2 -0.2
SAR 9 4 -20

Table 4.1: Values used for the variables ’cannyThreshold’, ’cannySigma’ and ’minValue’ functions for calculating single Otsu threshold
values in the Google Earth Engine.

MULTI OTSU THRESHOLDING

When the image contains more than two classes, shown by multiple peaks in the histogram, multi Otsu
thresholding can be used. Multi Otsu thresholding works the same as Otsu thresholding for a normal dis-
tribution, but returns multiple threshold values, separating the different classes. For this thesis only the sin-
gle Otsu thresholding was used to estimate threshold values, because most histograms showed a bimodal
distribution.
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4.3.3. CANNY EDGE DETECTION AND OTSU THRESHOLDING COMBINED

The Canny Edge detector and the Otsu thresholding can be combined to find a threshold value for detecting
water. More information about the Canny Edge detector is given in Chapter 2. To start with, the Canny Edge
detector was used to find the locations in the image where there is a high gradient in one of the image bands
or a self defined bands such as NDWI/MNDWI or backscatter. At the locations with a high gradient a buffer
of 30 meters was applied to the the edge to take into account the surrounding pixel values. The result of
applying the Edge Detector to the NDWI image in Figure 4.4, is given in Figure 4.6. From all pixels within this
buffered edge a histogram was made and from this histogram the threshold can be calculated using single
Otsu thresholding, see Figure 4.8.

Figure 4.6: Edges selected from figure 4.4 with the Canny Edge detector.

In the figures below histograms of NDWI values from the Sentinel-2 image on 16-04-2018 from Figure 4.4 are
shown when using all pixels in the Katha polygon (Figure 4.7 ) and when using the Canny Edge detector (Fig-
ure 4.8). For both the Otsu threshold is calculated in the GEE and for the histogram containing all pixels this
results in -0.0347, and when using only the edges this is -0.0043. The histogram containing all pixels shows a
small peak between -0.2 and -0.1, whereas the canny edge histogram shows a bimodal distribution. For this
thesis all Otsu thresholds were calculated using the histograms after applying the Canny Edge detector.

Figure 4.7: Histogram showing the NDWI values from all pixels in
the Sentinel-2 image from Figure 4.4. The Otsu threshold calcu-
lated from this histogram is -0.0347.

Figure 4.8: Histogram showing the NDWI values from all pixels
within the edges calculated with the Canny Edge detector in the
Sentinel-2 image from Figure 4.4. The Otsu threshold calculated
from this histogram is -0.0043.
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4.4. RIVER SURFACE AREA CALCULATION

To be able to compare the water detection based on optical images with the results from the microwave
images, for both methods not the river geometry, but the area of the river within the polygon was calculated.
When both methods result in similar area calculations, the methods could be combined. The area calculation
was performed as follows. After the image selection, for the multispectral images the NDWI was calculated
and for the Sentinel-1 images no further calculations had to be performed to get the backscatter. This NDWI
and backscatter images were divided in water and non-water pixels by either using the fixed threshold from
Section 4.3 or the dynamic Otsu thresholding from Section 4.3.3. As a next step the river area was calculated
by counting all water pixels within the polygon from Figure 4.1.

4.5. DATA ANALYSIS

For the river surface area, time series have been made for the different sources of satellite data and for using
a dynamic or fixed threshold. The (seasonal) trend was estimated and outlier detection could be done. Both
the method for the seasonal trend fit and the outlier removal are explained in this section.

SEASONAL TREND FIT

The seasonal trend fit was performed in Python using the package ’statsmodel.tsa.seasonal’. With this pack-
age the data can be split into a level, trend, seasonality and noise with the following formula of an additive
model, where y(t ) represents the time series data:

y(t ) = Level +Tr end +Seasonal i t y +Noi se (4.1)

An example of this additive model is given in Figure 4.9. The additive model was chosen, because it was
assumed that the time series of the estimated areas would show a linear trend with a linear seasonality with
constant frequency and amplitude. Before this function could be applied the data had to be resampled to a
one day interval, because the satellite images were available on an irregular basis. Linear interpolation was
used to calculate the area for days that no satellite data was available.

Figure 4.9: Example of additive time series, split into a trend, seasonality and noise component. Astaraky
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OUTLIER REMOVAL

After the seasonal trend was fitted, the data points that showed large deviation from this trend were examined
by looking at the original images to see what caused the exceptionally high or low water area estimations.
When the original images showed that the data point was indeed an outlier, this point could be manually
removed from the dataset.

4.5.1. VALIDATION

After the data was cleaned from outliers, the (seasonal) trend was calculated and a sensitivity analysis was
performed on how sensitive the method is on varying the threshold. As a next step some joint distribution
functions were plotted to correlate the different sources of satellite images to each other and to investigate
the effects of using a fixed threshold or dynamic Otsu thresholding.

At last the area estimations are compared to discharge data from the GRDC dataset at the Katha region. This
discharge data is only available from 1996 until 2010 for the Katha station. Even though only Landsat 8,
Sentinel-2 and Sentinel-1 images were used to calculated the river area, Landsat 7 and Landsat 5 were used
to calculate the river areas in the period from 1996 until 2010, because the other satellites were not yet oper-
ational during this period.
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(a) Histogram of NDWI values on 16-04-2018 in the
Katha polygon, with in black the single Otsu thresh-
old (-0.04) en in red the multi Otsu thresholds (-0.29
and -0.01).

(b) Result of single Otsu thresholding.
The blue area has pixels values higher
than the Otsu threshold and the green
area has a NDWI value lower than the
threshold value.

(c) Result of multi Otsu thresholding.
The blue area has pixels values higher
than the Otsu threshold, the dark green
area has a NDWI value between the
thresholds and the light green area has
values below the lower threshold value.

(d) Histogram of MNDWI values on 16-04-2018 in
the Katha polygon, with in black the single Otsu
threshold (0.03) en in red the multi Otsu thresholds
(-0.32 and 0.06).

(e) Result of single Otsu thresholding.
The blue area has pixels values higher
than the Otsu threshold and the green
area has a MNDWI value lower than the
threshold value.

(f) Result of multi Otsu thresholding.
The blue area has pixels values higher
than the Otsu threshold, the dark green
area has a MNDWI value between the
thresholds and the light green area has
values below the lower threshold value.

(g) Histogram of backscatter values on 16-04-2018
in the Katha polygon, with in black the single Otsu
threshold (-16.9 dB) en in red the multi Otsu thresh-
olds (-18.6 and -11.3 dB).

(h) Result of single Otsu thresholding.
The blue area has pixels values lower
than the Otsu threshold and the green
area has a backscatter value higher than
the threshold value.

(i) Result of multi Otsu thresholding. The
blue area has pixels values lower than the
Otsu threshold, the dark green area has
a backscatter value between the thresh-
olds and the light green area has values
above the upper threshold value.

Figure 4.10: Example of the difference between single and multi Otsu thresholding on the image around Katha on 16-04-2018 for the
NDWI, MNDWI and backscatter. For the original images see Figure 4.4.





5
RESULTS

In this chapter, the method as discussed in Chapter 4 is applied and the results are interpreted and evaluated.
A summary is given about the image selection. This summary gives information about the amount of images
and the revisit periods of the different satellite missions. Furthermore time series are plotted which show
the estimates areas calculated from the different satellite missions in the Katha region. The first time series
shows the result when using fixed thresholds and the next time series shows the results when Otsu thresh-
olding is used. Also a time series of the Otsu thresholds is showed and a sensitivity analysis is performed on
the influence on the area estimations when varying the threshold value. Next the most striking outliers are
discussed and outliers are removed from the dataset. Furthermore, joint distribution plots show the relations
between the different satellites, the different thresholds options and different indices for the multispectral
images. Finally, the relation between river area and river discharge is investigated.

5.1. IMAGE SELECTION

After the image selection has taken place, as explained in Chapter 4, in Table 5.1 the revisit periods for the
different satellites and combinations of all satellites are summarised. The results show that the Sentinel-1
images have a shorter revisit period compared to the multispectral satellites. Nevertheless the combination
of Landsat 8, Sentinel-2 and Sentinel-1 images results in the shortest average revisit period, averaged over a
whole year. During the monsoon Sentinel-1 images can be used, whereas there are no ’clear’ multispectral
images available. If the monsoon is not taken into account the average revisit period for the Landsat 8 and
Sentinel-2 satellites would be around 10 days, instead of 14 days. The revisit period of 0 days for the Landsat
8, Sentinel-2 combination is caused by the fact that both satellites can pass during the same day.

Min
revisit period

Max
revisit period

Average
revisit period

Total amount of
images 2014-2019

L8 & S2 0 176 14 days 136
S1 2 21 7 days 201
All 0 21 5 days 337

Table 5.1: Overview of minimum, maximum and average revisit period for the multispectral satellites (Landsat 8 & Sentinel-2), Sentinel-1
satellite and the combination of the three.

29
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5.2. TIME SERIES OF RAW DATA

5.2.1. SURFACE AREA TIME SERIES WITH FIXED THRESHOLD

In Figure 5.1 the river area estimations in the Katha polygon are plotted based on the ’clear’ images from
Landsat 8, Sentinel-2 and Sentinel-1 in the period 2014-2019. The area estimations from the multispectral
satellites are based on the NDWI values and a fixed threshold of 0. The area estimations from Sentinel-1 are
based on a fixed threshold of -15 dB. Figure 5.1 shows that all satellites follow a seasonal trend conform to
the seasonal variation in discharge as shown in Figure 3.10. During the months June until October there is a
monsoon, which causes high discharges which results in a larger river area than during the lower discharges.
Even though a trend is visible, the spread in the measurements is large, especially during the monsoon when
there are some very high area estimations and some much lower area estimations in the same time period.
The estimations from the Sentinel-1 images show the most variation. Furthermore the time series show that
the density of the measurements is higher in the winter months and lower during the monsoon, when almost
no multispectral images are available due to the clouds. The frequency of Sentinel-1 images is constant over
the year.

Figure 5.1: Time series of area estimations in the Katha polygon from 2014-2019 when a fixed NDWI threshold of 0 is used for the
multispectral images from Landsat 8 and Sentinel-2, and -15 dB for the backscatter values from Sentinel-1.

From the time series in Figure 5.1 boxplots are made showing the average and inter-quartile range of esti-
mated river area for every month. Figure 5.2 shows the monthly boxplot for the Landsat 8 and Sentinel-2
images and Figure 5.3 shows the boxplot of area estimations from Sentinel-1 images. Both figures show that
during the monsoon the river area is larger than during the other months. The difference between the figures
is that the estimations based on the Sentinel-1 images show a dip in area estimation in the month May before
the area increases during the monsoon. The reason for this is still unclear.

Figure 5.2: Boxplot showing the average and inter-quartile
range of monthly area estimations based on the NDWI values
from multispectral images from Landsat 8 and Sentinel-2, us-
ing a fixed NDWI threshold of 0.

Figure 5.3: Boxplot showing the average and inter-quartile
range of monthly area estimations based on the backscat-
ter values from SAR images from Sentinel-1, using a fixed
backscatter threshold of -15 dB.
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From the time series in Figure 5.1 boxplots were made showing the average and inter-quartile range of esti-
mated river area for every year from 2014 until 2018. Figure 5.4 shows the yearly boxplot for the Landsat 8 and
Sentinel-2 images and Figure 5.5 shows the boxplot of yearly area estimations based on Sentinel-1 images.
Both figures show that the area of the river within the Katha polygon has increased in the period from 2014
until 2018. This can be the result of increasing discharge or river geometry changes.

Figure 5.4: Boxplot showing the average and inter-quartile
range of yearly area estimations based on the NDWI values
from multispectral images from Landsat 8 and Sentinel-2, us-
ing a fixed NDWI threshold of 0.

Figure 5.5: Boxplot showing the average and inter-quartile
range of yearly area estimations based on the backscatter val-
ues from SAR images from Sentinel-1, using a fixed backscat-
ter threshold of -15 dB.

5.2.2. AREA TIME SERIES WITH DYNAMIC THRESHOLD

In Figure 5.6 the river area estimations in the Katha polygon are plotted based on the ’clear’ images from
Landsat 8, Sentinel-2 and Sentinel-1 during the period 2014-2019. The area estimations from the multispec-
tral satellites are based on the NDWI values and the area estimations from the Sentinel-1 satellite are based on
backscatter values. To calculated the area the Canny Edge detector and dynamic Otsu thresholding have been
used as explained in Chapter 4. A time series of the thresholds which have been used are shown in Figure 5.11
for the multispectral images and in Figure 5.12 for the Sentinel-1 images. The same as in Figure 5.1, with the
fixed thresholds, Figure 5.6 also clearly shows a seasonal trend and a lack of data for the multispectral images
during the monsoon months. Compared to the time series based on a fixed threshold, there are less extreme
area estimations. Nevertheless the area estimations based on Sentinel-1 constantly show higher values than
the area estimations based on the multispectral images.

Figure 5.6: Time series of area estimations in the Katha geometry from 2014-2019 when Otsu thresholding is used for both the NDWI
from Landsat 8 and Sentinel-2, and the backscatter values from Sentinel-1.
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From the time series in Figure 5.6 boxplots are made showing the average and inter-quartile range of esti-
mated river area for every month when Otsu thresholding was used. Figure 5.7 shows the monthly boxplot
for the Landsat 8 and Sentinel-2 images and Figure 5.8 shows the boxplot of area estimations with Sentinel-1
images. The same as in the boxplots using a fixed threshold ( 5.4 and 5.5 ) a seasonal trend is visible of higher
area estimations during the monsoon. The only difference when using Otsu thresholding instead of fixed
thresholding is that in the boxplot in Figure 5.8 there is not the small dip that is visible in Figure 5.5 .

Figure 5.7: Boxplot showing the average and inter-quartile
range of monthly area estimations based on the NDWI values
from multispectral images from Landsat 8 and Sentinel-2, us-
ing Otsu thresholding.

Figure 5.8: Boxplot showing the average and inter-quartile
range of monthly area estimations based on the backscatter
values from Sentinel-1 images, using Otsu thresholding.

From the time series in Figure 5.6 boxplots were made showing the average and inter-quartile range of esti-
mated river area for every year from 2014 until 2018. Figure 5.9 shows the yearly boxplot for the Landsat 8 and
Sentinel-2 images and Figure 5.10 shows the boxplot of yearly area estimations based on Sentinel-1 images.
Figure 5.9 show that the area of the river within the Katha polygon has increased in the period from 2014 until
2018, which can be the result of increasing discharge or river geometry changes. On the contrary, Figure 5.10
shows that the area estimations of the river are more or less constant.

Figure 5.9: Boxplot showing the average and inter-quartile
range of yearly area estimations based on the NDWI values
from multispectral images from Landsat 8 and Sentinel-2, us-
ing Otsu thresholding.

Figure 5.10: Boxplot showing the average and inter-quartile
range of yearly area estimations based on the backscatter val-
ues from SAR images from Sentinel-1, using Otsu threshold-
ing.
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5.2.3. TIME SERIES OF OTSU THRESHOLDS

In Figure 5.11 the dynamic NDWI thresholds are plotted for the period 2014-2019, calculated for the images
covering the Katha polygon. The thresholds seem to follow a seasonal trend just like the area estimations and
the discharge. During the monsoon the thresholds are lower compared to the winter months. The cause of
this seasonality was not investigated. Nevertheless it could be argued that possible causes include a seasonal
change in vegetation, humidity of the ground, atmospheric effects or otherwise.

Figure 5.11: Time series of NDWI thresholds calculated with the Otsu method for the multispectral satellites Landsat 8 and Sentinel-2.

In Figure 5.12 the dynamic backscatter thresholds are plotted for the period 2014-2019, calculated for the
images covering the Katha polygon. The same as for the NDWI threshold values in Figure 5.11 the thresholds
seem to follow a seasonal trend. During the monsoon the threshold values are high compared to the winter
months. The same as for the NDWI thresholds, these variations can be caused by vegetation or humidity
of the ground, furthermore the incidence angle can have significant effects on SAR backscatter following
Panchagnula et al. (2012). Waves on the water surface can also cause a higher backscatter, which are often
induced by the wind.

Figure 5.12: Time series of backscatter thresholds calculated with the Otsu method for the Sentinel-1 satellite.

As shown in figures 5.11 and 5.12, where a time series is plotted of the Otsu threshold values, the thresholds
seem to follow a seasonal trend. In figures 5.13 and 5.14 the average and inter-quartile ranges of the threshold
values are plotted for each month. The boxplot for the multispectral satellites shows a gap in the months June
to August, but the seasonality is still visible. In the winter months the figure show higher threshold values
compared to the months just before summer. For the microwave backscatter no seasonal trend is visible. The
threshold varies irregular between -14 and -16 dB the whole year round.
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Figure 5.13: Boxplot of average NDWI Otsu threshold values
from 2014-2019.

Figure 5.14: Boxplot of average backscatter Otsu threshold
values from 2014-2019.

5.3. OUTLIER DETECTION AND TREND FITTING

In this section first the outliers that visually deviate from the other measurements were investigated case by
case. Based on the causes of these deviation, some data points were removed and others were stated to be
correct measurements. When all outliers have been removed a seasonal trend was fitted on the remaining
data.

5.3.1. EXAMPLES OF POSSIBLE OUTLIERS

A quick look at the time series from both the area estimations and the Otsu thresholds, showed that there
were some data points that did not follow the (seasonal) trend. These area estimations or threshold values
diverged from the other data points. To investigate whether the divergent points were indeed outliers and
what could have caused the outlier, images that are assumed to be correct were compared to the possible
outliers. This was done by looking at the RGB image, NDWI/backscatter image and the histogram taken from
the edges of the river. The dates which were used are summarised in Table 5.2. These specific investigations
show that the most occurring reason for the deviations are caused by flooding of the river.

Date Satellite Area [km2] with
fixed th

Otsu threshold Area [km2] with
Otsu threshold

07-03-2018 S2 4.058 -0.022 4.035
19-08-2017 S2 12.102 0.039 11.577
17-02-2018 S1 5.541 -15.718 5.067
19-08-2017 S1 10.685 -14.760 10.732
30-04-2018 S1 4.364 -15.248 4.292
08-10-2017 S1 4.633 -11.747 7.248

Table 5.2: Some data points that are divergent from the other data points in the time series in figures 5.11 and 5.12.

07-03-2018: A NORMAL DAY?

The time series in Figure 5.6 was used to choose a data point which was assumed to be a reliable measure-
ment. The area estimation on 07-03-2018 is in line with the other measurements, which follow the seasonal
trend, so this date is chosen as reference point for the other multispectral images that are discussed in this
section. The false color composite and the NDWI image from 07-03-2018 are plotted in Figure 5.15 and 5.16.
The histogram in Figure 5.17 shows a bimodal distribution of NDWI values, which makes it possible to use
the single Otsu method to derive the threshold value to separate water from non-water pixels. The estimated
threshold value is -0.022 as shown in Table 5.2.
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Figure 5.15: False color composite, made
with the ’swir’, ’nir’ and ’green’ bands of
the Sentinel-2 image covering the Katha
polygon on 07-03-2018.

Figure 5.16: NDWI calculated from a
Sentinel-2 image covering the Katha polygon
on 07-03-2018.

Figure 5.17: Histogram of NDWI values
on the edges of the river taken from a
Sentinel-2 image covering the Katha poly-
gon on 07-03-2018.

19-08-2017: FLOODING

On 19-08-2017 a very high surface area of 11.5 km2 was estimated. The RGB image in Figure 5.18 shows that
this high estimate was caused by the flooding of the river. The flooded area is even bigger than the Katha
polygon. The histogram in Figure 5.20 shows a bimodal distribution of NDWI values and the threshold was
estimated to be 0.039, which is indeed right in the middle of the valley of the histogram.

Because the flooded area extends the boundaries of the polygon, the total area of land covered with water
was even higher than the area estimation shown in Table 5.2 and in the time series in sections 5.2.1 and 5.2.2.
The high area estimation is not a measuring mistake, because the water is present. On the other hand it
is up for discussion if the measurements of floods should be used, because the flooded area is not part of
the river geometry, stated that the river is the area between the levees. Nevertheless the calculations taken
during the floods will not be removed, because they are important to understand when floods have occurred.
After a flood the river geometry is often changed, which influences the relation between discharge and river
geometry.

Figure 5.18: False color composite, made
with the ’swir’, ’nir’ and ’green’ bands of
the Sentinel-2 image covering the Katha
polygon on 19-08-2017.

Figure 5.19: NDWI calculated from a
Sentinel-2 image covering the Katha polygon
on 19-08-2017.

Figure 5.20: Histogram of NDWI values
on the edges of the river taken from a
Sentinel-2 image covering the Katha poly-
gon on 19-08-2017.
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17-02-2018: A NORMAL DAY?

For the multispectral images the Sentinel-2 image from 07-03-2018 was used as reference image for the mul-
tispectral images, and in the same way the image taken by Sentinel-1 on 17-02-2018 was chosen as reference
to the other Sentinel-1 images. In the backscatter image from Figure 5.21 the river can be easily distinguished
from the surrounding areas by the low backscatter values. The histogram in Figure 5.22 shows a bimodal
distribution and with the single Otsu method the threshold is estimated to be -15.718 dB, as shown in Table
5.2.

Figure 5.21: Backscatter plot of a Sentinel-1 image covering
the Katha polygon on 17-02-2018.

Figure 5.22: Histogram of backscatter values on the edges of
the river taken from a Sentinel-1 image covering the Katha
polygon on 17-02-2018.

19-08-2017: FLOODING

As shown in the backscatter image from 19-08-2017 in Figure 5.23 the river was flooded, resulting in a very
high area estimation of 10.685 km2, which is shown in the time series and in Table 5.2. The threshold esti-
mated based on the histogram in Figure 5.24 is -14.760 dB. This flooded area was also shown in Figure 5.18 of
the Sentinel-2 image taken on the same day.

Figure 5.23: Backscatter plot of a Sentinel-1 image covering
the Katha polygon on 19-08-2017.

Figure 5.24: Histogram of backscatter values on the edges of
the river taken from a Sentinel-1 image covering the Katha
polygon on 19-08-2017.
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08-10-2017: HIGH THRESHOLD VALUE

The threshold value estimated from the Sentinel-1 image taken on 08-10-2017 had a very high value of -
11.747 dB compared to most Sentinel-1 images. As shown in the time series of the threshold values used for
the Sentinel-1 images in Figure 5.12, roughly most threshold values are estimated between -14 and -16 dB.
In the backscatter image in Figure 5.25 some light blue areas corresponding to backscatter values around -5
dB can be seen over the river, this made it harder for the Edge detector to detect the edges of the river. This
resulted in a limited amount of pixels available for the histogram in Figure 5.26, causing a high threshold
value. A possible cause of the areas with a higher backscatter value over the river can be waves in the water,
caused by wind. Furthermore vegetation might have influenced this image.

Figure 5.25: Backscatter plot of a Sentinel-1 image covering
the Katha polygon on 08-10-2017.

Figure 5.26: Histogram of backscatter values on the edges of
the river taken from a Sentinel-1 image covering the Katha
polygon on 08-10-2017.

5.3.2. SEASONAL TREND FIT

From the time series of the raw data in figures 5.6 and 5.1 a trend and seasonality can be derived. This trend
and seasonality are shown in the boxplots from Section 5.2.1 and 5.2.2. The combination of trend and sea-
sonality are plotted in the black line for the multispectral satellites and in grey for the Sentinel-1 satellites
in figures 5.27 and 5.28. The figures show that using the Otsu threshold results in more overlap between the
trends, than when using a fixed threshold. When optical images are combined with microwave images it is
therefore better to use Otsu thresholding instead of fixed thresholding. Nevertheless the trends still deviate
from each other. Especially in the months outside of the monsoon the estimations based on Sentinel-1 im-
ages show higher area estimations than the estimations based on multispectral images. This problem should
be solved before they can be really combined together in estimating river area.
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Figure 5.27: Time series of river area calculated with images from different satellite missions using Otsu thresholding at the Katha region
from 2014-2019. The black line shows the ’trend + seasonality’ of the multispectral images and the grey line shows the ’trend + seasonality’
of the Sentinel-1 images.

Figure 5.28: Time series of river area calculated with images from different satellite missions using a fixed threshold at the Katha region
from 2014-2019. The black line shows the ’trend + seasonality’ of the multispectral images and the grey line shows the ’trend + seasonality’
of the Sentinel-1 images.

5.4. SENSITIVITY ANALYSIS ON THRESHOLDING

To investigate the influence of the threshold value on the river area estimations, a sensitivity analysis has
been performed. First some cross-sections have been plotted to show how NDWI and backscatter values
vary over the cross-section at Katha in both time and space. As a next step the Sentinel-2 image from 05-
02-2017 was chosen as case study to investigate the effect of varying the NDWI/MNDWI threshold. For this
day histograms were plotted of the NDWI and MNDWI values. Furthermore for different NDWI and MNDWI
threshold values the edges along the river were plotted and the corresponding areas were calculated. This
same procedure was performed for the Sentinel-1 images from 08-02-2017 to investigate the effect of varying
the backscatter threshold value.

5.4.1. CROSS-SECTIONS

To see how the indexes vary over the river cross-section at Katha, the mean and standard deviation of NDWI
values over the cross-section are plotted in Figure 5.29. These figures were made with all ’clear’ images cap-
tured by either Landsat 8 or Sentinel-2 in the year 2017, and in total 27 images were used. The thick black line
shows the average index value and the light blue area shows the standard deviation. On average the NDWI
of the river is around 0.4 with a standard deviation of around 0.1. It should be taken into account that most
images from Landsat 8 and Sentinel-2 were made outside the monsoon season, because most images during
the monsoon were covered by clouds. Figure 5.29 therefore only gives information about the rest of the year.
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Figure 5.29: Average and standard deviation of NDWI values over the cross-section near Katha for the year 2017.

To get an idea on how the cross-sections differ in time, some different days from 2017 were selected and
plotted in Figure 5.30. The figure shows the same pattern of a river with two main channels indicated by the
high NDWI values for most of the days . Nevertheless the NDWI values differ between the days, which could
be the result of atmospheric effects. Furthermore 19-08-2017 deviates from the other days, because the river
was flooded, which is shown by the high NDWI value over almost the entire cross-section.

Figure 5.30: Cross-sections of NDWI values for 7 different days in 2017.

The downward peak in the middle of the Katha cross-section can be caused by the bank in the middle of the
river as shown in Figure 5.32. This bank can be migrated from upstream or was covered with water during
high discharge and dry when the discharge was low. The bank has a higher NDWI value than the land outside
of the river.
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Figure 5.31: False color composite of Katha, made with the
’swir’, ’nir’ and ’green’ bands of the Sentinel-2 satellite cov-
ering the Katha region when the river is wide and no bar is
visible on 07-11-2017.

Figure 5.32: False color composite of Katha, made with the
’swir’, ’nir’ and ’green’ bands of the Sentinel-2 satellite cov-
ering the Katha region when there is a bar in the middle of
the river on 07-11-2017.

In the same way the NDWI and MNDWI were plotted over the cross-section near Katha, this method was also
performed with images from Sentinel-1. In Figure 5.33 the back-scatter values over the cross-section near
Katha are plotted. The average back-scatter is plotted in black and the standard deviation of the back-scatter
is shown in light blue. The average backscatter of the river is -15 dB with a standard deviation of 10 dB. The
measurements were all from the year 2017 when 82 Sentinel-1 images were available. The figure shows the
same pattern as the cross-section plots of the NDWI values. The only difference is that the bar in the middle
of the river is less distinctive in the Sentinel-1 cross-sections. The bank can be a very water saturated surface,
which causes a low backscatter close to the backscatter of water.

Figure 5.33: Average and standard deviation of backscatter values over the cross-section near Katha for the year 2017.

In both the NDWI and the backscatter plots, the cross-sections show a steep gradient at the boundaries be-
tween water and land. In figures 5.34 and 5.35 close-ups are shown of the Katha cross-section from 500 to
700 meters. The NDWI changes from -0.2 to 0.4 in the region from 550-620 meter. This gradient shows that
if the threshold estimation is slightly off, this has a big influence on where the location of the river edge is
estimated. For the backscatter the steep gradient is from 570-650 meter. At this location the backscatter de-
creases from -5 dB to -15 dB. Most interestingly the NDWI shows a constant gradient in NDWI values, whereas
the backscatter shows a peak at this location. Because for both the NDWI and backscatter different days were
used to calculated the mean and standard deviation and the backscatter includes more days and more mon-
soon days, this images can not be compared to each other. For a better comparison only the days that both
Landsat 8/Sentinel-2 and Sentinel-1 passed should be used, or only the images taken outside of the monsoon.
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Figure 5.34: Close-up of the Katha cross-section from Figure
5.29 between 500 and 700m showing the average and stan-
dard deviation of NDWI values for all clear images in 2017.

Figure 5.35: Close-up of the Katha cross-section from Figure
5.33 between 500 and 700m showing the average and stan-
dard deviation of backscatter values for all Sentinel-1 images
from 2017.

5.4.2. CASE STUDY ON NDWI THRESHOLD SENSITIVITY: KATHA 05-02-2017

For this case study a multispectral image covering the Katha polygon from 05-02-2017 was used. In the figures
below the NDWI (Figure 5.36), MNDWI (Figure 5.37) and a false color composite using the ’swir’, ’nir’ and
’green’ band (Figure 5.38) are given to get a feeling of how this day looked like. The false color composite
shows that this day was very clear, because no clouds are visible.

Figure 5.36: NDWI values in the Katha poly-
gon calculated from Sentinel-2 image from
05-02-2017.

Figure 5.37: MNDWI values in the Katha
polygon calculated from Sentinel-2 image
from 05-02-2017.

Figure 5.38: False color composite using the
’swir’, ’nir’ and ’green’ band in the Katha
polygon calculated from Sentinel-2 image
from 05-02-2017.
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HISTOGRAMS

In figure 5.39 and 5.40 histograms are plotted of the NDWI and MNDWI values from Figure 5.36 and 5.37. In
general the two peaks in both histograms represent the ’non-water’ pixels on the left and the ’water’ pixels on
the right. To separate these two classes the estimated Otsu threshold will be in between the two peaks of the
histograms. Nevertheless the histograms show a wide bandwidth of values that could be used to separate the
two peaks from each other. Furthermore, the NDWI histogram shows an extra small peak around -0.1 NDWI,
which could impact the single Otsu calculation. These histograms represent all pixels from the images.

Figure 5.39: Histogram of NDWI values in the Katha geometry
on 2017-02-05.

Figure 5.40: Histogram of MNDWI values in the Katha geome-
try on 2017-02-05.

To calculate the Otsu threshold, first the Canny edge detector was applied and the pixels on the edges result
in the histogram of NDWI values in Figure 5.41 and MNDWI values in Figure 5.42. In those figures the peaks
are much closer together than in figures 5.39 and 5.40 and the Otsu threshold can be calculated. The resulting
threshold values are given in Table 5.3. The MNDWI has a higher threshold value, than the estimated NDWI
threshold value. These values correspond to the estimation from Huang et al. (2018) that for the NDWI a
threshold of 0 is usually good and for MNDWI this is 0.2.

Figure 5.41: Histogram of NDWI values on the edges of the river
taken from a Sentinel-2 image covering the Katha polygon on
2017-02-05.

Figure 5.42: Histogram of MNDWI values on the edges of the
river taken from a Sentinel-2 image covering the Katha polygon
on 2017-02-05.

Method Threshold
NDWI 0.085
MNDI 0.228

Table 5.3: Otsu threshold values for NDWI and MNDWI over the region around Katha calculated with the Canny Edge detector and the
single Otsu method.
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EDGE DETECTION

To investigate the influence of the threshold value on the estimation of river area, for both the NDWI and
MNDWI a close-up of the water edges is plotted for some different threshold values, as shown in figures
5.43 and 5.44. Furthermore the NDWI and MNDWI edges from the threshold as calculated in Table 5.3 are
compared in Figure 5.45 with a false color composite from the ’nir’, ’swir’ and ’green’ band as background.
Figures 5.43 and 5.44 show that the higher the threshold, the more the edge moves inside to the river. In
Figure 5.45 it is shown that using the calculated Otsu thresholds from Table 5.3, both the NDWI edge and
MNDWI edge are roughly on the same location, but do follow a different pattern. The MNDWI edge is much
smoother than the NDWI edge. This difference can be caused by the fact that the ’swir’ band, used in the
MNDWI, is less sensitive to optical active constituents than the ’nir’ band that is used in the NDWI. Looking
at Figure 5.45 the Irrawaddy river might have a lot of optical active constituents around the edges of the river.
In this case the NDWI shows a more accurate result than the MNDWI, when comparing the edges to the
background of the image. When comparing the edges for different NDWI and MNDWI threshold values, the
edge shifts between 2-5 meters when the threshold varies with 0.1 for both the NDWI and the MNDWI.

Figure 5.43: Edges of the water based on dif-
ferent NDWI threshold values. From left to
right the red lines represent the threshold
values of 0.3, 0.2, 0.1, 0 and -0.1 and in white
the Otsu threshold of 0.085 is plotted with
NDWI in the background.

Figure 5.44: Edges of the water based on dif-
ferent MNDWI threshold values. From left
to right the red lines represent the thresh-
old values of 0.3, 0.2, 0.1, 0 and -0.1 and in
white the Otsu threshold of 0.228 is plotted
with MNDWI in the background.

Figure 5.45: In grey the MNDWI edge when
using the Otsu threshold of 0.228 and in red
the same for the NDWI using a threshold of
0.085. The background is a false color com-
posite using ’nir’, ’swir’ and ’green’ bands.

AREA CALCULATION

For different threshold values of NDWI and MNDWI the edges of the water were plotted in figures 5.43 and
5.44. The area of the river within the Katha polygon is plotted in Figure 5.46 for different NDWI and MNDWI
threshold values. The figure shows that for both indexes the estimated area of the river decreases when a
higher threshold value is used. It is interesting to see that between 0 and 0.3 the lines of the NDWI and
MNDWI show the same trend.

In Figure 5.47 a close-up of Figure 5.46 is plotted for the threshold values between 0 and 0.35 and a linear
trend line is added. This figure shows that the two lines are not exactly the same. The estimated area based
on MNDWI is bigger than the estimation area based on NDWI for the same threshold value. This trend line
shows that when the threshold value for the MNDWI is changed with 0.1 the area decreases with 0.012 km2.
When the NDWI threshold is 0, a threshold of 0.05 would give the same area estimation using the MNDWI.
This value is much lower than the 0.2 threshold for MNDWI stated in Huang et al. (2018).
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Figure 5.46: Area estimations of the Irrawaddy river in the
Katha polygon for different threshold values on 2017-02-05
for both NDWI and MNDWI.

Figure 5.47: Area estimations of the Irrawaddy river in the
Katha polygon for different threshold values on 2017-02-05
for both NDWI and MNDWI in the range from 0 to 0.35 to in-
vestigate the linearity.

5.4.3. CASE STUDY ON BACKSCATTER THRESHOLD SENSITIVITY: KATHA 08-02-2017

The same as for the case study on the sensitivity of the NDWI and MNDWI threshold value, a case study on
the sensitivity of the backscatter threshold on river area estimation has been performed using a Sentinel-1
image from 08-02-2017.

BACKSCATTER IMAGE AND HISTOGRAM

In figure 5.48 the backscatter values from the Sentinel-1 image from 08-02-2017 and in figure 5.49 the his-
togram of backscatter values corresponding to this image are plotted. In the backscatter image the river is
clearly visible because of its low backscatter values. The surrounding land has higher backscatter values than
the water. In the histogram the non-water pixels are represented by the right big peak around -10 dB and the
left peak represents the river. Using the Otsu method, the backscatter threshold of this image is -16.255 dB.

Figure 5.48: Backscatter plot of a Sentinel-1 image cover-
ing the Katha polygon on 08-02-2017.

Figure 5.49: Histogram of backscatter values on the edges of
the river taken from a Sentinel-1 image covering the Katha
polygon on 08-02-2017.

EDGE DETECTION AND AREA CALCULATION

In Figure 5.50 the edges of the water when using different backscatter threshold values are plotted to show
how much the edge location changes when using a different threshold value. The red lines represent thresh-
old values ranging from -18 to -14 dB and the white line is the edge when using the threshold value of -16.255
dB, calculated using Canny Edge detection and Otsu thresholding on the image from Figure 5.48. The dis-
tances between the edges are between 2-5 meters, depending on the location. This means that when the
threshold values is around 1dB off, this can result in more than a meter difference in river width estimation.
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In Figure 5.51 for different backscatter threshold values, the corresponding river area within the Katha poly-
gon is plotted. The plot shows that when the threshold value increases, the estimated area increases following
a polynomial function. In Figure 5.50 it was also shown that when the threshold increases, the edge moves
outward of the river, resulting in a higher area estimation. Because water has a very low backscatter, using a
to high backscatter threshold value can resulting in misclassifying land as water.

Figure 5.50: Edges of the water based on different
backscatter threshold values. From left to right the
red lines represent the threshold values of -14 to -18
dB white the Otsu threshold of -16.255 dB is plotted
with backscatter values in the background.

Figure 5.51: Area estimations of the Irrawaddy river in the Katha polygon
for different backscatter threshold values on 2017-02-08.

VARIABLES THAT CAN INFLUENCE THE BACKSCATTER THRESHOLD

All Sentinel-1 images that were used for this thesis had instrumentmode ’VV’ and swathmode ’IW’, so the
influence of different instrumentmode or swathmode was not investigated. Nevertheless other variables did
change between acquisitions. The variables that change were the orbit properties (ascending or descending)
and the sun angle. These two might influence the calculated Otsu threshold and therefore the estimated
area. In Figure 5.52 the backscatter threshold is plotted against the estimated area. This figure shows no clear
correlation between those properties. Also there is no difference between the measurements taken during
ascending and descending orbit. In Figure 5.53 the Otsu threshold is plotted against the sun angle. The
smaller the angle of the sun, the lower the Otsu threshold. This is indeed the seasonal variation which was
shown before in Figure 5.14. In Figure 5.54 the sun angle is plotted against the estimated area. This figure is
also a result of the seasonal variation as shown in Figure 5.8. The most interesting feature of this figure is that
the area estimation based on a fixed threshold show less spread in measurements than the area estimations
based on Otsu thresholding.

Figure 5.52: Backscatter Otsu thresh-
old vs estimated river area.

Figure 5.53: Backscatter Otsu thresh-
old vs sun Angle.

Figure 5.54: Sun angle vs estimated
river area.
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5.4.4. MASK COMPARISON

Figure 5.61 shows that the areas estimated from Sentinel-1 images are often larger than the areas estimated
with one of the multispectral satellites. Figure 5.55 shows the water pixels in white for 16-04-2018 calculated
from both Sentinel-1 and Sentinel-2 images of the Katha region. In Table 5.4 the Otsu thresholds and the
estimated area are given for every figure.

Otsu threshold area [km2])
(a) SAR -16.743 10.646
(b) NDWI -0.0495 9.834
(c) MNDWI 0.0401 9.477

Table 5.4: Threshold values and estimated areas for the figures in Figure 5.55.

(a) Water pixels based on backscatter
values from Sentinel-1 image.

(b) Water pixels based on NDWI values
from Sentinel-2 image.

(c) Water pixels based on MNDWI values
from Sentinel-2 image.

Figure 5.55: Water pixels (white) based on Otsu thresholds from Table 5.4 for images taken on 16-04-2018 with Sentinel-1 and Sentinel-2.

In Figure 5.56 a close-up of the Katha region is shown with the edges of the NDWI, MNDWI and backscatter
values based on the threshold values in Table 5.4. The backscatter edges are clearly more noisy and also
covers areas outside of the river, causing the higher estimations in river area.

Figure 5.56: Close-up of RGB image in the region of Katha with the edges calculated with the threshold values in table 5.4 for the NDWI
(red), MNDWI (white) and backscatter (blue).
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5.5. RIVER AREA VS DISCHARGE

In Figure 5.57 a time series is shown of the discharge and river area estimations based on multispectral images
at Katha for the period 1996-2010, which is the period that GRDC discharge data is available. During this
period only the multispectral satellites Landsat 5 and Landsat 7 were available. It was not possible to use
Sentinel-1 or more Landsat 8 images because the GRDC database is available until 2011 whereas the Sentinel-
1 images are available from 2014 and Landsat 8 from 2013. The figure shows that in general a high discharge
correlates to a larger river area. In this figure it is also visible that during the months with high discharge,
fewer multispectral images were available. Furthermore the Landsat 7 estimations in Figure 5.57 are lower
than the Landsat 5 estimations and this is caused by the SLC failure.

Figure 5.57: Time series of river discharge data from the GRDC database at Katha station, plotted together with river area estimations
from the Katha polgon.

In Figure 5.58 the river area is plotted versus the discharge. This figure shows that in general a higher discharge
results in a larger river area estimations. The straight line is the regression line with a 95% confidence interval.
In Figure 5.57 some years have a higher area estimation during low discharge than other years. This can be
caused by a change in river morphology. The river morphology is constantly changing, but after the floods in
the monsoon , these morphological changes are largest. The changes in morphology influence the relation
between river discharge and river area, which also results in the large spread in data in Figure 5.58.

Figure 5.58: Joint distribution function showing the river area estimations, based on Landsat 7 and Landsat 5 multispectral images
against the GRDC discharge data measured on the same days. The correlation between discharge and river area is 0.82.



48 5. RESULTS

5.6. CORRELATIONS

For different combinations of variables, joint distribution functions are plotted in this section. For every joint
distribution the correlation coefficient (ρ) was calculated. The red ’1:1’ lines represent the data if there is full
correlation between the variables which is equal to 1.

5.6.1. FIXED THRESHOLD VS DYNAMIC THRESHOLD

In Figure 5.59 the river area estimations based on a fixed threshold of 0 for the multispectral images and -15
dB for the Sentinel-1 images, are compared to the the area estimations based on dynamic Otsu thresholding
on the same images. The figure shows all area estimations from the period 2014-2019. In general the area es-
timations based on a fixed threshold correlate very well to the area estimations based on Otsu thresholding.
Nevertheless there is a spread in the data, which is larger for the Sentinel-1 images (ρ = 0.71) than for the mul-
tispectral images (ρ = 0.98) This indicates that dynamic thresholding more important when using microwave
images, than when using multispectral images to calculate river areas.

5.6.2. NDWI VS MNDWI

To compare if using NDWI or MNDWI index gives similar result, the area estimations calculated with NDWI is
scattered against the estimated areas based on MNDWI in Figure 5.60. This figure shows that using the NDWI
gives very similar results to using the MNDWI, which is also shown by the correlation coefficient of 0.98. For
this region both NDWI and MNDWI could be used to estimate river areas.

Figure 5.59: River area estimations in the Katha polygon. The
orange dots represent the estimations based on microwave
images from Sentinel-1 and the blue dots show the results
based on optical images from Landsat 8 and Sentinel-2. The
graph shows the influence of using a fixed threshold or dy-
namic threshold. The L8/S2 result have a correlation of 0.98
and the S1 result a correlation of 0.71 between the area calcu-
lations based on a fixed or Otsu threshold.

Figure 5.60: River area estimations in the Katha polygon. The
orange dots represent the estimations based on Sentinel-2
images and the blue dots show the results based Landsat 8
images. The graph shows the influence of using NDWI or
MNDWI for detecting water. The correlation between area
calculated with NDWI and MNDWI is 0.98.
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5.6.3. SENTINEL-1 VS SENTINEL-2&LANDSAT 8

In Figure 5.61 a scatterplot is shown which correlates the estimated areas based on multispectral images from
Landsat 8 and Sentinel-2 with the estimated areas based on microwave images from Sentinel-1. For every day
that both a Sentinel-1 image and a Sentinel-2 or Landsat 8 image was available the results are plotted in the
graph. Unfortunately this does not happen very often, so only 27 days can be used from the period 2014-
2019. The figure shows that for a dynamic threshold the estimated area based on Sentinel-1 images is often
higher than the estimated area based on multispectral images from Landsat 8 and Sentinel-2. The red line
shows the "1:1" line. The points should be on this line when there is a good correlation. The correlation
between the area estimations based on SAR images and the MS images is higher when using a fixed threshold
(ρ = 0.90) than when using a dynamic threshold (ρ = 0.83). This is in contradiction to the timeseries shown
in Figure 5.28 and Figure 5.27 where the timeseries show more overlap, say a higher correlation, when Otsu
thresholding is used. This difference can be caused by the fact that only 27 days were used, which does not
give a good representation of the data. There are no data points during the monsoon, because no optical
images are available during that period.

Figure 5.61: Joint distribution function between estimated areas based on multispectral images from Landsat 8 and Sentinel-2, and
microwave images from Sentinel-1. The correlation between area estimations based on MS images and SAR images is 0.90 when using a
fixed threshold and 0.83 when using Otsu thresholding.





6
DISCUSSION

The approach of combining multispectral satellite images with microwave images to estimate river area on a
regular basis shows reasonably accurate results, a critical evaluation of the study is performed in this chapter.
On one hand, the chapter contains a reflection on the thesis, and on the other hand it is shown how the results
contribute knowledge to the research area.

AVAILABLE DATA AND VALIDATION

First of all, Landsat 8 and Sentinel-2 are not the only satellites that provide multispectral images. For example,
other satellites are operational which also provide multispectral images for free such as MODIS and ASTER.
Nevertheless those satellites have other spatial and temporal resolutions than Landsat, so extra investigation
would be needed to add them to the method. Also Sentinel-1 is not the only satellite that provides microwave
images. The addition of these other multispectral or microwave images could possibly improve the method,
resulting in a higher spatial-temporal resolution.

Furthermore, no validation data was available to check if the river area estimations are correct. The only
way to validate the area estimations was by comparing the estimations based on Sentinel-1 images to the
area estimations based on multispectral images. This showed that the area estimations based on Sentinel-
1 images are often much larger than the area estimations based on multispectral images, see Figure 5.61.
Furthermore the relation between the river area and the river discharge was investigated using Landsat 7 and
Landsat 5 images in Section 5.5. In the time period 1996-2011, when GRDC discharge data was available at
Katha, the Landsat 8, Sentinel-1 and Sentinel-2 satellites were not operational yet. The SLC failure of Landsat
7 could have resulted in too low area estimations, making it harder to find a relation between river discharge
and river area. Furthermore the uncertainty in the GRDC discharge data was not taken into account when
investigating the relationship between river discharge and river area.

CHOICE OF INDICES AND IMAGE SELECTION

For the multispectral images, only the NDWI and MNDWI indices were used to detect water. In literature
many other indices have been investigated in the past years. For example in Fisher et al. (2016) seven water
index methods were tested and the conclusion was that the accuracy of those indices was dependent on the
composition of the validation pixels and there was no index performing best. For the method described in
this thesis, also other indices could have been used.

For the Sentinel-1 images only the images with a ’VV’ polarisation and ’IW’ swathmode were selected. Fol-
lowing Vachon and Wolfe (2011) ’HH’ polarization usually performs better in separating land from water
under calm water conditions. The scattering of open water shows less scattering with the ’HH’ polarization
compared to the ’HV’ or ’VV’ polarization and is less sensitive to capillary waves created from wind. Unfortu-
nately only images taken with ’VV’ or ’VH’ polarization were available for the Katha region. At other locations
it might be useful to investigate the effects of using other polarisations.
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FLOODING AND OUTLIER DETECTION

When the river was flooded, the flooded area extended the Katha polygon, which was used to calculated the
river area in this region. The area estimations during floods did not only contain the water inside the river,
but also the water covering the floodplains. In the results, seasonal trends were shown which included the
measurements during floods. For more accurate results a solution should be found on how to deal with the
floods. The floods can not be treated as outliers because they are very important for the understanding of the
hydrodynamics and morphodynamics of the river. Nevertheless they do have a big influence on the seasonal
trend calculations.

Because most data points that deviated a lot from the seasonal trend were caused by flood events, which are
no outliers, no further outlier detection has been performed. The data points, that were not floods, followed
the seasonal trend quite well. Still it might have been useful to perform some outlier detection. This outlier
detection can be based on how well the histogram shows a bimodal distribution. When the histogram is not
bimodal, the estimated threshold value can be too high or too low, resulting in a wrong area estimation.

HYDRODYNAMIC MODELLING

The main object of this thesis was to increase the spatial-temporal data availability of satellite images to
improve hydrodynamic modelling. Section 5.5 showed that the relation between the river area and the dis-
charge can change between consecutive years. This change might by caused by morphodynamic changes in
the river, which occur mostly after the flood events in the monsoon. Following Karpatne et al. (2016) spatial-
temporal monitoring of water body dynamics is very essential for understanding the global or regional water
availability, which provides insight in the natural processes that shape the storage of water resources. In the
Katha region the improvement of spatial-temporal monitoring is therefore very important, whereas in other
regions in the world were the water body dynamics are more constant, this is less important.

NOISE IN SENTINEL-1 IMAGES

The water mask in Figure 5.56 shows that the water mask from Sentinel-1 contains a lot of noise outside of
the river. This noise is often classified as water, resulting in a too high area estimation which can also be seen
in the time series in Figure 5.27 were the area estimations from Sentinel-1 are structurally higher than the
estimations made with Sentinel-2 and Landsat 8 images. In order to be able to combine the multispectral
images with the Sentinel-1 images a solution should be found on removing the noise in the water mask from
the Sentinel-1 images. Another reason why Sentinel-1 images give higher area estimations is because optical
images can not detect water underneath vegetation following Guerschman et al. (2011). If vegetation would
cover the water, the water can still be detected by the SAR satellite because the microwave signal penetrates
through vegetation. The optical sensor would classify this location as vegetation.
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CONCLUSIONS AND RECOMMENDATIONS

In this thesis, a method of combining satellite based optical and microwave remote sensing to estimate river
geometry, has been explored. This chapter consists of two sections. Firstly, the research questions are an-
swered. Thereafter recommendations for use and recommendations for future research are given.

7.1. CONCLUSIONS

The main question of this thesis was: "How can satellite based optical and microwave images be combined
to get a realistic estimation of river geometry to improve hydrodynamic modelling?". The main conclusion to
this question is that river area estimations based on the multispectral satellites Landsat 8 and Sentinel-2, give
slightly different results from the river area estimations, based on Sentinel-1 images. Both methods show the
same seasonal trend, only the area estimations based on Sentinel-1 images outside the monsoon season are
always higher than the area estimations based on multispectral images. As mentioned in the discussion, this
bias can be caused by the noise in the Sentinel-1 images and more research is needed to solve this problem.
Nevertheless this thesis did show that the results improve when dynamic Otsu thresholding is applied instead
of using a fixed threshold for both the backscatter values and the NDWI values.

WHICH AVAILABLE SATELLITE DATA CAN BE USED TO GET GEOMETRIC INFORMATION OF A RIVER?

There are two sensors types which were used in this thesis for detecting surface water, namely optical and mi-
crowave sensors. The optical sensor is on board of the Landsat 8 and Sentinel-2 satellites and the microwave
sensor is on board of the Sentinel-1 satellite. There are other satellites operational that also carry these kind
of sensors, but they were not used for this thesis. The optical images can be used to calculate one of the dif-
ferent water indices, in this thesis the normalized difference water index (NDWI) was used. Water behaves
different than (dry) land in the ’nir’ and ’green’ bands, which are used for calculating the NDWI. Furthermore
water can be detected by the very low backscatter values measured with the microwave sensors. By choosing
the right threshold values for the NDWI and the backscatter, water can be separated from land.

HOW CAN DIFFERENT SOURCES OF SATELLITE BASED REMOTE SENSING BE COMBINED IN ONE HYDRODYNAMIC

MODEL?

Both optical and microwave images are useful in providing information about the river geometry, because the
edge comparison showed that both methods can deviate water from land. Nevertheless the edge locations
were shown to be not exactly the same, when examining a day that both optical and SAR data was available,
see Figure 5.56. By choosing the optimal thresholds, the locations of the edges can come very close to each
other but they still follow a slightly different path, see Section 5.4. If the error margin between both methods is
taken into account the images can be combined for hydrodynamic modelling. Another option to combine the
sources in one hydrodynamic model is to mostly use the optical images and only use the Sentinel-1 images
during the monsoon when there are no clear optical images available because of the clouds.
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WHAT IS THE SPATIAL-TEMPORAL RESOLUTION WHEN COMBINING OPTICAL SATELLITE IMAGES WITH MICROWAVE

SATELLITES IMAGES?

When combining Landsat 8, Sentinel-2 and Sentinel-1, the average revisit period becomes 5 days, as shown in
Table 5.1. This does not mean that exactly every five days a new image is available. The maximum time period
between acquisitions is 21 days and the shortest time period is 0 days, because there can be two acquisitions
taken on the same day by different satellites. When the time gap in the data becomes larger, the hydrody-
namic model predictions could become less reliable. When the river shows a very steady yearly (seasonal)
trend, the data gaps might be partly covered by using this trend.

The spatial resolution of Landsat 8 is 30 meter and the Sentinel satellites have a spatial resolution of 10 meter.
For this thesis all images were resampled which made the images smoother and increased the spatial resolu-
tion as shown in Section 4.2. Furthermore the spatial resolution depended on choosing the right threshold
value. In the sensitivity analysis on thresholding in Section 5.4, for different threshold values of the NDWI and
backscatter the resulting edge locations were plotted. For the NDWI this resulted in a variation of 2-5 meters
when the NDWI varied by 0.1. For the backscatter the variation in edge location is between 2-5 meters when
the threshold is varied with 1 dB.

HOW ARE RIVER GEOMETRY AND DISCHARGE RELATED?

In Figure 5.58 the relation between the discharge and river area for the Katha polygon in the period 1996-
2010 is plotted. This figure shows that in general there is a linear relation between the river area and the
discharge. Nevertheless the figure shows a large spread in measurements, which indicates that the relation
might change due to changes in the river morphology. After the large flood events that happen each year
during the monsoon the river geometry within the Katha geometry might have changed so that for the same
discharge in one year the river area might be different in another year.

WHICH VALIDATION DATA IS AVAILABLE?

To validate the results, the area estimations based on optical images were compared to the area estimations
based on microwave images in Figure 5.61. The problem is that for the period 2014-2019 only 27 days were
available during which both a Sentinel-1 image and a ’clear’ Landsat 8 or Sentinel-2 image was available.
So for validation if using optical images gives similar area estimations to using microwave images, the time
series in Figure 5.28 and Figure 5.27 can be used instead. This figures show that for both the fixed thresholding
and the Otsu thresholding, the time series of the optical and microwave images do not overlap entirely. As
explained in Chapter 6 this mismatch can be caused by the noise in the Sentinel-1 images.

7.2. RECOMMENDATIONS

7.2.1. RECOMMENDATIONS FOR FUTURE RESEARCH

USING MORE (DIFFERENT ) DATA SOURCES

Next to using more satellites that provide optical or microwave images, it might be useful to extend this re-
search with other data sources. For example, it might be useful to use Digital Elevation Models (DEM’s) to
define the maximum edges of the rivers by measuring where the levees are located, which are natural dikes
preventing the river from flooding up to a certain discharge. Furthermore it might be useful to investigate if
it is possible to use Landsat-7 by finding a way to deal with the SLC failure.

PERFORM OUTLIER DETECTION

Some of the NDWI or backscatter distributions were not bimodal or the two distributions of the water and
the non-water pixels showed a lot of overlap, making it difficult to find the right threshold value. More inves-
tigation is needed to find the causes of when the threshold value is reliable and how large the error margin
is.
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CORRECT THE SENTINEL-1 NOISE

In the Sentinel-1 images there is a lot of noise which causes pixels outside of the river to be falsely classified
as water, as shown in Figure 5.56. The area estimations would be more precise if this noise could be removed.
One way of removing this noise is classifying each polygon separately, all polygons smaller than a certain area
are classified as non-water and only the water pixels that represent the river will be taken into account. Also
other existing algorithms that deal with noise could be investigated.

TEST THE METHOD ON OTHER LOCATIONS

The Irrawaddy river is a very dynamic river with a lot of variations in discharge and morphodynamics. To
investigate if this method is more widely applicable the method should be tested at other locations around
the world.

INVESTIGATING WHAT CAN INFLUENCE THRESHOLDING AND AREA ESTIMATIONS

In Section 5.4 the sensitivity of thresholds was investigated. It was concluded that when choosing the wrong
threshold, this influences the the area estimation. In this case it was assumed that with the right threshold
water and non-water pixels could perfectly be distinguished. Nevertheless it was not taken into account that
sometimes pixels could have a value above the threshold values, whereas this pixel does not belong to the
river. For example, when the ground is very saturated the pixel can be falsely classified as water. Or the other
way around, when the river is covered with vegetation, the river can be falsely classified as land.

7.2.2. RECOMMENDATIONS FOR USE

Following Huang et al. (2018), the MNDWI is more stable than the NDWI. Nevertheless this thesis showed
that in the region around Katha there is not much of a difference between the results of using the two indices.
Nevertheless at other locations around the world it can have a big influence which water index to use. For
example, if the water contains a lot of sediments or other optical active constituent the MNDWI would be
more stable because the ’swir’ band is less sensitive to constituents than the ’nir’ band. The limitation of the
MNDWI is that it can not discriminate water and snow, so in areas with snow it is recommended to use the
NDWI.

In this thesis, both the fixed threshold and the flexible Otsu thresholding were used. The flexible threshold
showed better results ant therefore it is recommended to use Otsu thresholding instead of a fixed threshold.
The Otsu thresholding should be performed after the Canny Edge detector is applied.

To avoid the problem that the area estimations based on the Sentinel-1 images are much higher than the area
estimations based on the multispectral images it could be recommended to use the multispectral images
outside of the monsoon and the Sentinel-1 images to fill the gap of images during the monsoon.





A
HYDRODYNAMICS

A.0.1. FLOW REGIMES

Some knowledge about the different flow regimes is necessary when working with hydrodynamic models.
When flow is "steady" it means that the flow is stationary and temporally constant, there are no changes in
flow velocity and flow depth over time. Furthermore the flow can be uniform or non-uniform. When the flow
is uniform, the flow is spatially constant. Under normal flow or equilibrium flow there is a balance between
the resistance force and the downstream component of the gravitational force. As a result the water surface
is parallel to the bed surface and there are no accelerations or deceleration’s and this indicates that the flow
is steady and uniform. When a river is in equilibrium the bed level does not change and the transport rate
does not vary spatially. In a steady state the river bed has adjusted such that all sediment that is supplied
upstream is transported in the downstream direction. Nevertheless, there are a lot of reasons why generally
the flow is not normal. There can be naturally temporal variation in flow rate (flood event), a spatial variation
in channel pattern, width or friction, confluences, bifurcations or a change in sea level. Furthermore human
induced factors, such as dams and other structures, influence the flow rate.

A.0.2. CONTINUITY EQUATIONS

The water flow in 1D hydrodynamic modelling can be computed by solving the unidirectional form of the
shallow water equations, named 1-D Saint-Venant equations. These 1D Saint-Venant equations can be de-
rived from the Navier-Stokes equations that describe fluid motion. For one dimensional flow the 1D conti-
nuity equation (Eq. A.1) and the 1D momentum equation (Eq. A.2) need to be solved. These equations are
based on the following assumptions from Crosato (2016):

• The flow is one-dimensional.
• The pressure is hydrostatic.
• The effects of boundary friction and turbulence can be accounted for through resistance laws analo-

gous to those used for steady flow.
• The average channel bed slope is small.

The 1D continuity equation (Eq. A.1) is based on the "Conservation of Mass", which states that in any control
volume the net change of mass due to inflow and outflow is equal to the net rate of change of mass in the
control volume. In this equation, A is the cross-sectional flow area, Q the water discharge and ql at the water
discharge per unit length.

δA

δt
+ δQ

δx
= ql at (A.1)
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The 1D momentum equation (Eq. A.2) is based on the "Conservation of Momentum", where h is the water
level, Rh is the hydraulic radius, W is the width of the water surface, τwi nd the wind shear stress, ρw the
density of water, ξ an extra resistance coefficient, g the gravitational acceleration, C the Chézy coefficient
and Lx the length of the branch segment.

δQ

δt
+ δ

δx

Q2

A
+ g A

δh

δx
+ gQ|Q|

C 2Rh A
−W

τwi nd

ρw
+ g A

ξ|Q|
Lx

= 0 (A.2)

The momentum equation represents, in the same order as equation A.2, the following terms:

inertia + convection + water level gradient + bed friction + wind force + extra resistance = 0. (A.3)

The full momentum equation is used when the flow is unsteady and non-uniform. If the flow is steady, all
terms which vary in time can be neglected, which in this case is the inertia term. When the flow is uniform
there are no changes over distance, so the convection term become zero. Furthermore the pressure is as-
sumed to be hydrostatic, so the water level gradient term becomes zero. In the end only the friction and force
terms remain for steady, uniform flow.

Under normal flow conditions the conservation of water mass can be used to relate the discharge per unit
width qw to the flow velocity u and flow depth d . This relation can be rewritten to relate the water discharge
Q to water discharge per unit width qw and the river width W as shown in Eq. A.5.

qw = ud (A.4)

Q = qw W (A.5)

The Manning and Chézy’s equations are used to describe the resistance effects when using the Saint-Venant
equations. In the Chézy equation (Eq. A.6), C is the Chézy coefficient, d is the river depth, ib is the river bed
gradient and u the flow velocity.

u =C
√

dib (A.6)

In the Manning equation (Eq. A.7), V is the cross-sectional average velocity, kn = 1 for the international
system of units, Rh is the hydraulic radius and ib is the slope of the river bed.

V = kn

n
R

2
3

h i
1
2

b (A.7)

In Finnegan et al. (2005) an expression is formulated (Eq. A.8), based on the Manning equation, which scales
the steady state width as a function of discharge Q, channel slope ib , roughness n, and width-to-depth ratio
α. In Fisher et al. (2013) it is mentioned that this model relies on the assumption that the channel is in steady
state and that the effect of the landscape transience and sediment transport and cover variability on channel
geometries is neglected.

W = [α(α+2)2/3]3/8Q3/8i−3/16
b n3/8 (A.8)

A.0.3. RIVER GEOMETRY EQUATIONS

River cross-sections give information about the topography of the riverbed, which is defined by geometrical
parameters. In Figure A.1 the cross-sectional area A, the river width W , the wetted perimeter Pwet and the
hydraulic radius Rh are displayed.

Next to the bed slope and the bed roughness, the hydraulic radius controls the water discharge and the
amount of work the river can do in moving sediment (see Eq. A.7. The hydraulic radius is the ratio between
the cross-sectional area of the flow A and the wetted perimeter Pwet (eq. A.9).

Rh = A

Pwet
(A.9)
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Figure A.1: River cross-section of the open channel. (Wikipedia, 2019b)

When a channel is much wider than it is deep (W >> d), the wetted perimeter becomes almost equal to the
channel width and the hydraulic radius approaches the flow depth. The actual width of the river depends on
the water level, which varies over time as a result of varying discharge. The bank-full width is the maximum
width the river can reach before the water level becomes too high and the water flows over the (natural) levees
into the floodplain as shown in Figure A.2.

Figure A.2: Schematic diagram showing the geomorphic features of a stream channel. (Sherwood and Huitger, 2005)

In Sichangi et al. (2016) three ideal river cross-sections were chosen to relate river discharge to river geometry,
see Figure A.3. The method starts with rewriting the Manning’s equation (Eq. A.7) to:

qw = 1

n
A

( A

Pwet

) 2
3

i
1
2

b . (A.10)

For every cross-section the wetted perimeter Pwet and cross-sectional area A can be written in terms of width
W and depth d to get discharge equations based on width, depth, slope and Manning’s roughness. These
equations are not given here, but can be found in Sichangi et al. (2016). In case the river is very large, so
W >> d , for all cross-sections you can use the approximation given in Eq. A.11.

qw ≈
i

1
2

b

ν
W d

3
5 (A.11)

Figure A.3: Three ideal river cross-sections. (Sichangi et al., 2016)
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For rivers that are not straight the curvature ratio (γ) is defined as the ratio between the bankfull channel
width (B) and the radius of curvature of the channel centerline (Rc ), see Eq. A.12 and Figure A.4. Following
Crosato (2008) for a mild curvature γ has a value of 0.1 or lower and sharper bends have a value of 1.

γ= B

Rc
(A.12)

Figure A.4: Radius of curvature of channel centerline (Zervakis (2015))

LIST OF VARIABLES

Because the same variables are used more often, a list is provided of the different variables to not have to
explain them for every equation again. At the original source of the equations, sometimes other characters
are used than in this thesis. The characters for some variables are adjusted to get consistency throughout this
thesis.

Variable Description Units
α Width to depth ratio −
A Cross-sectional flow area m2

B Stream Width m

C Chézy coefficient m
1
2 /s

c f Dimensionless friction coefficient 1
d flow depth m
de Normal flow depth m
F r Froude number −
g Gravitational acceleration m/s2

h Water level m
ib Streamwise bed slope 1
ks Channel steepnes index −?
Lx Length branch segment m

n Roughness (Manning) s/m
1
3

qw Water discharge per unit width m2/s
ql at lateral discharge per unit length m2/s
Qw Water discharge m3/s
Rh Hydraulic radius m
ρw Density of water kg /m3

t Time s
τb Bed shear stress kg /m/s2

τwi nd Wind shear stress N /m2

u Flow velocity m/s
W River width m
θ Convavity index −
ξ Extra resistance coefficient s2/m5
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