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ABSTRACT

Monitoring inland water bodies is crucial for effective water resource management. Using a combination of
satellite images and altimetry products, this study monitors at how the water level and extent changes during
the different operational filling phases of the Grand Ethiopian Renaissance (GER) Dam. The primary aim
was to utilize different remote sensing products to provide an accurate estimation of water volume changes
over time. Sentinel-1 data were processed using an unsupervised edge Otsu algorithm to map reservoir
extents. The output maps were validated against Planet and Sentinel-2 water masks, which showed good
agreement with overall accuracy values raging from 0.97 to 0.99. Additionally, various SWOT satellite
products were utilized to estimate reservoir extents, with the SWOT Lake Single Product performing poor
with an IOU wvalue close to 0.33, while the SWOT water mask raster and pixel cloud products showed
moderate agreement with the validation sets with overall accuracy values ranging from 0.78 to 0.89. Volume
variation across different dam operational phases was estimated using satellite-based observations and a
DEM contouring method. Although both methods exhibited a high correlation (R?value of 0.98), significant
differences in values were identified (RMSE value of 2736.35), likely due to an unnoticed scaling error and
the inherent water slope in the GER Dam reservoir. A DEM slope correction method was applied, but the
two-point correction approach was insufficient to accurately represent the complex terrain, leading to
overestimations of volume variation. The SWOT satellite products were also utilized to estimate volume
variation over time. However, due to the absence of temporally collocated in-situ data for validation, it was
not possible to validate SWOT based volume estimations. The study findings identified SWOT satellite
products demonstrating promising potential in estimating volume variations as the trends observed in
SWOT-derived volume estimates closely aligned with those from other satellite observations, suggesting
their reliability.

Keywords: Grand Ethiopian Renaissance Dam, edge Otsu algorithm, water extent detection, radar
altimetry, water volume variation, SWO'T satellite, water slope
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1. INTRODUCTION

1.1. Background

The interaction of inland water bodies with the regional and local hydrological cycle makes it a vital resource
to monitor continuously (Nair et al., 2021). Accurate monitoring of its extent and elevation can provide vital
information feeding into numerous hydrological variables such as water volume, balance, streamflow,
discharge, water level fluctuation, sediment transport, etc. Consequently, accurate monitoring of water
bodies can provide essential information for water resource management. It is so significant that water
volume variations are linked to extreme consequences like flood events (Huang et al., 2018a). Studies by
Nicholson & Yin (2002) and Tierney et al., (2013) have also reported the influence of ocean oscillations
like El Nifio—Southern Oscillation and Indian Ocean Dipole on temporal change in the water level of inland
water bodies by resulting modification in ocean-land moisture transportation and precipitation.

Several factors have been found in the literature that affect inland water bodies. Climate change-induced
temperature rise. Moreover, irregular precipitation directly influences inland water bodies by influencing
evapotranspiration and surface runoff (Lei et al,, 2014; Kang et al., 2010). Another study suggested that
weather variations and climate change coupled with anthropogenic activities (e.g., hydropower and
irrigation) increase stress on hydrological systems. For example, the Aral Sea of Central Asia started to shrink
in the 1960s due to anthropogenic activities like irrigation coupled with climate warming (Cretaux et al.,
2013; Aus der Beek et al., 2011). In another study conferred since 2000, Lake Mead, one of the major water
reservoirs in the United States on which 40 million people are dependent, has lost 71% of its entire water
content due to the ongoing drought (Hannoun & Tietjen, 2023). Up-to-date knowledge of the waterbody
and variability in its physical dynamics (e.g., water volume, water level, and water extent variability) is
essential for sustainable management of such hydrologic systems and strategic planning to mitigate effects
of extreme climatic scenarios like droughts and floods (Awange, 2021). Therefore, to ensure informed
planning and decisions by policymakers, it is crucial to monitor inland water bodies like lakes and rivers.
When discussing monitoring, estimating the water volume in reservoirs comes first.

The water volume of reservoirs is approximated by utilizing the relationship between area, elevation, and
volume (Gao, 2015a). The traditional way of water volume estimation involves field survey-based
bathymetry data and, water extent approximates, and in situ gauge-based water height estimates. Recent
developments in remote sensing have brought techniques using satellite gravimetry and satellite altimetry,
which can be utilized here. Water volume variation can be determined using the satellite gravimetry of
Gravity Recovery and Climate Experiment (GRACE), but only for areas larger than 200000 km2 (Singh et
al., 2012). Therefore, most studies have used optical or Synthetic Aperture Radar (SAR) based water extent
estimations and satellite altimetry-based height estimates for smaller- to medium-sized water reservoir
volume estimation. (Crétaux et al., 2016; Duan & Bastiaanssen, 2013; Gao, 2015; Grippa et al., 2019; Musa
et al., 2015; Zhang et al., 2011).

1.2. Research Gap and Problem Evaluation

The Grand Ethiopian Renaissance (GER) Dam region is the study area for this research. To date, no study
has focused on estimating the volume variation of the GER Dam reservoir using remote sensing
observations, particularly with newly available SWOT satellite products. Although some studies have utilized
other satellite products to characterize the storage capacity of the GER dam reservoir, the effect of the water
slope present in the reservoir was overlooked. Large reservoirs in mountainous regions exhibit different
water levels in different reservoir parts due to their uneven terrain profile. To address this gap, this study




aims to assess the water volume variation of the GER Dam reservoir by considering both a single water
level and the impact of the water slope. Moreover, another aim of this study is to assess the capability of

newly available SWOT data products in water extent and volume derivation.

1.3. Aim and Objectives, Research Questions

This section outlines the study's aim and specific objectives. These objectives ate complemented by
associated research questions to provide a detailed exploration of water extent, level, and volume variations
resulting from the Grand Ethiopian Renaissance (GER) Dam.

1.3.1. Aim

The primary objective of this study is to assess the variation in water volume caused by the Grand Ethiopian
Renaissance (GER) Dam. This has been achieved by employing (SWOT) altimetry-based water height
estimation and machine learning techniques to determine changes in reservoir water extent over time.

1.3.2. Specific objectives and research questions

1. To map the water extent and level variation over time

e How much has the extent and level of the Water changed upstream and downstream
over time due to the GER Dam?

II. To estimate the water volume dynamics over time.
e To what degree has the water volume of the GER Dam reservoir changed throughout

time?

11I. Compare SWOT with other satellite products.
e  How accurately can SWOT satellite products estimate the reservoit's water extent?

e How effective are SWOT satellite products in estimating GER Dam reservoir volume

variation?

1.4. Thesis Structure

Following this introduction, the subsequent chapters and their brief outline are listed below-

Chapter 2- Literature Review: This chapter provides a comprehensive overview of the related literature
to establish a clear understanding of the topic, and it also covers the state of the art in water extent and
water level detection and discusses the SWOT mission in detail.

Chapter 3- Study Area and Datasets: This Chapter provides a description of the study area and dataset
used for this study.

Chapter 4- Water Extent & Water Level Timeseries Development: This chapter describes the
methodological framework and steps followed for water extent detection and presents the detailed analysis
and findings obtained for this objective.

Chapter 5- Water Volume Estimation: This chapter describes the methodological framework and steps
followed for water volume estimation with satellite-based observation and digital elevation model (DEM).
It also presents the details of the analysis and findings obtained for this objective.

Chapter 6- SWOT Satellite Based Water Extent and Volume Estimation: This Chapter the
methodological framework and steps followed for water extent and volume estimation with SWOT satellite
based products

Chapter 7- Discussion and Conclusion: This Chapter provides an interpretation to the study findings
presented in chapters 4 to 6 and discusses the limitations of the study.




2. LITERATURE REVIEW

21. Water Extent Detection

Water extent monitoring, taking advantage of orbital platforms, emerged as a viable solution for tracking
the temporal variation in the extent of water bodies (Alsdorf et al., 2007). Utilizing a variety of available
band combinations from existing optical satellites (Sentinel 2, MODIS, Landsat, SPOT), the extent of water
bodies can be derived successfully (Musa et al., 2015; Pickens et al., 2020; Sheng et al., 2016). The
fundamental principle of satellite water detection is utilizing water's distinctive spectral features, which differ
significantly from other ground features. Water has unique reflectance properties, particularly in the near-
infrared regions, where it absorbs most of the incident radiation and makes it easily distinguishable from

other landcover types - vegetation, soil, and urban areas (Huang et al., 2018b).
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Figure 2-1 Spectral Characteristics of different land cover type. Source:
(Huang et al.,, 2018b).

Surface water can be measured using two main types of sensors: optical sensors and microwave sensors.
Due to the high data availability and suitable spatial and temporal resolutions, optical sensors are widely
used in this field (Huang et al., 2018b). There are two global water extent dynamics mapping initiatives based
on optical remote sensing already exist: Global Surface Water Dynamics (GSWD) and Global Surface Water
Explorer (GSWE), which provides observations from 1972 (Pekel et al., 2016; Pickens et al., 2020). Despite
this, optical remote sensing is susceptible to cloud cover and atmospheric pollutants and incapable of
identifying waterbodies beneath forested regions, making it a less effective standalone solution (Huang et
al., 2018a). On the other hand, active remote sensing techniques based on microwave sensors utilize long-

wave radiation and can penetrate clouds to detect water bodies under forested areas (Martinis et al., 2015).

Many studies have demonstrated the suitability of SAR-based water extent derivation (Bartsch et al., 2008;
Binh & Son, 2021; Rosenqvist & Birkett, 2002). Water bodies, having smoothed surfaces, contribute almost
no backscattering to radar satellite receivers and appear as distinctively black regions in radar images.
Estimating these backscattering values can determine areas with water bodies(Shen et al., 2019). However,
other landcover types with similar backscattering values result in false positives in water extent detection,
leading to overestimating the areal extent of water bodies (Y. Li et al., 2020). Few studies also utilize a
combination of SAR and optical images to delineate water extents. Using a combination of Landsat 8,
Sentinel 2, and Sentinel 1, Druce et al. (2021) applied multivariate logistic regression to identify monthly




water extents. Another study improved water extents by minimizing differences between SAR, LiDAR, and
WorldView-2-based water extent outputs using a multilevel decision tree (Irwin et al., 2017). In a nutshell,
having many methods for water extent detection utilizing remote sensing helps us minimize the gap of water
extent detection using field surveillance and in situ monitoring stations.

However, the accuracy of techniques for detecting water extent heavily relies on the detection algorithm
employed. Various methods exist for this purpose. One approach involves threshold-based techniques
where the radiative property from a single band is used to establish a stable threshold value. This method is
advantageous due to its efficiency in computational time(Huang et al., 2018b). Machine learning is another
widely used method for classifying images. There are two types of image categorization algorithms:
supervised and unsupervised. The first stage in supervised classification is to choose training sites, such
as areas that are known to contain water. After analyzing the training data's statistical parameters, each
remaining pixel is categorized into a training class according to statistical similarity(Gao, 2015b).

2.2, Water Height Detection

Water surface elevation is as essential as water extent when assessing reservoir volume (Zhang et al., 2014)].
In situ gauges are commonly used to monitor the surface height of waterbodies for the last few decades. It
can give more precise estimates of water levels over a wide range of periods. However, these gauge networks
have limited spatial coverage, leaving many lakes and rivers ungauged. The number is even higher in
developing countries where monitoring station networks are still poorly distributed (Nair et al., 2021).
Satellite altimetry missions emerged with a higher potential to bridge this gap by providing higher spatial
coverage. Currently, only a few satellite missions are active, and they can estimate water surface height by
using radar and laser nadir altimetry.

The satellite altimetry missions wete first launched with the Topography Experiment/Poseidon in 1992 and
were later followed by the Jason series and ICESat missions (Zhang et al., 2011; Elmer et al., 2020). In
principle, all satellite altimetry missions emit a short energy pulse reflected to the sensor by the surface. The
water surface elevation products are estimated by leveraging the relationship between the altimeter's distance
to the surface and the time difference between transmitted and received reflected energy (O'Loughlin et al.,
2016). Most of the current satellite altimetry missions are onboard with nadir altimeters working on C-band
and Ku-band, which results in a coarser resolution in the along-track direction, ideally for ocean surface
topography estimation (Elmer et al., 2020). Despite low spatial resolution not being ideal for inland water
body monitoring, few studies have reflected the capability of these products for monitoring inland water
bodies. A study by Da Silva et al. (2014) estimated water levels in the Amazon basin with radar altimetry
products of Topography Experiment/Poseidon, ERS-2, ENVISAT, and JASON-2. Another study explored
the possible methods to analyze the spatiotemporal fluctuations of water level and volume of one of the
world's largest freshwater lakes, Lake Victoria, with remotely sensed products (Awange, 2021). Duan &
Bastiaanssen (2013) analyzed different lake volumes in various countries around the globe using a variety of
altimetry databases and laser altimeters.

Apart from altimetry missions, water-level databases provide water-level time series data over extended
periods and contribute significantly to hydrological research and water resource management. Two well-
established databases in this domain are the Database for Hydrological Time Series over Inland Waters
(DAHITI) and Hydroweb. Hydroweb offers time series data from missions such as Jason-2 and Envisat,
covering a variety of inland water bodies. Similarly, the DAHITI database provides 250 time seties for rivers,
reservoirs, and lakes (Kostianoy et al., 2022; Schwatke et al., 2015).

2.3, SWOT Instrument and Available Products

Most studies reported the low spatial resolution and spatial coverage caused by narrow swaths as a significant
barrier in routinely estimating small and medium-sized inland water bodies with current altimetry products
(Grippa et al., 2019). To fill this gap, the Surface Water Ocean Topography (SWOT) satellite was launched
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in December 2022 with the capability of nadir radar altimetry and side-looking SAR interferometry. This
mission is pioneering in its use of wide-swath altimeter radar interferometry and aims to generate precise,
two-dimensional maps of ocean surface topography and land surface water elevation, presented as water
masks (Hamoudzadeh et al., 2024a).

The main principle of swot measurement involves determining the geocentric height of the water surface
by calculating the difference between the satellite's geocentric position and the distance from the satellite to
the water surface. This distance is measured by two separate radar instruments, KaRIn and NAlt. Each
instrument provides complementary spatial coverage along the satellite's ground track. Both KaRIn and
NAIt utilize the distinct spectral characteristics of water, which has a higher average reflectivity compared
to land, to measure water height (JPL D-109532, 2024). The KaRlIn synthetic aperture radar interferometer
is the key driving factor for the SWOT mission. It effectively captures range measurements across two 50
km swaths, spanning from 10 to 60 km on ecither side of the nadir ground track. Meanwhile, the NAlt
instrument complements KaRIn by providing range measurements along the nadir ground track and focuses
mainly on sea surface height over the ocean. This setup bridges the gap between KaRIn's measurements on
cither side of the nadir. (Biancamaria et al., 2010).

Figure 2-2. Conceptual view of the SWOT mission with its principal payloads: the Ka-band radar interferometer
(KaRlIn, with the observed swaths shown by the yellow polygons) and a Ku-band nadir altimeter (yellow line).
Source:(Biancamaria et al., 2016)

SWOT produces detailed water masks capable of resolving features as narrow as 100 meters for rivers and
250 x 250 meters for lakes and reservoirs. Each mask includes water level elevations with an accuracy of 10
cm and a slope accuracy of 1.7 cm per kilometer for areas latrger than one square kilometer. The mission's
orbit ranges from 78° S to 78° N, covering at least 86% of the globe over its three-year mission. SWOT
revisits the same paths on Earth every 21 days, completing 292 unique orbits. The water surface elevation
(WSE) data collected by SWOT is referenced to the Earth Gravitational Model (EGM2008) and corrected
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for delays caused by the atmosphere (wet and dry troposphere, ionosphere) and tidal effects (solid tide, load
tide, and pole tide) (Hamoudzadeh et al., 2024b).

Table 2-1. SWOT Mission Characteristics

Swot Mission Characteristics

Orbit altitude 890.5 km
Orbit Inclination 77.6 degtee
Repeat Period 20.86 days

SWOT data products include various products in oceanographic, hydrology, and other fields. The products
that have been used for this study are- L2 HR_TLakeSP, L.2_HR_PIXCVec, and L.2_HR_Raster. The details
about these products can be found in the Dataset chapter.

2.4, Water Volume Variation

When bathymetry data is available, any reservoir storage can be approximated using the water extent and
water surface height derived from remote sensing techniques(Musa et al., 2015). This method relies on
accurate topographic or bathymetric data to precisely measure volume variations in water bodies. However,
without precise topographic or bathymetry data, the estimation of volume variations in water bodies can be
achieved by applying the elevation-area relationship (Duan & Bastiaanssen, 2013; Gao, 2015a). Water level
data time-series, either from in situ measurements or satellite altimetry products, are utilized to estimate the
volume variations. The lowest water level in a reservoir is first identified and used as a reference level. Water
level variations over time are then simultaneously estimated and matched with the water extent. By analyzing
the relationship between the water surface elevation above the reference level and its corresponding water
extent, temporal variations in volume can be deduced. However, when bathymetry data of a reservoir is
known, it is possible to measure the whole volume utilizing reservoir water extent and underwater
topographic information (Bose et al., 2021; Y. Li et al., 2021). This study, therefore, utilizes this method to
measure the volume of the reservoir. Additionally, there is a new satellite altimetry mission, the Surface
Water Ocean Topography (SWOT) satellite, which was launched in December 2022 with the capability of
nadir radar altimetry and side-looking SAR interferometry. However, this dataset has not been tested against
other measured volume results in the GER region. Therefore, the measured data is tested with SWO'T data
to evaluate its performance.
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3.  STUDY AREAAND DATASETS

3.1 Study Area

The Grand Ethiopian Renaissance (GER) Dam was selected as the study area to assess its impact on
reservoir volume variance. It is one of the second largest hydropower dams in that region, making it a
significant project on one of the main tributaries of the Blue Nile River, which is a vital lifeline for the
downstream nations, including Egypt and Sudan. By utilizing the rivet's yeatly discharge of 1,541 m3/s,
GER Dam secks to produce six thousand MWh of energy, estimated at 15,000 GWh annually. According
to BBC, it has started filling up in different phases since July 2020. This 1,780-meter-long and 155-meter-
tall dam is intended to build a reservoir that, at full supply, can hold roughly 74 billion cubic meters of water.
Even though hydropower is the intended use of the Grand Ethiopian Renaissance (GER) Dam, the
downstream countries are expected to experience several adverse consequences. It substantially alters the

river's water consumption, profoundly affecting the water supplies of downstream nations, such as Egypt
and Sudan.

The reason for choosing this as the study area is its recent construction and filling. Since it has been started
to fill recently, the underwater topography of this dam is already known, facilitating the estimation of its
volume through the utilization of such data. The underwater topography-based volume estimation also
enables the validation of volume calculations based on satellite and altimetry products. Another significant
reason for selecting this as the study area is the availability of numerous satellite altimetry tracks over it.

N Grand Ethiopian Renaissance N Grand Ethiopian Renaissance
Dam Reservoir A Dam Reservoir
(Sentinel 2 NDWI Based Threshold - January 2019) (Sentinel 1 VV Band Threshold - May 2024)
L}
/
Legend Legend

B GER Dam Location W GER Dam Location

W DAM Reservoir W DAM Reservoir

(a) Before Dam became Operational (b) Recent State of the Dam Reservoir

Figure 3-1. Study area Map
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3.2, Datasets

This study used a wide range of data products to extract water extent and estimate water volume variations.
The dataset includes various optical, radar satellite, and altimetry products to ensure an accurate dataset for
estimation and validation. For the optical dataset, Sentinel-2 and Planet data were used, which offered high-
resolution images essential for identifying and delineating water bodies. The radar dataset provided by
Sentinel-1 offered images in all weather conditions and at any time of the day or night. Additionally, multiple
altimetry products were collected, including the Surface Water and Ocean Topography (SWOT) mission
and other altimetry datasets sourced from DAHITI and Hydroweb. A detailed description of the datasets

and the rationale behind their selection is provided in the following sections.
Table 3-1. Table of datasets used for each objective

Datasets Source
Sentinel 2 Band 3
Sentinel 2 Band 11
Sentinel 1 Band VV
Planet Green Planet
Planet NIR Planet
European Space Agency (ESA)

European Space Agency (ESA)
European Space Agency (ESA)
European Space Agency (ESA)

Copernicus Digital
Elevation Model (DEM)

Multi-Error-Removed
Improved Terrain
(MERIT) DEM
ICEsat2 (ATL13)

DAHITI
Hydroweb

Global Reservoirs and
Lakes Monitor
(G-REALM)
SWOT Level 2 Lake
Single-Pass Vector Data
Product
SWOT Level 2 Water
Mask Raster Image Data
Product
SWOT Level 2 Water
Mask Pixel Cloud Data
Product

University of Tokyo and Japan Agency
for Marine-Earth Science and Technology
(JAMSTEC)

National Aeronautics and Space
Administration (NASA)

German Research Centre for Geosciences
(GFZ)

Laboratoire d’Etude en Ge’ophysique et
Oce anographie Spatiale (LEGOS)
National Aeronautics and Space
Administration (NASA)

National Aeronautics and Space
Administration (NASA)

National Aeronautics and Space
Administration (NASA)

National Aeronautics and Space
Administration (NASA)

3.21.  Sentinel-1 Synthetic Aperture Radar

This study uses the Sentinel-1 dual-polarization C-band Synthetic Aperture Radar dataset from the
European Space Agency’s Sentinel-1 mission. Sentinel-1 provides continuous and reliable data in different
polarizations every 6 days. The dataset used for this study spans from January 2019 to May 2024, with a
specific focus on the VV (vertical transmit/vertical received) single polarization band as it is highly sensitive
to water, providing low backscattering value and making it suitable for detecting water bodies. SAR VV
polarisation was also employed in recent studies focusing on monitoring water or flood(Bhatt et al., 2020,

Nagai et al., 2021). The dataset is collected from the Google Earth engine data catalog as it offers processed
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sentinel-1 GRD data, including the processing of thermal noise removal, radiometric calibration, and terrain
correction. The usual revisit period of the Sentinel 1 mission, which included both Sentinel 1A and 1B
satellites, was close to 6 to 12 days. However, as of December 2021, due to an anomaly in the instrument's
power supply, the operation of the Sentinel 1B satellite has ended. Therefore, the revisit period of Sentinel
1 has increased, which resulted in fewer available imageries after 2022 than usual.

Sentinel-1 data is chosen to study the Grand Renaissance Dam reservoir because of its ability to penetrate
cloud cover and provide consistent, all-weather imagery. The objective of the study is to monitor the water
extent dynamics of the reservoir over time. The changes in water extent dynamics are mostly visible in the
wet season, as heavy precipitation during the wet season facilitates the filling of the reservoir. Heavy rainfall
is also associated with cloud cover, reducing the visibility of optical images. Therefore, optical imagery
cannot provide accurate data that can be used to monitor data all over the year. As a result, Sentinel-1 data
has been used.

3.2.2.  Sentinel 2 Optical Imaging

In addition to the Sentinel-1 SAR data, this study uses optical imagery from the Sentinel-2 mission. Sentinel-
2 provides high-resolution (10-meter) optical images essential for detailed land cover and water body
monitoring. However, one significant challenge of using optical imagery is its cloud cover, which poses a
significant challenge for the study area around the Grand Ethiopian Renaissance (GER) Dam. To address
this, a cloud filter was applied to identify images with less than 5% cloud cover from January 2019 to May
2024, and then 3 images were randomly selected from them as validation products. Subsequently, a cloud
masking process was performed to remove both cirrus and normal clouds using the quality band (Band 60).
Monthly median composites were then computed to get a clear, cloud-free overview of the monthly data.
The study uses Bands 3 (Green) and 11 (Short-wave infrared) from Sentinel-2 to calculate MNDWI, a
modified version of NDWI that is more accurate for detecting water. These bands are particularly suitable
for detecting water bodies, as water typically reflects the green band and absorbs more shortwave radiation.

3.2.3.  Planet Satellite Data

As a Validation dataset for the water class, this study uses another high-resolution (5 meters) and open-
source data from the NICFI (Norwegian International Climate and Forest Initiative) satellite data program
of Planet. The NICFI program provides high spatial and temporal resolution monthly composite imagery,
with monthly base maps available. Besides, this high temporal resolution offers a monthly composite of the
best possible cloud-free images. However, during visual inspection, it was seen that some images were cloud
contaminated. Therefore, to obtain cloud-free images, a thorough manual review was conducted. Through
this process, two cloud-free months, December 2022 and January 2024, were randomly selected. Only the
green and Near-Infrared (NIR) bands were collected for this study to calculate NDWI. Typically, water
reflects the green band more and absorbs a great amount of the NIR band.

3.24.  Copernicus Digital Elevation Model (DEM)

This study uses the Copernicus Digital Elevation Model (DEM) dataset from the Copernicus program as
bathymetry data. The DEM dataset was generated to ensure harmonization with the other Copernicus
products regarding spatial resolution. This product provides data in several different resolutions. In this
study, one European Environmental Agency dataset with a 10 m resolution and one global 30 m resolution
were used. It is important to mention that the vertical unit for measurement of elevation height is meters,
and it used EGM2008 geoid as the reference for all Copernicus data. Another reason for using this dataset
is that it was generated before the construction of the Grand Ethiopian Renaissance (GER) Dam, providing
topographic information about the regions currently inundated. This historical topographic data is important
for understanding the pre-construction landscape and accurately modeling the water extent, level, and

volume in the reservoir area.
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3.2.5. SWOT Satellite Products
Several products from the Surface Water and Ocean Topography (SWOT) satellite program have been used

for this study to obtain the water surface elevation dataset.

SWOT Level 2 Lake Single-Pass Vector Data Product (L2 HR LakeSP):

The L2 _HR_ILakeSP product delivers high-resolution measurements from KaRIn of water surface
elevation, storage, and extent for lakes and similar features. Each lake object is represented as a polygon
linked to its measured water surface elevation and area. These measurements are derived using an algorithm
that identifies which pixels from the L2_HR_PIXC product should be grouped together as a lake object
and then aggregates those pixel measurements. The product also includes quality flags, uncertainty estimates,
and details on the processing parameters used to compute the main measurements (JPL D-109532, 2024).

SWOT Level 2 Water Mask Raster Image Data Product (L2_Water_mask_Raster):

The L2_HR_Raster product provides data on water surface height, inundation extent, and backscatter (o°)
on a 2-D global grid. It is simplified for user convenience and is based on the L2_HR_PIXC product. Even
though it is simpler, it is versatile enough to investigate complex situations like flood events, where the
assumptions used for the L2_HR_RiverSP and L2_HR_LakeSP products may not apply. Compared to the
L2_HR_PIXC product, the L2_HR_Raster typically has a coarser resolution. It is produced operationally
at two different resolutions, 100 and 250 meters, with each resolution provided in separate files but
otherwise identical in format (JPL D-109532, 2024).

SWOT Level 2 Water Mask Pixel Cloud Data Product (L2_HR_PIXC):

The 1L2_HR_PIXC product is designed to provide detailed, low-level information on KaRIn HR
measurements of inland water features. This allows users to process SWOT data using their specialized
methods without dealing with the complexities of the KaRIn implementation or the large data volumes of
the L1IB_HR_SLC product. This product offers geolocated KaRIn height measurements from the HR data
stream after pixel-level processing of the 2-D KaRIn SLC images, optimized specifically for terrestrial
hydrology. It includes pixel 3-D geolocation information, surface classification data derived from KaRln,
and prior external information. The classification algorithm automatically detects water based on the surface
reflectivity observed by KaRlIn, assuming water is more reflective of radar signals than land at the wavelength
and incidence angles used by KaRIn. Along with pixel 3-D geolocation and classification information, the
L2_HR_PIXC product includes backscatter (o°) data, quality flags, and uncertainty estimates, providing
comprehensive information for further analysis (JPL D-109532, 2024).

Table 3-2. Definitions of numeric surface classification values for the .2_ HR_PIXC product.

Class Class Name
Number
1 Land

Land near water

Water near land
Open water
Dark water

Low-coherence water near land

~N O Ut B~ WD

Open low-coherence water
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3.2.6.  Multi-Error-Removed Improved Terrain (MERIT) DEM

The MERIT DEM was generated by correcting errors such as absolute bias, stripe noise, speckle noise, and
tree height bias from existing spaceborne DEMs like SRTM3 v2.1 and AW3D-30m v1. This improved DEM
provides high-resolution terrain elevation data at approximately 90 meters at the equator and covers land
areas between 90°N and 60°S with a reference to the EGM96 geoid (Yamazaki et al., 2017). By removing
these errors, the accuracy of land area mapping with a vertical precision of 2 meters or better increased from
39% to 58%. Significant improvements are evident in flat regions where previous height errors were greater
than the actual topographic variations. Features such as river networks and hill-valley structures are now
distinctly represented. The previously distorted slopes in major floodplains, including the Ganges, Nile,
Niger, and Mekong, as well as swamp forests like the Amazon, Congo, and Vasyugan, have been accurately
depicted. This new DEM has the ability to enhance various geoscience applications that rely on accurate
terrain data. This hydrologically adjusted DEM is now available as part of the MERIT Hydro datasets. For
this study, MERIT hydrologically adjusted DEM was used.

3.2.7.  Radar Altimetry Water Height Databases

Water height data has been collected from both the DAHITI and Hydroweb global databases. The DAHITI
(Database for Hydrological Time Series of Inland Waters) database, accessible at DAHITI, hosts water level
time series data for inland water bodies derived from satellite altimetry observations. It is developed by the
Deutsches Geoditisches Forschungsinstitut at the Technical University Munich (DGFI-TUM. The
estimation of water level time series in DAHITI is based on an extended outlier rejection and a Kalman
filter approach (Schwatke et al., 2015). All measurements are subjected to the same retracker and geophysical
corrections by DAHITTI. This is done in order to reduce the impact of any potential sources of bias (Tourian
et al.,, 2021). Similarly, the Hydroweb database, accessible through the Hydroweb website, was the early
platform that offered altimetric water level time series data contributed by the efforts of the Laboratoire
d'Etude en Géophysique et Océanographie Spatiale (LEGOS) (J.-F. Crétaux et al,, 2011). Likewise, G-
REALM is also a water height database generated from radar altimetry data. G-REALM uses data from
radar altimeters provided by NASA, CNES, ESA, and ISRO over inland water bodies and produces surface
clevation products through a semi-automated process to monitor these water bodies. These products are
available on a website for the USDA and the public. Initially, these databases offered water height time series
for various inland water bodies derived from altimetry flights from both current and historical sources.
Besides, many lake and river water level time series are available in Near Real Time (NRT). Virtual stations
that coincide with the study area around the Grand Ethiopian Renaissance (GER) Dam were selected for
this study. Specifically, two stations from the DAHITI database, one from the G-REALM database, and

three from the Hydroweb database were chosen.

3.2.8. ICEsat 2 Along Track Science Data (ATL13 Product)

The Advanced Topographic Laser Altimeter System (ATLAS) is a feature of the ICESat-2 satellite that
enables monitoring shallow water depths. Because of this feature, it becomes a suitable tool for mapping
and monitoring water levels on a large scale in lake and river applications. The lidar on ICESat-2, which
counts photons at 532 nm, can capture a high density of photons from both the water surface and shallow
underwater regions. With a 91-day repeat orbit and a 92° inclination, the satellite covers up to 88° north and
south latitudes, creating 1,387 ground tracks. The 26 data packages of ATL13 include aggregated data on
lakes, reservoirs, rivers, bays, estuaties, and a 7 km near-shore buffer. ATL13 contains data on water surface
height along the track, significant wave height, wind speed at 10 meters, and estimated bottom depth for
minor parts. Both strong beams (gtlr, gt2r, and gt3r) and weak beams (gt1l, gt2l, and gt3l) can be used to
derive the height of water surface with minimal reported error (Dandabathula et al., 2020). ATL13 along
track data from January 2019 to May 2024, which intersected the study region, were extracted for this study.
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4.  WATER EXTENT & WATER LEVEL TIMESERIES
DEVELOPMENT

This chapter describes the methodological framework and steps followed for water extent detection and
presents the detailed analysis and findings obtained for this objective.

4.1. Methodology

41.1. Sentinel 1-based water extent map development

To monitor the reservoir filling curve of the GER dam, the study used the Sentinel-1 "VV" band as the
primary dataset. The "VV" band effectively differentiates between water and non-water areas, making it
ideal for this purpose. Around 150 sentinel 1 imageries based on water extent need to be derived for the
time seties development. The study adopted an unsupervised method to map surface water using Otsu's
thresholding on Sentinel 1 VV band images described in the section below.

41.1.1. Data acquisition and Speckle Filtering

This study acquired Sentinel-1 GRD data from the Google Earth Engine Data Catalogue; therefore, the
data was already radiometric calibrated. Additional preprocessing, speckle filtering, and terrain correction
were done using the Sigma Lee filtering technique and the Copernicus Digital Elevation Model (DEM).

41.1.2. Radiometric slope correction

Although GEE provides basic processing steps, it is necessary to perform additional radiometric slope
correction to mask out areas affected by layover and shadow. These radiometric distortions result from the
side-looking SAR imaging geometry. One such distortion is a layover, which occurs when the radar signal
reaches the top of a slope before the bottom. It is common in rugged terrain where the top of a mountain
may be at a greater distance in ground range but a shorter distance in slant range. This effect appears when
the slope steepness in range (ar) exceeds the incidence angle (0i) on a slope facing towards the sensor
(foreslope) and causes the sequence of pixels to be distorted and terrain features to appear out of order in
the SAR image. Radar shadow, on the other hand, occurs when a slope facing away from the sensor
(backslope) exceeds the radat's look angle, defined as 6 = 90° - 61. In this case, the emitted radar beam does
not reach the ground at all, resulting in shadowed areas with no returned radar signal (Vollrath et al., 2020).
Both layover and radar shadow regions exhibit similar characteristics in the radar VV band received signal,
leading to the possibility that a thresholding-based approach might misclassify these zones as water pixels.
To address these issues, an algorithm based on Earth Engine was employed to identify and mask potential
radar layover and shadow areas, minimizing the risk of misclassification.

41.1.3. Thresholding using Edge Otsu Algorithm

Otsu's method is an automated technique that identifies an optimal threshold to split pixels into two distinct
classes: foreground (representing water) and background (representing land). It identifies the value for which
the highest inter-class variance is the optimal threshold. The pixels are split into binary classes based on that
optimal thresholding value. This method works best with images that clearly separate two classes.
Nevertheless, the effectiveness of the method could decrease when the image contains more than two

classes. The study used the “Edge Otsu” technique to ensure the bimodality in the input imageries. This
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technique selects specific areas in the image that are more likely to show a clear water/no water separation,
making the histogram more likely to be bimodal. This helps in getting a more accurate threshold for surface
water mapping. This algorithm was first introduced by Donchyts et al. (2016) for unsupervised water
detection, and it was later successfully used in different studies and applications (Markert et al., 2020a).
The Edge Otsu algorithm takes a raster as input in which water bodies have been highlighted. It then
identifies the edges of these water features with the canny edge filter method (Xi & Zhang, 2012) and creates
a buffer around them. Afterward, it samples histogram values from these buffered areas to find the best
threshold using Otsu's method. This threshold is then used to classify the entire image into two parts: water
and non-water regions.

Compute Index Detect Edges Buffer Find Threshold Threshold
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Figure 4-1 Image Source: Donchyts et al. (2016) Here (a) the raster where water had been highlighted (for this
study Sentinell VV Band. (b) Detected edges with canny edge detector filter. (c) Developed buffer region around
the detected edges (d) Finding out optimal threshold value with Otsu method (e) Detected threshold based binary
classification of input raster.

After the preprocessing steps, the imageries were ready for the thresholding approach. The study used the
Hydrologic Remote Sensing Analysis for Floods (HYDRAFloods) python module developed by NASA
SERVIR to implement the edge otsu algorithm. The pre-processed sentinel 1 VV bands were supplied as
input as a raster for the Edge Otsu algorithm. As for initialization, the algorithm requires to be provided
with an initial thresholding value. Thus, different initial thresholding values were investigated. For the
imageries with a greater amount of water region (images after July 2020), the initial threshold value of -18
dB performed best. Imageries with fewer water regions (images from January 2020 to July 2020) had a higher
initial threshold value was required, which was -22 dB. Edges detected by the canny edge filter were buffered
300 meters on each side for histogram sampling. Otsu threshold was applied for the sample histogram to
find the optimal threshold. Later, with the optimal threshold value, the entire imagery was classified into
water and non-water regions.

41.1.4. Masking out dam reservoir outside the region

After classifying water and non-water regions, some areas outside the dam reservoir region were also
classified as water. This occurred because the initial rectangular area of interest used in the processing
covered both the dam reservoir region and downstream regions beyond the dam location. To eliminate this
external water region, a rough polygon representing the actual dam reservoir boundaries was generated by
closely examining the highest water extent using the latest high-resolution Planet satellite data. Then, using
this polygon, downstream regions beyond the dam were masked out. This step ensured that only the water
within the reservoir was considered in the final analysis.

41.1.5. Detecting disconnected water pixels

After masking out downstream regions beyond the dam, some water pixels were still not a part of the main
GERD reservoir area. This happened because some areas close to the main reservoir might have a presence
of water that is not a part of the reservoir. These are mostly very small water pixel collections. To disregard
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these non-connected water pixels, a filtering operation was performed to find out all the present connected
water pixel clusters. By examining the size of these water clusters, the main reservoir was easily identified
because of its greater size than other water clusters. Then, all other smaller clusters were disregarded with a
size-based filter, and the main reservoir cluster was taken as the final water map. This process was
performed to eliminate disconnected water pixels and to ensure that the mapped water pixel accurately
corresponded to the connectivity and layout of the reservoir in reality.

However, when the reservoir water extent was insignificant for pre-dam operation and initial dam operation
periods, the Sentinel 1 thresholding approach could not classify the whole reservoir as one connected water
region. Rather, it developed several segmented water regions along the reservoir area. Therefore, identified
water cluster size-based filtering was not possible. As a solution, a range of size-based filters were selected

o

manually by examining such water maps.
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(a)

Figure 4-2. (a) shows a conceptual representation of the filter operation. A 3x3 filter was used to consider spatial
neighbors in all 8 directions. Implementation of this filter will identify all the water pixel clusters present in the raster.
After that area base area based filtering of identified clusters will result final map of desired water body. (b) illustrates
the operation in the study region. After filter operation few disconnected water pixels were detected (in red), which were
disregarded at the final processing step to result GERD reservoir water extent map.

41.2. Development of validation datasets

Two validation datasets were developed to validate the Sentinel-1 based water extent maps: one using
Sentinel-2 MNDWI with edge Otsu thresholding and the other using Planet green and near-infrared bands
with Support Vector Machine (SVM) classification. More information about these two validation datasets

can be found in the following sections.

Datasets Used for Water Extent Detection and Validation
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Figure 4-3. Dataset Used for Water Extent Detection and Validation To validate the Sentinel-1 water extent
detection algorithm, 5 validation datasets (green + and red dots for Sentinel 2 and Planet respectively) have been
compared against.
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41.2.1. Sentinel 2-based water map development using MNDWI Edge Ostu thresholding

Using the spectral characteristics of water, thresholding-based water body detection has been a practiced
method for a long time in scientific studies. Water reflects very little in the infrared wavelengths. Combining
watet's reflectance in the green and infrared bands makes distinguishing water from other landforms
possible. Leveraging this principle, different water indexes like normalized difference water index (NDWI)
(McFeeters, 1996), modified normalized difference water index (MNDWI) (Xu, 2006), High-Resolution
Water Index (HRWI) (Pekel et al., 2016), Two-Step Urban Water Index (TSUWI) (Wu et al., 2018) have
been coined for water detection. This study used sentinel 2-based MNDWI to develop a validation set. After
experimenting with Sentinel 2-based NDWI and MNDWI for the study region, MNDWI edge otsu
thresholding proved to be the most effective for water extraction. Therefore, MNDWI-based waterbody

extent extraction was used in this study.

For Sentinel 2 MNDWTI edge Otsu thresholding, the same HYDRAF/ods python module was used. After
performing the cloud masking process (detailed in the dataset chapter), MNDWI was calculated for each
time step. Then, the MNDWI band was supplied to the edge Otsu algorithm as input. 0 was given as the
initial threshold value for initialization, which was derived from several experiments. The canny edge filter
detected edges that were buffered 300 meters inside and outside the direction of the sample histogram. The
optimal threshold was identified from the sample histogram with the Otsu algorithm. It was later used to
classify water and non-water regions.

41.2.2. Planet based water maps development using the SVM Model

Water extent maps from Planet Satellites were prepared by using the Support Vector Machine (SVM)
algorithm. Recent studies on water extent detection report higher accuracy of SVM than other machine
learning algorithms (Duan & Bastiaanssen, 2013; J. Li et al., 2022) and spectral indices-based extractions,
especially in mountainous regions (Liu et al., 2020). SVM is a type of machine learning algorithm that is used
to solve classification and regression issues. It falls under the category of supervised learning, meaning that
it requires labeled training data to make predictions. It classifies data by finding an optimal hyperplane that
separates different classes by maximizing the margin (Vapnik, 1995). In lament words, the model is trained
by using information extracted from the provided features by the labeled training samples. Based on that
information, a decision function is developed to distinguish between different classes.

In the context of this study, SVM was employed as a supervised classification method, requiring input
features and labeled training data for model learning. Planet Green and NIR bands were chosen as input
features because of the distinct reflectivity of water in these bands. As for labeled data, around 200 water
and non-water sample points were carefully selected from the manual interpretation of a planet image (2024
January) and labeled as either "watet" or "non-water." regions. The labeled datasets were then divided into
training and testing sets. One recent study discussed models' exposure to overfitting if spatial data are
divided into train—test sets randomly like non-spatial data (Roberts et al., 2017). This is because in spatial
data, nearby points tend to be similar, and this similarity decreases as the distance between points increases.
When randomly splitting data into training and testing sets, nearby points could end up in different sets,
leading to overfitting because the model learns too much from similar points. Thus, this study adopted the
grid split technique to split the whole labeled dataset into training and testing sets. The ratio was maintained
at 67% for training data and 33% for testing data.

21



20% of the training dataset was set aside as a validation dataset to evaluate the model's performance and
tune hyperparameters. As linear SVM was used for classifying Planet Images, the only hyperparameter that
needed to be tuned was the regularization parameter (C). The study utilized a grid search approach to
determine the optimal regularization parameter (C). The grid search approach specifies a range of values for
each hyperparameter. These values are used to construct every possible combination. Through iterative
evaluation on the training and validation sets, the model identifies the combination that yields the best
performance. Subsequently, the final model is trained using the optimal hyperparameter values, and its

performance is assessed using the testing set. This study experimented with 50 values ranging from 0.001 to

Random train-test split Grid wise train-test split
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Figure 4-4. (a) illustrates the spatial distribution of training and testing set with different train-test splitting techniques. (b) shows
the distribution of training points Planet Green and NIR bands values in 2D feature space (c) illustrates SVM linear kernel d
detected optimal hyperplane separating training points in the 2D feature space. (d) shows the range of hyperparameters used for
SVM model tuning and the final hyperparameters for which the best accuracy was resulted. Grid wise train test splitting technique
based trained model produced desired results and better output than the random splitting technique.

10 as regularization values (C) with a linear kernel. With the grid search approach, 0.001 was identified as
the best possible value for the regularization parameter (C). With this hyperparameter value, the SVM was
trained using a training set. The model was evaluated using the testing set, where it reported 98.6% overall
accuracy. Then, with this trained model, the whole Planet image of January 2024 and December 2022 was
classified into water and non-water regions. By employing these methods, the study successfully extracted

the required validation dataset to evaluate water extent time seties derived from Sentinel 1 data.

41.3. Accuracy assessment with validation datasets

The study compared Sentinel-1-based water extent maps with the validation datasets. This evaluation
estimated various accuracy assessment metrics — Confusion Metrics, Precision, recall, and F1-score. These

criteria were selected based on their widespread usage in evaluating classification methods (Markert et al.,
2020b; Ngo et al., 2017).
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Confusion Matrix

Sentinel 1-based water maps were evaluated in five different timesteps with Sentinel 2 and Planet-based
water maps. For each time step, confusion matrices were developed using a random sampling points-based
approach. A confusion matrix is a table used for evaluating actual values with the model-predicted values
by reporting the number of correct positive predictions (True positive), correct negative predictions (True
negative), incorrect positive predictions (false positive), and incotrect negative predictions (false negative).
From these instances, the models' overall accuracy can be calculated by dividing the total positive predictions
(sum of true positive and true negative) by the total population (sum of true positive, true negative, false

positive, and false negative).

Predicted Positive | Predicted Negative TP+TN
Overall Accuracy =
Actual Positive True positive (TP) False negative (FN) 4 TP + TN + FN + FP
Actual Negative False Positive (FP) True Negative (TN)
(a) (b)
Formula: Formula:

Formula: . Recall — TP Fl-Score — 2 x PrecisionxRecall
Precision = gy ecall = 7ppy -Seor Precision-+Recall

© d) ©

Figure 4-5. (a) A sample confusion matrix (b) The formula for overall accuracy calculation (c)
The formula for Precision calculation (d) Formula for Recall calculation (d) Formula for F-1
score calculation.

For comparison, 10,000 points were randomly generated and used to extract classification values from both
the Sentinel-1 water map and the validation dataset water map. These extracted values populated the
confusion matrix. This process was repeated 50 times for each Sentinel-1 and validation set water map pair
to mitigate the effects of randomness. The accuracy metrics were then reported as a range of values for each
pair. The following metrics were generated to better understand the model's performance with the derived
true positive, true negative, false positive, and false negative values from the confusion matrix.

e Precision

The precision of a model refers to the degree of accuracy of its positive predictions. It is the ratio of true
positive (TP) predictions to the total predicted positives (TP + FP). The formula is given above (Figure 4-
5-c). High precision indicates a low false positive rate, meaning that most of the positive predictions made
by the model are accurate. For this study, the precision rate is crucial as the focus would be on how accurately
the model can detect water pixels.

e Recall

Recall measures the error of omission rate. It is the ratio of true positive (I'P) predictions to the total actual
positives (TP + FN). The formula is given above (Figure 4-5-d). High recall indicates a low false negative

rate, meaning the model is good at detecting true positives.

e F1-Score

The F-1 score measures the model accuracy by taking the ratio of precision and recall. The formula is given
above (Figure 4-5-¢). It denotes how the model identifies true positives and minimizes false positives and

false negatives.
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414, Altimetry Based Water Level Timeseries Development

41.41. From altimetry-based water level databases

o Data Acquisition

The altimetry dataset used to calculate water level time series was collected from two primary sources. The
first source includes established databases such as DAHITI, HydroWeb, and G-REALM. These databases
provide water height time series for various inland water bodies derived from current and historical altimetry
flights. The second source of data came from the ICESat-2 satellite. It provides aggregated data on lakes,
reservoirs, rivers, bays, estuaries, and a 7 km near-shore buffer.

o Virtual water station finalization

GERD reservoir had a few virtual station points from which water height observations were available from
DAHITI, hydroweb, and G-REALM databases. However, during the virtual station selection, it was
identified that DAHITI and Hydroweb provided virtual stations almost at the same geographical points. By
examining the reported error values of the observations per virtual station, the stations with the minimum
error values were selected to ensure data accuracy. It was found that DAHITI stations 17706 and 17705 had
a lower reported error value range than hydroweb-based stations. Figure — XX depicts the error distribution
of both DAHITT and hydroweb stations. Therefore, DAHITI based stations were selected for those two
locations.

Same Location Multiple Virtual Stations

Reported Error Range (Dahiti Reported Error Range
17705vs HW 7838) (Dahiti 17706 vs HW 7836)

0

Figure 4-6. (left) Same location had multiple Virtual Station from DAHITI and Hydroweb, (right) boxplot showing
reported error distribution for the station sharing same location.

Furthermore, observations from all selected virtual stations with an error value greater than 0.50 meters
were filtered out. After finalizing the virtual stations, a water database was developed based on the
observations from these stations.

41.4.2. From ICEsat-2 ATL13 product

Unlike altimetry water height databases like DAHITI, hydroweb, and G-REALM, ICEsat2 data is available
for every available water body along its ground track. It has different data products, but the ATL13 product
is dedicated to land-based water bodies. Though ICEsat2 has better precision than other altimetry missions,
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but its higher revisit period makes it less appropriate for continuous monitoring. From NASA Poodac API,
the ICEsat2 data were availed. For preprocessing ICEsat2-based height estimate data, quality flags
mentioned in the ICEsat2 ATL13 product handbook were used (Jasinski et al., 2020). The dataset was
specifically improved by eliminating data points where "qf_bckgrd" equaled 6. These segments, which are
usually taken during midday and have the maximum density of background photons, have the lowest signal-
to-noise ratio and a higher likelihood of outliers.

Furthermore, data with "qf_bias_em" values of 3 or -3 were removed due to considerable electromagnetic
bias, which often implies a high water surface slope and causes potential elevation problems in water level
estimates. Similarly, data with "qf_bias_fit" values of 3 or -3 were deleted, as stated in the official document
of ATL13 (). This was done since these data displayed the greatest elevation bias between the fitted Gaussian
centroids of the observed and integrated surface water histograms. Lastly, records where the
"stdev_water_surf" was more than 2 were also deleted. This was done because it indicates a standard
deviation in water surface elevation greater than two meters. This corresponds to a significantly high wave
height (SWH) on lake surfaces. The outliers were eliminated from the dataset using these quality filters.

Table 4-1. The list of quality filters used to eliminate outliers from the ICEsat-2 observations and the final number of
valid ICEsat2 observations after the outlier removal operation.

Quality Flags Percentage of Valid ICEsat2 | Percentage of Valid
Observations ICEsat2 Observations
after combining All
flags
qc_bg xX>=06 93.76
qc_bias_em 3<x<3 94.39
qf_bias_fit 3<x<3 95.78 93.72
std_ws x>2 & x==nan 97.37
swh X==nan 96.79

The mean elevation was then determined based on all the along track points from the same datetime. This
was done by taking the middle point of each available track and assigning the measured mean elevation to
that point. The ICESat-2 observation points were visually inspected for each date with a corresponding
Sentinel 1-based water map to ensure the points fell within the water body mask for that specific date. With
such steps, ICEsat2 observations were preceded for further analysis.
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After gathering all the valid observations from virtual stations and ICEsat2, a time series was developed to

analyze the overall trend of water levels in the GERD reservoir.
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Figure 4-7. (a) Showcasing all the available virtual station in the GERD reservoir (b)
Showing all the available observations of ICEsat2 in the GERD reservoir throughout
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4.2, Result

4.21. Sentinel-1 based water extent timeseries

Water Extent Variation Over Time
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Figure 4-8. Water Extent Variation Over Time

Figure 4-8 illustrates the temporal variation in water extent derived from Sentinel-1 satellite observations.
The graph shows distinct operational phases of the dam, which correspond to the observed increase in
water extent. The first operational phase started in June 2020. Before that, the dam water level was in a
steady position. Therefore, over the study period, a general upward trend in water extent is evident,
indicating the continuous operational phases. Specifically, there is a marked decline in water extent values
from January to June. Conversely, an increase is observed from July to September, and a peak water extent
is observed between September and October 2023.

Figure 4-9 further details the variation in water extent over time for each operational phase. Notably, there
is a significant difference in water extent from phase 1 to phase 4.
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Figure 4-9. Water Extent Variation during different dam operational phases

Table 4-2. Table of mean accuracy assessment values

Dates Validation Set Overall Precision Recall F1 Score
Accuracy
Sentinell_2024-01-14 Planet 2024_01 0.972872 0.996471 0.897583 0.944436
Sentinell 2022-12-02 Planet 202212 0.971688 0.969889 0.85141 0.913392
Sentinell_2022-03-01 Sentinel 2 0.990412 0.975275 0.909116 0.941001
2022 03
Sentinell_2021-10-20 0.982902 0.993859 0.831382 0.907246

Sentinel 2 2021_10

Sentinell_2020-11-18 Sentinel 2 2020_11 0.993702 0.992901 0.877454 0.931542

When comparing Sentinel-1 datasets from different acquisition dates, there are noticeable differences in the

counts of true positives, true negatives, false positives, and false negatives. However, these differences
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become less significant when analyzed using statistical metrics such as overall accuracy, precision, recall, and
F1 score (Table 4-2). Precision, which is the ratio of true positives to the sum of true positives and false
positives, is particularly important for classifying water and non-water pixels. All Sentinel-1 datasets
performed well in detecting water pixels, with precision values ranging from 0.96 to 0.99. This high precision
indicates a low false classification rate for water and non-water pixels and signifies accurate model results.
Recall, or sensitivity, which measures the model's ability to identify actual positives, ranges from 0.83 to
0.90. This high recall value also indicates the model's accuracy in classifying water and non-water classes.
The F1 score, the harmonic mean of precision and recall, ranges from 0.90 to 0.94. This high F1 score
reflects the model's ability to identify true positives while minimizing false positives and negatives. Overall
accuracy, which measures the ratio of accurate classifications (both true positives and true negatives) among
the total number of cases identified, ranges from 0.97 to 0.99.

Although it has a high overall accuracy of the model in classifying water and non-water pixels while visually
comparing the Sentinel-1 product with the validation product, the result shows that the model cannot
perform well near the land-water edge areas of the reservoir in every time step. Besides, the result also shows
poor performance before the dam operation time. The classification results were very fragmented (Figure

4-10).
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Figure 4-10. Visual Comparison of Sentinel-1 based classification result with
Validation Product.
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4.2.2. Radar altimetry-based water level timeseries

GERD Reservoir Water Level Timeseries from Satellite Altimetry Observations
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Figure 4-11. GERD Reservoir Water Level Timeseries from satellite Altimetry Observation

Figure 4-11 shows a time series of water levels derived from altimetry data, incorporating observations from
two DAHITI stations, one Hydroweb station, and one G-REALM virtual station. Additionally, 12 ICESat-
2 observations were collected from various locations within the reservoir at different times. The water level
increases observed in different dam operation phases can be seen in this figure. Since the G-REALM and
DAHITI stations are located upstream of the dam, the first operation period did not significantly affect
their water levels. In contrast, the Hydroweb 7837 station, which is situated slightly downstream from the
other stations, shows a rise in water level after the first operation period. All stations displayed increased
water levels during the second and third operation periods. ICESat-2 observations were taken from vatious
regions within the reservoir. Those taken before the dam operation period showed lower water levels
compared to others because they were closer to the dam location, further downstream from the virtual
stations. ICESat-2 observations located near the virtual stations during the first and second dam operation
periods showed similar water heights to those stations. Three ICESat-2 observations collected after 2023
indicate higher water levels than all other time seties observations. Since no other height observations were

available for this time range, these observations could not be validated.
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5.  WATER VOLUME ESTIMATION

This chapter describes the methodological framework and steps followed for water volume estimation with
satellite-based observation and digital elevation model (DEM) and presents the analysis and findings
obtained for this objective.

5.1. Methodology

The water surface of big lakes and reservoirs can exhibit different water heights in different parts of the
water body. In mountainous places, the difference in elevation between the areas upstream and downstream
of the water body makes this gradient much stronger. Considering this slope in water volume estimation is
challenging because, in most cases, only a limited number of water level observations are available for water
bodies. Therefore, most studies did not consider the water slope phenomena while estimating reservoir
water volume. In volume estimations, only a single water level was considered for the whole reservoir.

Being a mountain reservoir, the presence of a water slope is noticeable in the GERD reservoir. Despite
having few radar altimetry-based virtual stations in the reservoir, it was not possible to estimate the water
slope because of the absence of concurrent observations in these virtual stations. Thus, for volume
estimation, this study deployed two different approaches. (i) Water volume estimation considers a single

water level, and (ii) water volume estimation considers the water slope.

5.1.1. Volume estimation considering a single water level

5.1.1.1. Mean water level timeseries

For the GERD reservoir, water height estimates are available from altimetry data for different reservoir
points. With these water height observations, a water height database was developed in the previous chapter.
To have a single water level for the whole reservoir, with a 21-day window, mean water level timeseries were
calculated from the water height database. This resulted in a timeseries of the mean water level for the
GERD resetvoit.

5.1.1.2. Lowest water level determination

The GER Dam began filling in different phases, and the first phase started in July 2020. Therefore,
topographic information on river bed surrounding regions is available in digital elevation models developed
before 2020. However, the Blue Nile River has flowed for decades in this region. Thus, underwater
topography of this permanent water region is not available. Without proper underwater topographic
information, volume estimation is challenging. Hence, the method of Duan & Bastiaanssen (2013) for
estimating water volume fluctuation above a reference level was applied in this study. This reference water
level is the lowest elevation of the water body, found by studying a series of water elevation measurements
over time. From the developed 21-day mean water level time series, the lowest possible water level was
detected before the dam operational period in February 2020. This was regarded as the reference water level,
above which the water level variation was calculated.

The difference between the mean water level time series and this reference water level was considered as
Water Level Above Lowest Level (WLALL). The Operational Dam resulted in a severe rise of water
elevation in the reservoir. Thetrefore, the dam operational period's lowest possible water elevation must be
lower water height estimates after the dam operation phases.
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Water 1evel Above Lowest Level (WI.AILL) = Reference Water Level — Altimetry Based Water Level

This determined the time series of altimeter-based Water Level Above the Lowest Level (WLALL).

5.1.1.3. Volume variation above the lowest level

Water Level Variation above
Lowest Level (WLALL)

Variable Volume

 iagplnle

Lowest Water Level
(Before Dam filling Operation)

Constant Volume Water Level while

Copernicus DEM Data Collection

Unknown Bathymetry

Figure 5-1. Conceptual representation of GERD reservoirs water volume and water level variation
scenarios.

As the bathymetry information for the permanent water regions of the Blue Nile River is not available, water
volume estimation for the whole reservoir is difficult. However, this study aims to assess only the changes
in water volume that appeared after the GER dam became operational. The entire volume of the reservoir

can be regarded as this equation:
Total Volume = Constant V'olume + 1V ariable 1 olume

Here, the variable volume represents the additional water volume produced by varying water levels after the
dam was operational. The constant volume can be regarded as the corresponding water volume for the dam
operation period's lowest water level. Thus, calculating the variable volume is enough to estimate the volume
variation resulting from the dam construction.

5.1.1.4. Satellite observation-based water volume variation estimation

Water volume can be estimated from satellite-based observations by developing a relationship between
satellite-based water height and water extent estimates. Through previous steps, the study had already
developed water levels above the lowest level (WLALL) time series and sentinel 1-based water extent maps
over time. A relationship can be established between these by aligning these water extent and water height
estimates based on the nearest timestamps. The relationship between WLALL and subsequent water extent
will be determined with regression analysis considering second-order polynomial function.

Water Extent(A) = /WaterElevatz’on(L)

= Water Extent(A) = aL?® + bL + ¢
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Here, L is the WLALL, and Water Extent is the corresponding water extent from Sentinel 1-based satellite
observations. a, b, and c are the coefficients of the equation. These coefficient values were determined from
the regression analysis.

After that, by analytically integrating this Water Extent - WLALL equation against dL, the volume variation
of the reservoir could be derived. Because water volume is the integration of the functional relationship
between water level and extent.

V@)= [y (al? +bL + 0)dL
V(L)=lal2dL+[bLdL+]cdL
Volume Variation = al 3/ 3+bl 2/ 24cL+d

Here, the integral starts from L=0 and sums until L=H (maximum height variation). V is the WVALL,
volume variation above the reference level. As at the reference water level, L=0, the corresponding volume
will also be 0. Taking this as a condition, the coefficient d's value can be calculated as 0. Thus, the final
equation of WVALL — WLALL would be this:

Volume Variation = al 3/ 3+bI 2/ 2+cL

This equation calculated volume variation for all the available water height estimates and Satellite based
water volume above the lowest level (WVALL) timeseries was developed. This WVALL was later compared
to volume variation estimates from other sources.

5.1.1.5. Digital Elevation Model (DEM) based variation

The Digital Elevation Model (DEM) represents elevation estimates of the earth's surface and establishes a
3D representation of the earth's terrain. For this study, Copernicus DEM was used to calculate water
volume. At first, several pre-processing of the DEM data were done, including clipping with the GERD
reservoir region and modifying the dam and its saddle dam location with respective elevations. After that,
elevation bands were developed for terrains with the same elevation values. The associated area with that
band was calculated by integrating DEM grid cells enclosed by that elevation band. With this, the water
extent and water elevation curve from DEM was determined. Then, the corresponding volume was
estimated by combining the area under the extent—elevation curve. As a result, the cumulative volume for
cach elevation band was developed.

Using this extent — elevation — volume relationship, the corresponding volume for all the water levels from
the mean water level timeseries, was computed. The cumulative volume determined by the lowest water
level was determined as the constant water volume. This constant water volume was subtracted from all other
volume estimates to determine volume variation over the lowest water level.

WV ALL = Water volume at (i-th elevation) — Water volume at lowest water level

This DEM-based WVALL timeseries was developed and evaluated with satellite-based WVALL. Volume
variation time series estimated from both approaches were compared using different goodness of fit
measurements like R?, percent error, and root mean square error (RMSE).

Percent error is a measure used to quantify the accuracy of a measurement or estimate compared to a true
or accepted value. Percentage error ranges from 0% to potentially very large values. A low percentage
errot, close to 0%, means the measured value is very close to the true value and indicates high accuracy.
On the other hand, a high percentage error suggests a big gap between the measured value and the true
value, which indicates the potential error in the measurement process.
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5.1.2. Volume estimation considering the water slopes

Large lakes and reservoirs generally exhibit a slope due to topographic variation across their whole area.
However, there is a limited availability of data that describes this slope. Consequently, many studies that
measure water volume do not account for this water slope; instead, they use a single water level
measurement to perform their analyses. This study utilizes a method using the overall gradient along the
longitudinal profile of the mainstream extracted from the DEM as a correction factor to adjust the elevation

model (personal communication B.H.P Maathuis). For further details, readers are referred to Removing

elevation trend over sloped surfaces.

The methodology for considering this slope is based on the assumption that a reservoir or any large water
body maintains a stable longitudinal profile over a certain distance. This assumption is used to determine
the gradient correction factor, which is then applied to the entire upstream region. In order to determine
the distance for this correction, two points in the downstream and upstream directions are taken into
consideration, and their distance is calculated based on the direction of the stream flow instead of relying
on Cartesian distance. Two points were selected to calculate this gradient correction factor: one downstream
(A) and one upstream (B). The gradient between these points (A-B) is calculated as the Elevation Distance
(ED) divided by the Horizontal Distance (HD). Here, HD represents the distance along the stream network,
and ED is the elevation difference between the outlet locations.

This part of the analysis was done using the ILWIS 3.8 application. As this process required some
hydrological processing, preprocessed MERIT hydrological DEM was used in this process for the terrain
elevation profile. This product was referenced to the EGM96 vertical datum. It was first converted into an
EGM2008 vertical datum to make all the data homogenous. Subsequently, various tools from the ILWIS

At the Dam Pixel At Upstream Pixel

B Elevation from MERIT | 501 600

A DEM
i Distance from Dam 0 163800

‘ " ELEVATION

e | DIFFERENCE
HORIZONTAL Elevation Difference
DISTANCE Correction Coefficient =
Distance along the River
Correction Coefficient = 0.000604

Figure 5-2. (right) Representation of table and equation required for calculating correction
coefficient. (left) Conceptual representation of upstream and downstream points. Figure collected
from a training material developed by B.H.P Maathuis

DEM - Hydro Processing utilities are utilized for drainage network extraction. Then, “Flow length to
Outlets” was calculated for the region of interest, which resulted in the distance along the stream network
from the downstream designated pixel. After that, along stream network distance for selected upstream
pixels was noted for calculating the gradient correction factor. Then, with this correction factor, a modified
DEM was developed with a few map calculations.

DEM_ slope_correction = gradient correction factor * Along Stream Distance Map

Final_Modified DEM = Original DEM - DEM_ slope_corvection
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Then, following the similar DEM-based WVALL estimation process, volume variation timeseries were
calculated from this modified DEM. Volume variation and area estimations from this modified DEM were
then compared with satellite-based area estimations and WVALL timeseries with different goodness of fit
metrics like R-square value and RMSE value to understand the effectiveness of these modification methods.

R-squared (R?) is a metric that shows how much of the variance in the dependent variable can be accounted
for by the model's independent variables. Its values range from 0 to 1. A high R-squared value, close to 1,
indicates that a large proportion of the variance in the dependent variable is explained by the model,
suggesting a good fit. Conversely, a low R-squared value, closer to 0, implies that the model does not explain
much of the variance, indicating a poor fit.

RMSE measures the differences between values predicted by the model and the actual values observed. It
is calculated as the square root of the average of the squared differences between predicted and observed
values. RMSE values range from 0 to . A lower RMSE value indicates a better fit, meaning the model's
predictions are close to the actual data. Higher RMSE values suggest larger discrepancies between the
predicted and observed values, indicating poorer model performance.

1
RMSE = \/; Z?:l(er - th)z

Z?=1(er_th)2

R2=1-
Z?=1(er_th)2

Volume estimation considering the water slope was also carried out with the SWOT water mask raster
product, which is discussed in the following chapter.
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5.2, Result
5.2.1. Volume estimation considering a single water level

5.21.1. Satellite-based volume estimation
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Figure 5-3. (a) Area with WLALL (Satellite observation Based), (b) Volume Variation with WLALL (Satellite
Observation Based)

To estimate the hypsometric curve (a), the water level and surface area timeseries from satellite observations
were utilized to generate a polynomial function. The water level above the lowest level was calculated for
the entire time series. Subsequently, the water extent data from sentinel 1 were joined with the time series
of water levels above the lowest level based on the closest neighbor approach. After that, a regression
analysis was performed on these matched observations of water level above the lowest level and water
extent. During this analysis, a polynomial function (Area = 0.07651% + 9.0898L. + 18.703) was fitted to the
data, which resulted in the hypsometric curve. This curve demonstrated a strong correlation, with an R?
value of 0.922 and an RMSE of 52.68 km?, indicating high accuracy in representing the relationship between
water level above the lowest level and corresponding water extent estimates.

After deriving the polynomial function, it was integrated with respect to the variation of water levels above
the lowest level. This process resulted in a function representing the volume variation (b) of the reservoir.
The obtained function for volume variation is given by Volume 1 ariation=0.025513+4.54491 >+18.703L..
This function showed a high correlation coefficient of 0.9994, indicating a nearly perfect fit.

Area = 0.07651 2+ 9.08981. + 18.703

Volume V ariation = 0.02551 3+ 4.54491 2+ 18.703L.
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5.21.2. DEM-based volume estimation
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Figure 5-4. (a) Area with Elevation curve (DEM Based), (b) Volume with Elevation (DEM Based)

Here in the graph (a), a hypsometric curve has been generated from DEM-based water elevation and area
time series. The DEM was first modified to include dam locations and elevations. Simulated water levels
were used to compute the area. The volume above the reference water level was retrieved by integrating this
derived area for each elevation band. The generated polynomial curve is Area = 0.7002L7 - 102.6L + 26280.
The resulting curve showed a higher correlation value of 0.922 and RMSE with 14.54 km?. Then, this
polynomial function is again integrated against the water elevation, and the volume with elevation function
was obtained: VVolume = 6.037212 - 6433.51. + 1712463.50. The correlation is 0.99, and RMSE is 2049.52
km?2.

For a water level of 549.50 meters, the volume was estimated using the V-E relationship-based equation.
This resulting volume was regarded as the volume at the lowest water level. This volume estimate was then
subtracted from all other volume estimates to estimate volume variation above the lowest water level.
Volume above the lowest water level over time was calculated with both satellite observations based volume
estimates and DEM based volume estimates to compare with one another. Table 5-1 shows the volume
variation timeseries based on two sources and their comparison.
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Table 5-1. Water Level variation above Lowest Level over time from Satellite and DEM based observation.

Water Level

Date Water_Level Above Lowest Ag:tS](lIiltleZ) Area (km2) Area Percent WVALL (Satellite Volume WVALL Peze‘i:I];‘,I;ror
(m) Level (m) Based) (DEM Based) Error (%) Based) (DEM Based) (DEM Based) %)
(WLALL)
o101 1026+ ossassrssny TS e e

1/11/2020 557.729 8.219078 40.8635 216.8672133 81.15736381 474.9023978 3754.922821 1443.875632 67.10918952

1/23/2020 549.509922 0 34.8095 148.5007258 76.55937382 0 2311.047189 0 0
2/28/2020 561.798 12.288078 32.0608 255.7221128 87.46264074 963.4038168 4688.16117 2377.113981 59.47170289
3/11/2020 554.5575 5.047578 30.9722 188.8829303 83.60243568 213.4793735 3131.960846 820.9136573 73.99490536
4/4/2020 560.6865 11.176578 33.871 244.7790868 86.16262507 812.3671656 4417.569388 2106.522199 61.43562284
4/4/2020 557.26 7.750078 33.871 212.6019387 84.06834848 429.8034699 3657.239673 1346.192484 68.07265862
5/22/2020 563.477 13.967078 30.2409 272.7216872 88.9114429 1217.321552 5120.194135 2809.146946 56.66579303
6/3/2020 556.382 6.872078 32.6131 204.7355293 84.07062022 351.4391439 3479.63463 1168.587441 69.92615771
6/27/2020 560.8493333 11.33941133 41.9852 246.3667514 82.95825238 833.6546743 4456.457452 2145.410263 61.14241231
7/21/2020 570.8755 21.365578 203.1724 354.3580388 42.66465615 2722.99714 7382.030475 5070.983286 46.30238384
8/2/2020 572.6566667 23.14674467 227.409 375.6496882 39.462481306 3184.177774 8020.048005 5709.000816 44.22530533
8/26/2020 572.0735 22.563578 248.1717 368.6086634 32.67339468 3028.813758 7806.948539 5495.90135 44.88959017
9/19/2020 567.73075 18.220828 235.1646 318.3182502 26.12280324 2003.941327 6346.487514 4035.440325 50.34144564
10/13/2020 566.30475 16.794828 215.0479 302.6287993 28.94004122 1716.876536 5913.697591 3602.650402 52.34407048
10/25/2020 564.181 14.671078 210.8387 280.017621 24.70520274 1333.164025 5309.890167 2998.842978 55.54405364
11/18/2020 563.2646667 13.75474467 201.2874 270.5406529 25.59809484 1183.476945 5063.98121 2752.934021 57.01034111
12/12/2020 562.6478 13.137878 195.1463 264.2555956 26.15244361 1088.009945 4903.276901 2592.229712 58.02802736
1/5/2021 562.3845 12.874578 191.5317 261.5961319 26.78343573 1048.549611 4835.853725 2524.806536 58.47010076
1/17/2021 562.0568333 12.54691133 192.1037 258.3059303 25.62938846 1000.513224 4752.918303 2441.871114 59.02677998
2/10/2021 561.3436815 11.8337595 187.5061 251.2193113 25.36158983 900.0428388 4576.097312 2265.050123 60.26388866
3/6/2021 561.836 12.326078 191.7651 256.1006092 25.12118553 968.8058549 4697.62671 2386.579521 59.40609369
3/30/2021 561.1065841 11.59666209 216.5654 248.8858346 12.98604828 867.870709 4518.418736 2207.371547 60.68307077
4/11/2021 561.0134286 11.50350657 213.4024 247.9720941 13.94096147 855.3975154 4495.907001 2184.859812 60.84886038
5/5/2021 562.6263333 13.11641133 174.6687 264.0382513 33.8471986 1084.763998 4897.753822 2586.706633 58.06389547
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5/29/2021
6/22/2021
7/4/2021
7/28/2021
8/21/2021
9/14/2021
9/26/2021
10/20/2021
11/13/2021
12/7/2021
12/19/2021
1/12/2022
2/5/2022
3/1/2022
3/13/2022
4/6/2022
4/30/2022
5/12/2022
6/17/2022
6/29/2022
7/23/2022
1/31/2023
3/8/2023
9/28/2023

561.926
563.5682
574.2755

583.5891667
582.4265
581.9192857
581.1302
578.971
578.1101667
578.427
577.313
577.0498333
576.7528333
576.6674
574.2155

571.772

571.919
572.0955

573.001

576.3266667
587.94
604.06183
594.3008
622.6380065

12.416078
14.058278
24.765578
34.07924467
32.916578
32.40936371
31.620278
29.461078
28.60024467
28.917078
27.803078
27.53991133
27.24291133
27.157478
24.705578
22.262078
22.409078
22.585578
23.491078
26.81674467
38.430078
54.551908
44.790878
73.128143

190.0558
193.4326
216.4413
377.167
397.5413
401.7916
393.3515
383.0525
356.9926
350.2846
347.3781
341.314
353.9019
344.553
335.0467
296.1924
286.8793
321.6851
280.8902
289.139
452.5227
618.8528
571.2719
1156.5509

256.998202
273.6612436
395.5522195
520.2580273
503.7410782
496.6203941
485.6450412
456.2505581
444.7919526
448.9920744
434.3132218

430.881858
427.0260163
425.9201398
394.8051879
364.9951393
366.7546819
368.8730498
379.8390857
421.5241248
584.4694376
855.4661607
685.1702766
1232.289635

26.04780946
29.31677228
45.28123233
27.50385767
21.08221521
19.09482478
19.00432073
16.04339038
19.73942021
21.98423536
20.01668782
20.78710354
17.12404244
19.10384887
15.13619621
18.85031659
21.7789672
12.79246338
26.05021163
31.40629848
22.57547257
27.65899711
16.62336801
6.146179693

981.6633907
1232.013567
3638.065605
6925.084141
6449.504233
6248.028553
5941.765553
5147.837534
4849.073924
4957.869502
4581.307601
4494.776103
4398.226406
4370.670231
3620.644551
2950.164372
2988.368679
3034.597265
3277.928214
4261.728771
8878.273004
18685.21165
12247.24778
35644.85749

4720.102183
5144.48019
8633.499681
12830.13613
12240.85781
11989.85918
11606.62115
10602.27296
10219.60471
10359.28735
9874.081539
9761.862796
9636.310704
9600.409152
8610.18111
7698.390115
7751.182175
7814.912835
8147.821252
9458.170751
15212.45772
26731.53337
19227.32591
46154.75413

2409.054994
2833.433001
6322.452492
10519.08894
9929.810623
9678.811987
9295.573961
8291.225774
7908.55752
8048.240157
7563.03435
7450.815607
7325.263515
7289.361963
6299.133921
5387.342926
5440.134986
5503.865646
5836.774063
7147.123562
12901.41053
24420.48619
16916.27872
43843.70694

59.25110082
56.51869774
42.45800012
34.16650265
35.04907115
35.4463279
36.07962694
37.91222583
38.68573489
38.39809194
39.42500604
39.67403919
39.95811349
40.04042805
42.52154986
45.23897193
45.06811529
44.86425614
43.84007024
40.37141329
31.18370288
23.48550514
27.60081585
18.70017392
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5.21.3. Comparison of volume estimations between satellite based products and DEM based product

Water Volume Above Lowest Level Comparison
(DEM Based Volume with Satellite Based Volume)
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Figure 5-5. Water Level above lowest water level

Figure 5-5 compares water volume variations above the lowest level using DEM- and satellite-based
measurements. Both curves exhibit similar increase and decrease trends and capture variations across
different dam operation phases, indicating a high correlation between the two methods, as shown in Figure
6-6. Despite this high correlation, their value ranges have a significant difference. The satellite-based
observations range from 0 to 35644.85, while the DEM-based volumes range from 0 to 43843.70. This
higher level of difference results in a high RMSE value of 2736.35. The potential causes of this hich RMSE
are discussed in the discussion section of this study. Furthermore, the results indicate that DEM-based
volume tends to overestimate compared to satellite-based observations, especially at lower water levels.
Additionally, the percentage error decreases with increasing elevation.

5.2.2. Volume estimation considering the water slopes
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Figure 5-6. Area with water level (Modified DEM Based) (left), Volume with water level (Modified DEM Based)
(right)

Here in graph 5-6 hypsometric curve has been generated from Modified DEM based water elevation and
area time series. After performing the preprocessing task Modified DEM was obtained. Then simulated
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water level was calculated for this modified DEM to calculate the area. Subsequently, the process involved
integrating the area calculated for each elevation band, which allowed us to determine the volume above the
reference water level. The polynomial curve generated here is represented by the equation Area = 0.1002L2
- 102.0L + 26280. This curve exhibits a strong correlation of 0.9992 and an RMSE of 14.54 km?
Subsequently, this polynomial function was integrated with respect to water elevation to derive a volume-
elevation function, expressed as Volume = 6.0372L2 - 6433.5L + 2000000. This volume-elevation function
also shows an even higher correlation of 0.9914.

After obtaining this volume equation, the 21-day mean water level was applied to derive the mean water
volume. The corresponding water level value for the lowest water volume value was taken as the reference
lowest level and subtracted from all volume estimates to determine volume variation over time.

Water Volume Above Lowest Level Water Volume Above Lowest Level Comparison
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Figure 5-7. Water Volume above lowest level (left) and Water Volume above lowest level
comparison (right)

Figure 5-7 compares water volume variations above the lowest level using modified DEM- and satellite-
based measurements. The two curves show distinctly different patterns and indicate no significant
correlation between the methods. Additionally, the RMSE value is notably high at 35755.79, highlighting
substantial differences between the DEM-based and satellite-based volume estimates.
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6. SWOT SATELLITE-BASED WATER EXTENT AND

VOLUME ESTIMATES

This chapter describes the methodological framework and steps followed for water extent and volume
estimation with SWOT satellite based products.

6.1. Methodology

6.1.1.

SWOT product based water extent maps development

This study utilized three different SWOT satellite products for GER dam reservoir extent detection. These
are: (i) SWOT Lake Single Pass product is a vector product, (if) SWOT Water Mask Raster is a raster product,
and (iif) SWOT pixel cloud product is a vector product of point clouds. A sequence of quality filtering

procedures was performed before determining the reservoir area using such data to ensure product quality.

Quality Flag Based Filtering

All three data products were filtered using the quality flags described in respective product handbooks (JPL
D-56411, 2023; JPL D-56416, 2023; JPL D-109532, 2024). A list of quality filters and critetia used for
filtering is described in the following table 6-1.

Table 6-1. This table showcases listed quality flag values and meanings collected from the designated product

description document (PDD). A detailed description and list of quality flags for SWOT L2 Water Mask
Pixel Cloud Data is given in the annex section.

Mask Raster Version
2.0

2 = degraded - likely to

have large errors

3 = bad - may be
nonsensical and should

be ignored

SWOT Quality Flag Values and Meanings Filtering Criteria
Product Identifier
‘quality_f 0 = good Considered all the available
SWOT Level 2 Lake observations
Single Pass Version 2.0 1 =bad
0 = good For reservoir extent
1 = suspect - may have detection, considered all
large errors the available observations
SWOT Level 2 Water Ex: ‘wse_qual’

For volume estimation,
only considered

“wse_qual” values with 0
and 1

SWOT Level 2 Water
Mask Pixel Cloud Data
Version 2.0

Classification_qual

x < 32768: Good

32768 <x <
134217728 : Suspected

x > 134217728: bad

For reservoir extent
detection, consider all the
available observations
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For all three data products, data with quality flag 0 and good quality was unavailable. Thus, data with all the
quality flags were used for water extent detection for the SWOT Lake Single Pass product and SWOT Water
Mask Raster. SWOT Water Mask Raster was also used for volume estimation in the next step. To have a
precise volume close to reality, “wse_qual” with values 2 and 3 were disregarded. SWOT Pixel Cloud Data
product was used only for extent detection. All the available observations were used for this product. After
that, the filtered data products were masked out only for the area of interest. SWOT Lake Single Pass
product was supposed to have one single polygon for the whole reservoir area but had detected few
segmented polygons at reservoir extent. Thus, all the polygons were accumulated using a union operation
to determine the whole reservoit's extent.

SWOT pixel cloud data product has a “class” variable denoting the detected landcover type. This product
mostly classifies and detects water regions and land features in the water—land transitioning zone. The classes
are 1: Land, 2: Land_near_water, 3: water near land, 4: open water, 5: datk water, O:
low_coh_water_near_land, and 7: open_low_coh_water. As only water extent was required, classes 1: Land
and 2: Land_near_water were reclassified into non-water. The rest of the classes were designated as water
classes. SWOT Water Mask Raster product provides detected water pixels as a raster image where each pixel
has a water level value. For reservoir water area mapping, all the pixels with water level were reclassified as
water pixels, and the rest were classified as non-water pixels. After the quality filtering and preprocessing
steps, SWOT product based water maps were ready for the reservoir area.

6.1.1.1. Water Extent Comparison Method

This study evaluated SWO'T product-based water maps against Planet water masks detected with Support
Vector Machine (SVM) classification, as produced in the earlier objective. The evaluation process utilized
several accuracy metrics to assess the performance of the SWOT-based water maps. The detailed description
and equations for the confusion matrix, recall, and precision are provided in the previous chapter. Since
the SWOT Lake Single Product is available in vector format, the Intersection over Union (IOU) metric was
additionally employed to quantify the overlap between the SWOT LakeSP-based water maps and the SVM-
based water masks. IOU is calculated as the ratio of the intersection of the predicted and actual water areas
to their union. This metric measures the spatial accuracy and agreement between the two sets of water maps.
By considering both the areas correctly identified as water and the areas of discrepancy, IOU offers a
comprehensive assessment of the effectiveness of the SWOT-derived water maps in capturing the true
extent of water bodies. An IOU value close to 1 denotes better accuracy.

6.1.2. SWOT product based water volume estimation

6.1.2.1.  Volume estimation considering single water level

SWOT Lake SP product was used for single water level based volume variation estimation. For all the
available timestamps of this product, had detected more than one polygon as the GER dam reservoir. Each
polygon had a distinct water surface elevation, uncertainty, and total area estimation. One polygon shares
most of the GER dam reservoir area among those polygons. Others share the very small area of the
reservoir. Therefore, to develop a single water level timeseries from SWOT Lake SP Product, the study
opted for an area-based weightage average of water surface elevation calculation. A similar method was
applied in a recent study by Hamoudzadeh et al., (2024), where they evaluated the performance of SWOT
LakeSP products for different water bodies. After developing one single water surface elevation estimation
for each timestep of the SWOT LakeSP product, the water level above the lowest level (WLALL) was
calculated. This lowest water level estimate came from Chapter 5, in which the lowest water level was detected from
the mean water level time series. 549.50 was the lowest water level from there. This was subtracted from all the
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SWOT LakeSP-based single water levels to determine the WLALL. After having WLALL estimation from
SWOT Lake SP, these estimates were supplied as input in the satellite observation based WVALL — WLALL
relationship based function, which was 1Volume U ariation = 0.02551 3+ 4.54491 >+ 18.703L (section 5.2.1.1).
WVALL has derived from SWOT LakeSP product based water height estimates as an output of the
function. These volume variation estimates were later plotted with satellite observation based volume
variation timeseries to evaluate the performance of SWOT LakeSP products performance.

Table 6-2. The attribute table of SWOT Lake Single Product for 2024-02-11, where three distinct polygons represent
the GER dam reservoir.

Time We Wse_u | Wser.u | Wse_std Area_total Quality_Flag
1121?12;409205 596.839 | 0.027 0.001 5.036 475.355617 1
112'1?12‘;}:-4092:;)6 597.725 | 0.082 0.080 0.094 0.014230 1

2024-02-
11T19:49:08 604.573 | 0.048 0.030 0.090 0.066042 1

6.1.2.2. Volume estimation considering the water slope
Unlike other radar altimetry products, SWOT water mask raster delivers water mask rasters with only water
pixels, each with an elevation value. This product is ideal for understanding and estimating the slope

considered volume variation.

Issues

The first quality flag-based filtering was catried out as part of the data preparation. As height estimates need
to be accurate, quality flags with only 0 and 1 were selected. Because of this filtering, a part of the reservoir
was lost for every timestep. Even though quality-based filtering was utilized, the data showed different

discrepancies.

e Offset in North Western Region

While availing the data, the SWOT water mask raster product was already transformed into a UTM36N
projection. However, while plotting it alongside other data products, it was found that the SWOT data
showed a slight spatial offset in the northwestern region. Therefore, the SWOT water mask raster was
georeferenced using ArcGIS Pro software with respect to designated high-resolution Plant Imageries.
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SWOT water mask raster Slight Spatial Offset in North — After Geo-Referencing
Western Region

Figure 6-1. SWOT Water Mask Raster Product visual comparison with Planet based reservoir boundary.
(eft) SWOT Water Mask Raster only, (middle) SWOT Water Mask Raster with planet reservoir boundary
shoing offset (right) Final Georeferenced SWOT Water Mask Raster.

o Water Elevation Outliers

With the georeferenced SWOT water mask raster product, water level variation above the Copernicus DEM
was computed. As the DEM was developed many years before the dam became operational, each water
clevation recorded in the SWOT water mask raster had to be higher than DEM pixel elevations. Because
the SWOT water mask raster was acquired recently, after the 4% dam operation period, by this time, the
reservoir was almost flooded. Therefore, the water height had to be higher than the DEM height.
However, while calculating the difference between SWOT water mask raster and DEM, it was found that
many water pixels show negative values. This means the SWOT water mask raster had lower values than
the DEM. Practically, it was not possible. Thus, outlier detection and removal were necessary.

For the outlier removal operation, the first difference between SWOT water mask raster and DEM was
calculated using a map calculator for every water pixel. The bottom 15t percentile value was identified for
every raster. After that, pixels with less than the bottom 15% percentile value were disregarded. This reduced
the negative value range for each raster. The pixels proximity to land water transitional zones was mostly
filtered out through this step.

Date wise Bottom 15th Percentile Value

10 Date Added Int Bottom 15th
20240205 20240211 20240226 20240303 20240324 20240407 Percentile

-15

20240205 35.33447266 -35.3347168
20

20240211 23.36737060546875 | -23.36844482
25

20240226 34.71105957 -34.71118774
30
. 20240303 38.65325927734375 | -38.65345764
3
40 20240324 22.10644531 2210655518
P 20240407 34.890625 -34.8918335

Figure 6-2. (left) SWOT Raster Master Date wise bottom 15% percentile values (right) Final list of assumed height
offset and 15 percentile values.
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e Height Offset Selection

Even after removing detected outliers, the SWOT water mask and Copernicus DEM difference based raster
showed negative values. Therefore, the lowest value of each calculated raster was identified, and then, using
the map calculator, this value was added as an offset with each pixel. After this step, the final raster was
ready for volume calculation. Table XX shows each timestep's designated height offset values and bottom

15th percentile values.

Volume Estimation with the Processed Raster

In the processed raster, only positive water height estimations were for each pixel. The pixel size of the
SWOT water mask raster was 100 meters. Therefore, the map calculator multiplied the pixel area by each
pixel value. This resulted in a raster with volume estimates at each water pixel. Later, each pixel value was
accumulated to calculate the total cumulative volume of the raster. This process was repeated for each
SWOT waster mask raster timesteps, which resulted in the volume variation timeseries above the DEM
from the SWOT water mask raster product. This volume variation timeseries was plotted together with
volume variation timeseries calculated from satellite observations to evaluate the SWOT product's

performance in volume estimation.

6.2. Results

6.2.1. SWOT products based water extent maps

Intersection Area 405,942,972 m*

Union Area 1,203,051,025 m*

Intersection over

Union (I0U) 03373

Figure 6-3. The validation of the product Planet and SWOT data. (left) Planet polygonised
reservoir extent, (right) SWOT_lake_SP polygon

The Planet data was first converted into a polygon to create this validation product. The SWOT product
was then compared with this polygon using the Intersection over Union (IOU) metric. The comparison, as
shown in the figure, indicates that the SWOT product does not perform well and fails to capture the entire

reservoir area accurately.
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Table 6-3. Table of Mean Accuracy Assessment Metrics

Product Overall Precision Recall F1 Score 10U
Accuracy
SWOT L2 Lake 0.3373
Sigle Pass ) ) ) )
SWOT L2 Raster 0.889008 0.715048 0.947426 0.814975 -
Mask
SWOT L2 Pix Cloud 0.78381 0.844581 0.865415 0.854861 -

Based on the accuracy assessment metrics, it is evident that the IOU metric for the SWOT L2 Lake Single
Pass is 0.3373, indicating poor performance due to its low value. In contrast, the other two products, L2
Raster Mask and L2 Pix Cloud, show much better overall accuracy with values of 0.889 and 0.783,
respectively. These high values indicate a high number of correctly detected water pixels and a low number
of misclassifications. When examining precision, which measures the ratio of true water pixel classifications,
SWOT L2 Pix Cloud outperforms SWOT L2 Raster Mask. The lower precision of the L2 Raster Mask can
be attributed to a slight offset in the northwestern region, which leads to misclassifications in that area.

Table 6-3 displays the accuracy assessment of three SWOT product: the validation product from Planet
data, the SWOT pixel cloud-based classification of water and non-water pixels, and the performance of the
classification results, indicating commission, omission, true negative, and true positive values. This
classification was run 50 times, resulting in an overall accuracy between 0.78 and 0.79, which is quite a good
range and demonstrates that the overall classification performs well. The other metrics are - precision
between 0.82 and 0.87, recall between 0.86 and 0.87, and an F1 score between 0.85 and 0.86. Precision,
which is the ratio of true positives to the sum of true positives and false positives, indicates the model's
accuracy in identifying water pixels while minimizing false positives. Recall, or sensitivity, which measures
the ability to identify actual positives, indicates the model's effectiveness in detecting true water pixels. The
F1 score, the harmonic mean of precision and recall, provides a balanced measure of the model's accuracy
by combining precision and recall into a single metric.

Although the classification performs quite well statistically, it shows some wrong classifications when
visually comparing both validation sets (Figures 6-4 and 6-5). They both show offset in the northwestern
region; therefore, some commission errors are visible in this region. Besides, the areas near the land-water
edge of the reservoir were not classified very well.

a7



SWOT_PixCloud (2024-02-05)
11.2 4
11.0 1
+ =
10.8
-
10.6
10.4 4
mr
[ 13] 10.2
13

35.0 35.2 35.4

W o

Accuracy Metrics after 50 Runs Planet Based Water Map SWOT Pixel Cloud Based Map Comparison with Validation Set

Figure 6-5. SWOT Pixel Cloud Product comparison with SVM based Planet water map

6.2.2. SWOT product based volume estimation considering single water level

Water Level Time Series (Radar Altimetry Observations with SWOT LakeSP)

)

GERD Reservoirs Water Levels from SWOT Lake Single Products
—8— Area Weighted Average

Elevation (m)

£ 8

8

2024-02-15 20040301 2024-0315 20240401 2024-04-15 20240501
Date

Date

em—Cadar Altimetry — s=—SIOT LakeSP Water Height

Figure 6-6. GERD Reservoirs water level from SWOT Lake Single Products (Left) and Water Level Time series
Comparison between Lake SP and Radar Altimetry (right)

The graph (figure 6-6) shows the plot of the area-weighted average, while the second graph compares this
data with the radar altimetry-based area time series. However, due to the lack of sufficient observations and
the absence of simultaneous observations, making a direct comparison is quite hard. An upward trend is
evident from the radar altimetry time series, with a noticeable drop from November to March. This trend
rises again in March and April before dropping once more. This rise in March and April is also observed in
the area-weighted average time series.
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SWOT LakeSP Based WVALL Timeseries Water Volume above Lowest Level over time
(Satellite Observation based WVALL with SWOT LakeSP Based WVALL)

REEel )

(WVALL) km3

bove Lowest Leve
L]

Dates w—Satellite Based — ew—=SWOT LakeSP Based

Figure 6-7. SWOT lakeSP based WVALL Timeseries (left) and Water Volume above lowest level over time (right)

The graph (figure 6-7) displays the water volume variation derived from the SWOT Lake Single product.
This was obtained by applying the height estimates from the SWOT Lake Single product to the satellite
based WVALL and WLALL relationship equation. The subsequent graph compares these results with a
satellite-based time series. However, interpreting this comparison is quite challenging due to the lack of
simultaneous observations. The satellite-based time series exhibits clear seasonality, with distinct patterns

that repeat annually.

6.2.3. _SWOT product-based volume estimation considering the water slopes

SWOT Raster Mask Product Based Water Volume Variation above DEM

* i

A~

4 - N | |
g e
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20240205 20240211 20240226 20240303 20240324 20240407
0 2352441.5m3

Figure 6-8. SWOT water mask raster product based water volume vatiation above DEM

The SWOT water mask raster product identified water elevation from each reservoir pixel. By utilizing this
data, it was possible to determine which portion of the dam contributes the most to the total accumulated
volume. After addressing the data discrepancies mentioned in the discussion section, the processed SWOT
water mask raster product was used for volume calculations. The difference between the Copernicus DEM
and the SWOT water mask raster estimated the water level above the DEM, resulting in a map of water
level variation across the GERD reservoir. Each variation was multiplied by the pixel area to estimate
volume changes at the pixel level, as shown in Figure 6-8.
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Water Volume above Lowest Level over time

(Satellite Observation and SWOT Raster Mask)
SWOT Raster Mask Product Based Volume Variations

(Above the DEM)

Water Volume above Lowest Level (WVALL) km3

20240205 20240211 202402 20240303 20240324 2024040

Water Volume above Lowest Level (WVALL) km3

Date
— Satellite Based o SWOT Raster Mosk Based

** Satellite based volume variation is calculated on top of a reference water level
** SWOT based volume variation is calculated on top of the Copernicus DEM Water Leve!

Figure 6-9. SWOT water mask raster product based volume variations (above DEM) time series and comparison
with Satellite based timeseries

Despite losing some observations during quality filtering, the overall volume variation timeseries map
indicates that the downstream section near the dam significantly contributes to the cumulative volume, while
upstream regions and land-water transitional zones contribute less. Despite higher water levels, the
northeastern part occupies less volume due to its terrain. The total reservoir volume variation was calculated
by summing pixel estimates, resulting in the timeseries plot in Figure 6-9. This was compared with the
satellite based WVALL. No clear trend is visible, but the SWOT water mask raster-based volume variation
rises after January, which is unusual compared to the 2020-2024 WVALL timeseries. Higher estimates in
the SWO'T water mask raster-based variation are due to different reference levels: it uses the DEM, while
WVALL uses the lowest water level. The DEM, produced before the dam's operation, had lower water
levels than the February 2020 altimetry data, making higher SWOT volume variations acceptable.

50



7. DISCUSSION AND CONCLUSION

This chapter provides an interpretation and relevance of the results presented in chapters 4 — 6. The
results are evaluated with previous research, and the possible causes of the unsatisfactory results are
investigated. The limitations of this research are also discussed in detail.

71. Water Extent And Water Level Variation Over Time

71.1. How does Edge Otsu Algorithm based water detection method perform in this study?

This study determined water extent using Sentinel-1 data, demonstrating good performance in mapping the
reservoit's water extent. However, while visually investigating the water maps throughout the timeseties, it
was observed that the classification results were less accurate during the pre-dam operation period. The
reservoir was fragmented into different sections. During this period, the raster histogram was highly
imbalanced, with more non-water pixels than water pixels. The edge Otsu method classification technique
classifies data based on thresholding the given raster’s histogram. This method was affected by the
availability of fewer water pixels in the raster dataset, which led to less accurate results and a fragmented
reservoir area.

A significant finding of this study is that the edge Otsu method, which determines the threshold for
classification based on the histogram of pixel intensities, was less effective in water detection when the raster
dataset has fewer available water pixels than non-water regions. The imbalance in the raster dataset resulted
in skewness in the pixel intensity histogram, on which edge the Otsu method detected threshold can not
result in a fine separation between water and nonwater pixel intensity values. As a result, misclassification
of pixels takes place. Therefore, fragmented reservoir regions were developed in the final map.
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Figure 7-1. Fragmented Sentinel 1-based Map of pre dam operation period
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71.2. How did water levels at virtual station observations change before and after the dam began operations?

Initially, before the dam operations, data from virtual stations indicated a significant difference in water
levels. Specifically, the Hydroweb 7837 station, situated downstream, consistently reported lower water
levels compared to upstream DAHITT stations. However, following the first operational phase of the dam,
Hydroweb 7837 water levels rose close to upstream DAHITI and G-REALM virtual stations observations,
while observations in upstream virtual stations did not rise much in this period. During the second filling
phase, water levels rose significantly for all the available observations, correlating with the reservoir's water
extent expansion. From this, it can be concluded that the height difference throughout different reservoir
sections tends to diminish with the filling operation. Unfortunately, continuous data from these sources was
unavailable during the third and fourth dam operational phases in 2022 and 2023. As a result, it was not
possible to determine if this trend continued in the subsequent filling phases.

71.3. What factors validate the highest water level observed in late 2023, according to ICESat-2 data?

The segmented observations from ICEsat-2 indicated higher water levels in mid and late 2023. Moreover,
the most recent radar altimetry-based height estimation, derived from ICESat-2, depicts the highest water
level observed among all other datasets. This observation is consistent with independent satellite-based
water extent data, which showed the largest area coverage during the same period. Moreover, abundant
rainfall in this period likely contributed to the dam's filling, which resulted in the highest reservoir extent
and water level observed. Therefore, despite the absence of similar water level observations during that
period, these factors support the high water levels from ICEsat-2 seem feasible.
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Figure 7-2. Monthly average precipitation — Evapotranspiration for the year 2023. Precipitation data was
collected from CHIRPS (Climate Hazards InfraRed Precipitation with Station) and Evapotranspiration data
was collected from WAPOR (Water Productivity Open Access Portal) for the reservoir region.
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7.2. Water Volume Dynamics Over Time

7.21. Why is there a notable difference between DEM-based and satellite-based volume estimations?

This study estimated the volume variation from DEM and satellite-based observations. This volume was
estimated using the Area—Elevation relationship developed from this source. DEM-based area—elevation
relationship agreed well with existing studies on the GER dam reservoir (Eldardiry & Hossain, 2021).
However, no existing studies are still available where this relationship was developed through satellite-based
observations. The computed volume from these two sources, DEM based and satellite-observation-based,
show good alignment between the estimations, but differences in values are evident, as indicated by an
RMSE of 2736.35 km?3. This discrepancy might have arisen from an unnoticed scaling error during volume
variation computation.

Another potential reason for the discrepancy is the noticeable slope of the reservoir, where water levels vary
across different parts of the reservoir. A single water level used for volume estimation does not capture this
gradient effectively. Unlike DEM-based contouring, which assumes uniform flooding across similar
elevations, satellite-based observations depict the actual variation in water extent. While comparing visually,
it was found that the DEM contouring based water extent was significantly greater than the actual extent.
This overestimation in reservoir extent was carried onto cumulative volume computation, potentially
contributing to the discrepancies in volume variation estimates between these two methods. A significant
find from this study is that for water bodies in topographical settings with evident elevation variations, DEM
contouring method-based area—volume estimates might result in erroneous output, which might not
represent reality.

7.2.2. Why did the modified DEM-based volume estimation not work well?

Water elevation variances in different reservoir portions made it difficult to estimate the water volume
precisely using a single water level. Therefore, this study attempted to correct the slope of the DEM to
minimize the difference in water height.

The study experimented with a simplified method involving two points for the correction — one located
upstream and one located downstream. However, this method proved inadequate for capturing the full
complexity of the reservoit's topography. Due to the oversimplification of the resetvoir topography, the
final volume computation resulted in an overestimation of aerial extent in elevation bands and, consequently,
higher cumulative volume estimates. The reservoir has some island mountains, which are located in
proximity to the downstream selected point. Due to two point-based corrections, the elevation of this high
land parts also got corrected and flooded in minimum water elevation. Those landforms flooded during the
3rd and 4% dam operation phases. DEM correction considering multiple points can be experimented for a
more accurate representation of reality. Unfortunately, the limitation of using only two points introduced
significant errors for this complex-shaped water body, highlighting the need for a different approach in
future studies.

7.3. Comparison of SWOT based Products with Other Satellite Observations

7.31. How does SWOT product based water extent detection perform in this study?

This study examined three SWOT products for water extent detection. Among these three, the SWOT Lake
single product performed worst with a 0.33 IOU value. It happened mostly because this product could not
capture the entire view of the reservoir due to its narrow swath, which led it to delineate only a portion of
the reservoir.

Although the SWOT pixel cloud product and SWOT water mask raster swath had the capacity to cover the
entire reservoir, when compared with Planet-based water maps, they reported moderate overall accuracy
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ranging from 0.78 to 0.89. Both products reported less accuracy than Sentinel 1-based water maps. However,
while visually examining, it was found that SWOT based products exhibited higher false positives in the
land-water transitional regions. This happened particularly due to their slight spatial distortion in the north-
western area. Similar distortions effects of SWOT Lake Single Products were reported in a study
(Hamoudzadeh et al., 2024c). The authors reported notable anomalies in detected water bodies in higher
altitude regions. This also seems feasible for this study as the GER dam reservoir is situated in a region with
a similar altitude.

7.3.2. Why does the SWOT water mask raster-based volume estimation tend to fluctuate more than the satellite
observation based estimations?
SWOT water mask raster was used to derive volume considering the slope of the GER dam reservoir.
However, while comparing these estimates with satellite based volume estimates, it was found that SWOT-
based volume estimates showed more fluctuations. This happened because of the difference in the water
extent in SWOT based calculations. The quality filter operation performed on the SWOT water mask raster
product reduced the actual extent of the water bodies. Therefore, the final volume was only calculated for
the available water elevation pixels, which resulted in lower volume variation than expected.
Additionally, in SWOT water mask raster-based estimations, the watet volume was calculated above the
DEM, where the water elevation was significantly lower than the reference water level used for volume
variation estimation with satellite based observations. Therefore, the SWO'T water mask raster based volume
variation is supposed to be higher than satellite-based. Although several water-masked regions were
excluded, the resulting volume variation remains within a similar range to the volume variation estimates
derived from satellite-observed height and extent.

74. Uncertainty of Using Products From Multiple Satellites For Estimations

This study utilized data from various satellites and sources, which led to inherent uncertainties in the final
results. These uncertainties arise from several key areas: water level estimates, water extent calculations, the
polynomial approximation of the area-elevation relationship, and the approximation of a single water level
for the GERD reservoir. Water level estimates can vary due to differences in measurement techniques of
radar altimetry and its instrument precision, while water extent calculations can be affected by different
speckle filtering, terrain correction, and shadow layover correction techniques. The polynomial equation
used to approximate the area-elevation relationship depends on the quality and number of data points, and
using a single water level for the entire reservoir introduces simplifications that might be distant from reality
and lead to errors. Similar sources of uncertainty have been reported in previous studies (S. Zhang et al.,
2014), where they calculated uncertainties from ICESat storage estimation errors, which resulted in less than
10% uncertainty. Additionally, preprocessing steps for SWOT data, including outlier removal techniques,
height offset approximation, spatial offset approximations, etc., could contribute to the final estimation
uncertainty. The author is aware of these uncertainties in the final estimation, but statistical evaluation of
these uncertainties was not carried out due to limited time constraints.

7.5. Conclusion and Limitations of the Study

This study attempted to estimate the GER dam reservoir water extent, water level, and water volume
variation in different operational phases using a combination of satellite products. Reservoir extent variation
was mapped with Sentinel 1 data using an unsupervised method called the edge otsu algorithm. The output
maps were in good agreement with the validation sets consisting of Planet and Sentinel 2 based water maps.
The study utilized different SWOT satellite based products to estimate the reservoir extent as well. Among
these products, SWOT Lake Single Product performed worst, while SWOT waster mask raster and SWOT
pixel cloud product based reservoir extent were quite representative and moderately agreed with the
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validation products. Subsequently, the volume variation in different dam operation phases was estimated
using satellite-based observations and the DEM contouring-based method. Estimates from these two
methods showed higher correlation but had significant differences in value. A DEM slope correction
method was utilized to minimize the effect of the water slope present in the GER dam reservoir. However,
as it was corrected based on only two points, the estimated volume was not representative. SWO'T satellite
products showed promising results in estimating the volume variation. SWOT Lake single product based
height estimates were used to determine volume from a single water level, while SWOT water mask raster
was used to compute volume variation considering the water slope. Though there were no temporally
collocated data with SWOT observation to validate the volume estimate, the volume variation estimates
from SWOT products seemed promising, showing almost the same trend as the volume variation estimates
from satellite-based observations. Despite these results, this study has several limitations that need to be
addressed. Which are:

7.51. In-situ Gauge Data Unavailability

The Grand Ethiopian Renaissance (GER) Dam reservoir is a geopolitically sensitive water body due to its
strategic importance and the potential for regional impacts on water resources. As a result, reservoir
monitoring gauge estimates, which provide critical data on water levels, are not publicly available. Therefore,
radar altimetry-based estimated water levels could not be validated. The inability to validate radar altimetry
and SWOT based water level data with in-situ measurements reduce confidence in the satellite observations.
Potential errors in the satellite based estimates might have gone undetected, leading to uncertainties in the
estimated water level and volume variation time series.

7.5.2. Temporal Discontinuation of Altimetry Based Water Height Databases

For this study, most radar altimetry observations were collected from altimetry based water heights databases
(dahiti, hydroweb, G-REALM). Unfortunately, the water height observations for the GER dam resetrvoir
were unavailable throughout the study phase. Almost all the stations discontinued observations from mid-
2022 onwards. Therefore, it was not possible to develop water level variation timeseries for all the GER
dam reservoir filling phases. Moreover, if the data for the whole time series were available, the developed

polynomial relationship might report fewer errors than the current one.

7.53. Unavailability of Optical Images in Dam Filling Periods

Planet and Sentinel 1 data, used as validation sets in this study, were a monthly median composite of the
designated months. As the dam-filling months are mostly rainy season-oriented and these months have the
most cloud presence in the satellite scenes, the cloud-free best monthly composite was the best approach
to obtaining observations from these sources. These monthly composites were compared against single-day
observations from Sentinel 1 and SWOT. This might have resulted in unwanted bias in the accuracy
assessment metrics.

7.54. Delayed of SWOT Satellite Products Publishing

SWOT Science orbit-based data products were supposed to be available from August 2023. However, all
the data products for the study area were available only from February 2024 onwards. Data from August
2023 to January 2024 is still unavailable in the study area. Therefore, the SWOT estimates did not have a
temporal match with any other radar altimetry observations, and it was not possible to validate the results
of SWOT products directly.
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7.5.5. GER Dam Reservoir Extent

Grand Ethiopian Renaissance Dam reservoir extent is not universally defined, which creates variability and
subjectivity in its delineation. The dam reservoir is expanding with different filling operation phases in the
upstream regions of the north-eastern and southern sections. Therefore, the boundaries in these regions can
be subjective. Having different boundaries from other studies might result in differences in results.

7.5.6. Temporally Co-located Water Extent and Water Level

This study matched Sentinel 1-based water extents with a 21-day mean of radar altimetry based water level
timeseries based on the temporal nearest neighbor method. Due to a lack of temporal revisits of radar
altimetry based observations and discontinuation of observations, exact data-wise matching with water
extent timeseries was not possible. However, the water body is very dynamic, and its extent and height could
change quickly. Though this method resulted in a workable solution to match the extent and water level
temporally, it has also introduced potential inaccuracies that might differ from reality.
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8. ETHICAL CONSIDERATIONS

This study aimed to estimate the volume variation in the GER Dam Reservoir by utilizing freely available
global data sources. It is essential to mention that this research did not involve any primary human
involvement in data collection. Instead, it heavily relied on gathering information from various freely
accessible sources to analyze and understand the changes in the dam reservoir volume. For instance, all the
satellite imageries used in this study were collected from the Google Earth Engine platform. The associated
scripts to download these data products are submitted to ITC and will be available upon request. Besides,
the altimetry-based products were downloaded from the NASA PODAAC data server using Python API.
The timeseries of water elevation datasets were retrieved from the databases of Hydroweb and DAHITL
Therefore, this study does not have any privacy concerns.

The downloaded raw datasets went through several processing and transformation stages to ensure data
harmonization in terms of spatial and temporal context. All the processing was also done through Python
to be easily reproducible. I understand the geopolitical sensitivity of this study. Therefore, reproducibility
was given utmost importance for every possible output of this study. Any interested parties can reproduce
the outputs from this study using the Python scripts provided.

Disclaimer About AI Usage

During the entire period of my thesis, I used ChatGPT to understand challenging topics and took assistance
in developing Python code snippets for data processing. I also used the Grammarly tool to refine my
spelling, grammar, sentence structure and paraphrasing throughout the writing process.
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APPENDICES

The figures with maps are added in this section with larger size and better quality for better understanding

of the usets.
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Water Extent Variation Over Time
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GERD Reservoir Water Level Timeseries from Satellite Altimetry Observations
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SWOT Water Mask Raster Comparisonwith Planet Based Water Map

SWOT Raster Mask vs Planet Water Mask
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SWOT Pixel Cloud Product Comparisonwith Planet Based Water Map
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SWOT Lake Single Pass Product Comparisonwith Polygonised Planet Reservoir Boundary
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SWOT Raster Mask Product Based Water Volume Variation above DEM
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SWOT Pixel Cloud Data Products Quality Flags

Decimal Classification_qual Meaning

1 no_coherent_gain The coherent gain from the coherent
power computation is less than 1

2 power_close_to_noise_floor The coherent power is near the
estimated noise (low SNR)

4 detected_water_but_no_prior_water | Water was detected but the prior
water probability is low

8 detected_water_but_bright_land Water was detected, but the prior
bright-land flag was nonzero

16 water_false_detection_rate_suspect | Water was detected, but both the
estimated false detection rate is high,
and the prior water probability is low

2048 coherent_power_suspect At least one rare power value used to
compute the coherent power is
marked suspect, or the coherent gain
is less than 1.

8192 tvp_suspect At least some of the ephemeris or
attitude information used for
processing is marked suspect

16384 sc_event_suspect A spacecraft event such as a
maneuver, eclipse transition, etc. may
affect the interferogram quality.

32768 small karin_gap There is a small gap in the raw KaRIn

HR data; a measurement is still
computed, but it may have lower
quality
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262144

in_air_pixel_degraded

The pixel/range-bin does not
intersect the Earth’s surface for the
corresponding range (hence it is in
the air)

524288

specular_ringing degraded

The interferogram quality is degraded
due to range point-target-response
side-lobe ringing from a bright target

near nadir.

134217728

coherent_power_bad

Both rare power values used to
compute the coherent power are
marked bad, or the coherent power
fails sanity checks.

268435456

536870912

tvp_bad

At least some of the ephemeris or
attitude information needed for
processing is marked bad

1073741824

sc_event_bad

A spacecraft event such as a
maneuver, eclipse transition, etc.
likely makes the interferogram
quality poor

2147483648

large_karin_gap

There is a large gap in the raw KaRIn
HR data, or there is no KaRIn HR
data at all; a measurement is not

computed.
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