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CHAPTER 1
INTRODUCTION

1.1 General Introduction

Water is a life-sustaining resource for all organisms. As much as nature share the value of water
with human being it cannot supersede how human have become dependent on water for drinking,
sanitation, farming, mining, and other industrial purposes such as power generation. Water is
perceived as a vital component in the fight against poverty, the foundation of any successfully
growing and developed country is also measured on water and sanitation provision (Basson et al.,
1997). The water law in South Africa stresses that essential human and ecological necessities must
be given (DWAF, 1998) and that the misuse of water from all perspectives should be feasible
(New, 2002).

South Africa is one of the nations in the globe receiving less than 500 mm of mean annual rainfall
(Dallas & Rivers-Moore, 2014). According to the Department of Water and Sanitation Master plan
2017/18 report: water security is a critical challenge directly facing South Africa which affects the
social welfare and economic growth of the country. Urbanisation, population growth, degradation
of wetlands, decrease in rainfall, and water losses are all estimated to increase the current water
scarcity. The degree of water availability and other dependencies, such as the availability of
potable water and sewerage system and contamination of the water supply, affect the country's
economic development (Meissner et al.,2018). When the interest in water use increases due to
pressure in human population and improvement in economic activities, the ecosystem of water
bodies will keep on decaying except if they are overseen in a maintainable manner. The
outstanding expansion in the entire population, the continued refinement of its necessities and the
application for the support of the current way of life, and the cycle of industrialisation have not
exactly come about in tremendously expanded pressing factor and exhaustion of water asset,
however, they have likewise caused the current day era of enormous amounts of waste (Strydom
et al., 2009).

The physicochemical properties, as well as biological components such as algae, are used to
determine its quality, physical condition (e.g., temperature), and microbiological composition
(Matthews et al., 2015). Poor water quality is likely to cause waterborne diseases which can
endanger human health and safety, reduced visibility with negative economic impacts that cause
the cost of treatment to increase (Matthews et al., 2015). Both the quality and quantity of water
are required to meet essential needs and to be shared amongst industry, agricultural and ecosystem
regimes (Matthews et al., 2015). Nitrates such as (fertilizers, septic systems, animal feedlots,
industrial waste, and food processing waste) are a major factor in the degradation of water quality
(Shabalala et al., 2013). Disintegrated natural carbon and pathogen-inducing chemicals, as well as
salts and warm pollution from the oceans, are expected to be compounded by rising temperatures
and longer periods of low flow (Bates et al., 2008). Freshwater habitats in the country are also
being affected by climate change, which has direct effect on the quality of water (Dallas & Rivers-
Moore, 2014). A change in the quality of water and its temperature influences the solvency of
oxygen and the different gases, toxicity, reaction rates of chemical and microbial activity (Dallas
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& River-Moore, 2014). A decrease in the concentration of dissolved oxygen, especially in respect
of joined impacts of high temperatures and low streams is averse to aquatic organisms including
amphibians (Dallas & Day, 2004). Water quality changes with time and seasons as variables such
as turbidity, nutrients, and phosphorus respond to more rainfall events with sediments washed in
from the catchment (Oberholster & Ashton, 2008). According to Dallas and Rivers-Moore, the
freshwater in South Africa is currently enhanced from moderate to high eutrophic levels. The
effects in further changes in nutrient loads and nutrient cycles may bring about increased algal
development, changes in eutrophic conditions, increased frequencies of cyanotoxins that influence
human well-being contrarily. In South Africa, most eutrophic waterways and reservoirs have
predominant phytoplankton genera, cyanobacteria Microcystis sp. and Anabaena sp (Dallas &
River-Moore, 2014).

The freshwater quality of the available sources has deteriorated because of rising pollution by
mining, agriculture, afforestation, urbanization, and industry such as power generation
(Oberholster & Ashton, 2008). Monitoring water quality is critical to detect any current or potential
problems, especially considering the rising pollution levels in our water resources. Monitoring
water quality can also reveal any long-term patterns or changes in water bodies (Wang & Yang,
2019) while weak monitoring systems pose a high risk to decision making and planning due to a
lack of data and information, government, and businesses such as water boards are required to
meet a range of water quality goals (DWS 2017/18). Therefore, new monitoring technologies and
improving data management need to be adopted. However, biological, and chemical analyses of
water quality utilising in-situ water samples and monitoring are expensive, consume time, as well
as labour-intensive, and carry the risk of one slipping off into the reservoirs accidentally (Dube et
al., 2015). Due to the constraints of traditional in-situ sampling methods, satellite image processes
enable the utilisation of remote-sensing data for vast and long-term water quality assessment
(Wang & Yang, 2019). Remote-sensing techniques have progressed from the limitations of the
multispectral sensors to hyperspectral sensors, achieving maximum regression and the production
of detailed water quality mapping in a less time and labor (Wang & Yang, 2019). Satellite imagery
in water allows for the determination of water bodies' physico-chemical (temperature, turbidity,
color, salinity, pH, and dissolved oxygen) and biological (bacteria and algae) features (Dube et al.,
2015). Although it is costly to use remote-sensing methods for observing huge bodies with high
temporal coverage at a reasonable level of accuracy (Chawla et al., 2020). Recent research in many
parts of the world involving water quality have made use of data from remote sensing, Pizani et
al., 2020 compared the performance of Sentinel-2 MSI and Landsat-8 OLI sensors to produce
multiple regression models of water quality parameters (chlorophyll-a, Secchi disk depth,
turbidity, and temperature) in a hydroelectric reservoir in Brazil. The results showed that optical
active parameters yielded strong regression models from both the Sentinel-2 and Landsat-8
sensors, all with R?> > 0.75. Another study was conducted in Lake Chad to test suitability of
Sentinel-2 Multispectral Imager’s (MSI) data for mapping different lake water quality parameters
( chlorophyll- a (Chl a), water color, colored dissolved organic matter (CDOM) and dissolved
organic carbon (DOC) .They were able to show that there is good correlation between band ratio
algorithms calculated from Sentinel-2 MSI data and lake water parameters like Chl a (R? = 0.83),
CDOM (R? = 0.72) and DOC (R? = 0.92) concentrations as well as water color (R? = 0.52) (Buma
et al., 2020)
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1.2 Problem Statement

The quality of water must be monitored and assessed on a regular basis to sustain the water
resource management. The Vaalkop Dam in the Province of North-West is crucial for balancing
and conserving water for urban and rural usage, farm management and aquaculture (DWS, 2012,
Swanelpoel et al., 2017). Hartbeespoort dam is bounded by mines and agricultural activities which
have given rise to the increase of mining towns (Davis, 2017). Due to the expansion of the
population which led to the demand for water for commercial farming, the amount of sewage
entering the dam has caused excessive contamination of water (Ashton et al., 1985). The cause of
water pollution such as nutrients influx from the rivers, led to the development of algal blooms
and an increase rate of eutrophication was identified in the Hartbeespoort dam (Harding, 2008).
Through a framework of canals within the lower waterway, the Hartbeespoort dam can moreover
bolster the Vaalkop dam. However, the water abstraction from the Vaalkop Nature Reserve dam
consists of tremendous concentrations of cyanobacteria, cyanotoxins, heavy metals, and
infestation of water bodies with hyacinth (Swanelpoel et al., 2017). The presence of emerging
contaminants from upstream Wastewater Treatment Plants further adds to poor water quality and
fertilizers from commercial farming through eutrophication and development of algal blooms
(Swanelpoel et al., 2017). The relationship between the dams is that the entrance of chemically
enriched water through the canal from the Roodekopjes dam which receives water from
Hartbeespoort Dam adds to the causes of reduced water quality in the Vaalkop Dam (Swanelpoel
etal., 2017).

The quality of water utilised for residential use and other purposes, and the security of water assets,
especially in a water-scarce nation as South Africa, is fundamentally everyone's concern and ought
to be overseen concurring to scientific standards (DWAF,1998). The national government has
executed controls and approaches to provide secure water to all, but a few water supplier entities
a municipality getting bulk water from State-owned entities have not fundamentally caught up
with the national rules. The small compliance rate is mostly due to certain reasons such as skill
shortages, under-resourcing, need of understanding of required measures, need of intercession to
address issue zones, lacking administration, and impediments on accounts, resources, and
monetary responsibility (Du Plessis, 2006).

The water quality monitoring of the dams has for longest time been conducted at fixed points i.e.,
dam wall, and these using the in-situ water sampling method, which is costly, time-consuming,
and very labour-intensive (Dube et al., 2015). Consequently, there is now a requirement to assess
the usability of methodologies that allow for routine water quality assessment at a lower cost and
bring value to water resource management decision-making. Water quality monitoring techniques
based on remote sensing are seen as cost-effective ways to monitor water quality since they enable
for continuous monitoring of small to large areas in a reasonable amount of time (Somvanshi et
al., 2012).
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1.3 Aim and Objectives

13.1

Aim

This research report aimed to assess the feasibility of integrating remote sensing and in-situ
measurements in the water quality assessment in the Vaalkop dam. To compare Landsat-8,
Sentinel-2, and in-situ data in mapping the quality of water in Vaalkop Dam.

1.3.2
>

Objectives

To test the effectiveness of Sentinel-2 and Landsat-8 data and Support Vector Machine in
mapping water turbidity and chlorophyll-a in the study area.

To compare the performance of Sentinel-2 and Landsat-8 bands in detecting and mapping
water turbidity and chlorophyll-a.

1.4 Outline of the research report

The report was organized in to five chapters:

>

>

Chapter 2: The literature review which focused on multispectral remote sensing water.

Chapter 3: This report described the study area, how data was collected and processed, and
how forecast models were developed for turbidity and chlorophyll-a.
Chapter 4: The results of the research in a comparative manner.

Chapter 5: Focused on discussion, conclusion, the research's limitations, and
recommendations

Chapter One

Introduction

Chapter Two
Literature Review

Chapter Three

Study Area Methods Methodology

Chapter Four

Results

Chapter Five
Discussion, Conclusion Limatations And
RCL’UI’HH’IL‘.IH‘-‘“OH’.

Outline of the research report showing the sequential workflow that was followed
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CHAPTER 2
LITERATURE REVIEW

2.1 Factors affecting water quality at the source

Water quality is a term that refers to the chemical, physical, and biological characteristics of water
in terms of its suitability for a specific purpose (Bartram, 1996). Most studies have shown that
water quality is impacted from agriculture, waste treatment, and industrial discharges, or naturally
(Dutta et al., 2005; Ogleni & Topal, 2011). The magnitude of the effects of human actions on
freshwater varies by region. Changes in water quality have an impact on both people and
ecosystems (Wagner et al., 2013). Water contamination and inefficient utilisation of freshwater
would cripple any form of life and any development endeavours. For instance, inadequate water
quality results in a variety of financial costs, including corrupt practices of environmental
administrations, wellness expenses, implications on financial activities which including
agribusiness, mechanical generation, and leisure, increased water cost of treatment, and decreased
land values, and many others (UNESCO, 2012). The Vaalkop dam receives water from the Hex,
Elands, and Crocodile Rivers. The following sections discuss the variables that impact quality of
the water at the source.

2.1.1 Natural Factors

Climate change, algal bloom, high nutrient loading, siltation, and hyacinth infestation of water
bodies are all natural elements affecting the quality of water at the source, dam, or river. There are
secondary problems such as eutrophic water from the decomposition of aquatic plants hence
depleting the water dissolved oxygen (Ashton et al., 1985). Eutrophication is a result of natural
and human interference, natural processes of eutrophication are controlled by the topsoil
composition, local geology, and natural environmental factors of the catchment (Walmsley, 2003).
Climatic condition among the Crocodile (West) Marico water management area is temperate and
semi in the east to dry in the west. Temperature variations in the area are minimal meaning that
Hex River does not experience serious variations in water temperature except additional heat or
cold is added by anthropogenic (Du Plessis, 2006).

2.1.2 Human Factors

A growing threat to water resources and biodiversity has emerged from human-induced river
pollution. As water quality declines, this may have adverse effect on human health and negative
impact on the economy, particularly in agriculture and industries. Disease-causing microbes can
be found in tainted drinking water that can cause waterborne illnesses such as cholera and other
gastrointestinal issues (Ashton et al., 2008). Even though the waterways have a self-
decontamination limit, this limit has been altered caused by human activity in the stream
catchment, prompting its eradication of such an important biological system (Smith, 2003).
Surface water is generally exposable to contamination on account of its effective openness for the
removal of wastewaters. The anthropogenic impacts also increase the exploitation of the water
resources caused by agricultural, mining, industrial, and urban activities (Samarghadi et al., 2007).
The human factors that affect water quality are agricultural activities, heavy metals from the
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mining industry, and wastewater treatment work (Ashton et al., 1985. As a result of agricultural
fertilizer runoff, vegetation and periodical algal blooms emerge, degrading the oxygenation regime
and resulting in deteriorated water quality (Strydom et al., 2009). Mineral waste flows into surface
waters near mining operations pose a significant danger of contamination (UNEP, 2010).
Underground stopes and explosive residues have been shown to have adverse effects of varying
intensity on water surfaces due to many platinum deposits as there are several mines around
Vaalkop Dam catchment mined by different mining companies (Hamann, 2003). The tremendous
concentration of lead and cadmium was detected in the Crocodile River which feeds both dams
with water (DWS, 2018).

2.2 Water Quality Monitoring

Freshwater is quickly becoming the world's most pressing natural concern. The world's population
is currently expanding, and fresh water supplies are limited while consumption for the resources
rises (Hinrichsen &Tacio, 2002). As the demand for the resources continues to increase it tends to
be overused and becomes difficult to monitor, leading to depletion and pollution of surface and
groundwater (Hinrichsen &Tacio, 2002). All kinds of life and development can be adversely
affected by water pollution, which has an indirect effect on economic costs, health-related costs,
property values, and the cost of water treatment (Kapalanga, 2016). Therefore, the continuous
monitoring of the quality of water is essential to the preservation of freshwater resources (Kannel
et al., 2007).

The focal goal of monitoring water resources in South Africa is to ensure the adequate and effective
use of water to assist the proper and sustainable social and economic advancement (Du Plessis,
2006). To manage water requires that the accessible water be managed appropriately, designated
reasonably and that the nature of accessible water is secured. Polluted water must be cleaned and
ensure the quality of water resources should not be compromised (Barnard, 1999). Physical and
chemical characteristics have been used to assess the quality of freshwater systems using a variety
of approaches around the world (Adokole et al., 2003). Most researchers have recently added
techniques for assessing water quality particularly in the use of remote sensing (Hansen et al.,
2015).

2.3 Remote Sensing of Water Quality

Based on remotely sensed reflectance, remote sensing can be used to determine the physical,
chemical, and biological aspects of water bodies (Dube et al., 2015). Broadband reflectance
correlations with water characteristics including chlorophyll-a concentrations and total suspended
sediments have been employed in the 1980s to evaluate the inland water quality via satellite remote
sensing (Mancino et al., 2009). The use of satellite images to assess water quality in Africa appears
to be under-researched (Dube et al., 2015). Continuous water quality monitoring is made possible
using remote sensing data (Ritchie et al., 2003). There has been some success in measuring
chlorophyll-a using the remote sensing ratio of near-infrared (705nm) reflectance to red (670nm)
reflectance. Other investigations have identified a substantial positive association between
suspended sediments and spectral radiance (Masocha et al., 2017). Remote sensing data was
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utilized to develop an algorithm for assessing reflectance of chlorophyll-a, turbidity, and other
water pollution elements in this study.

2.4 The use of Multispectral Data for Monitoring Water Quality

Landsat-8 multispectral sensor (USGS) is overseen by the United States Geographical Survey
(USGS). Landsat information congruity mission (LDCM) completed data collection, which started
with the launch of Landsat 1 in 1972 and provided a more thorough explanation of the sensor's
features (Roy et al., 2014). A Landsat-8 instrument called Operational Land Imager (OLI) was
launched in 2013 with a resolution of thirty meters (15 meters for panchromatic) and a revisiting
time of 16 days. It tries to keep the Landsat earth observation program's data stable (Mandanici &
bitchli, 2016). Using a 185-kilometer sweep area, Landsat-8 operates as a push-broom satellite
sensor. From the near-invisible to the shortwave infrared, there are nine bands on the operational
land imager (OLI). One band is consistent with previous Landsat sensors, but the other two are
brand new. Infrared cirrus band and deep blue seaside/airborne band are the two. Landsat-8 also
has a thermal infrared sensor (TIRS). Temperature measurements are made using infrared bands
10 and 11. For the first time ever because of Landsat's addition of two thermal bands, a wide range
of thermal applications have opened. For each red, blue, green, and wavelength, and the blue-green
ratio, OLI RRS values were comparable with in situ values for the OLI sensor, demonstrating
OLI's suitability for surface chlorophyll-a monitoring in nearshore coastal waters of Santa Monica
Bay. Between the OLI and in situ Rrs values, an R? value of 0.78 was found, indicating a strong
correlation between the two data sets (Trinh et al., 2017).

Europe's Space Agency (ESA) runs Sentinel-2 (ESA). As part of the Copernicus program, earth
observation satellites were to be used to monitor agriculture and forestry (Drusch et al.,
2012Sentinel-2A and Sentinel-2B were launched into orbit in 2015 and 2017, respectively. The
sensors can only have five-days intervals between visits. The spectral resolutions of Landsat-8 and
Sentinel-2 vary greatly. The spectral resolutions of Landsat-8 and Sentinel-2 vary greatly. It also
scans the Earth at the same time as Landsat-8 so that historical comparisons can be made. Landsat-
8 records information using only eight bands, but Sentinel-2 has thirteen. Although these bands
have the same names as their Landsat-8 counterparts, they do not include thermal infrared bands.
Using two identical multispectral sensors (MS) on two separate satellites (Sentinels 2A and 2B),
the Sentinel-2 mission can collect data in thirteen bands with varying geographical resolutions
(between 10m and 60m). It is designed to keep the SPOT missions running smoothly (Mandanici
& bitchli, 2016). The ability to map and analyse water quality is one of the advantages of using
high spatial resolution sensors (10-60 m) for purposes of monitoring coastal and inland waters
(Vanhellemont & Ruddick, 2015). Sentinel-2 MSI data were utilized to map a variety of lake water
quality metrics. Based on Sentinel-2 Level-1C and Level-2A imagery, in situ chlorophyll, colored
dissolved organic matter (CDOM), and dissolved organic carbon (DOC) data were gathered in
nine lakes (Toming et al., 2016). For example, Chl a (R?=0.83), CDOM (0.72), and DOC (0.92),
as well as paintwork (0.52), were shown to be strongly linked to band ratio algorithms estimated
from Sentinel-2 MSI findings (R? = 0.92).

When using Landsat 7 and 8 and Sentinel-2, there are several ways to determine a chlorophyll-a
concentration of water bodies. Methods such as these use a ratio of the red and infrared bands, as
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well as a ratio of the green and blue bands (Allan et al., 2007; Turner, 2010). As a result of the
study of Vaal dam's chlorophyll-a concentrations and water turbidity, Landsat-8 and Sentinel-2
have proven to be especially useful for mapping chlorophyll-a concentrations, as high R-squared
values were obtained. Sentinel-2 and Landsat-8 are therefore excellent tools for monitoring water
quality (Bande et al., 2018). With an accuracy of 0.98 discovered for this study using Landsat-8
over Olushanga Dam, Landsat's estimation ability is clearly outstanding (Kapalanga, 2015).
Landsat-8 bands 2 and 5 were also found to be correlated with suspended sediment concentrations
through regression and algorithms were developed for the calculation of these bands. More ocean
and coastal water can be monitored with these two sensors because of their improved radiometric
quality.

2.5 Remote sensing's challenges and benefits for water quality

In the past, government agencies have been unable to collect sufficient samples for long-term water
quality monitoring because it was too cumbersome and expensive (Schaeffer et al., 2013). Whether
you have an ambitious sampling plan, you may only be able to sample a small portion of a water
body's total area. In many cases, measurements are taken in a small area, so the results may not be
accurate. One-day samples cannot accurately represent the water quality over a week, month, or
season. Since the sampling is too small to accurately measure changes in water quality, it is used
instead (Schaeffer et al., 2013). Using satellite remote sensing, one can assess the long-term
viability of watershed habitats and their services under current and future land-use practices. It is
best to monitor the environment on a large scale to ensure that management activities are efficient.
Satellite technology makes it possible to monitor water quality on a local and global level.

Using direct solar radiation, which is absorbed or scattered by the water column's constituents, it
is possible to calculate water quality parameters by satellite. Water-leaving radiance is reflected
into the atmosphere by the radiation. To calculate reflectance, one divides the amount of reflected
radiation (W m-2) by the amount of direct sunlight absorbed by the sea surface. To derive the
ocean color signature, remote sensing reflectance is used to incorporate the spectral absorption and
backscattering properties of all materials present in the water column (Coble et al., 2004). These
physical descriptions are inaccessible to managers and policymakers who lack specialized
knowledge.

2.6 Regression models for Water Quality Assessment

Statistical regression methods consist of two techniques - parametric methods, which show a direct
relationship between water quality measures including chlorophyll-a and band ratios/indices, and
non-parametric regression, which describes regression models generated from training data (Mao
et al., 2019). Machine-learning regression methods are nonparametric non-linear statistical
methods. Using regression analysis, researchers have been able to show connections between
sensor spectral reflectance and field water quality metrics (Mushtaq & Lala, 2017). Choosing a
regression method and independent variables that provide an R? value between 0 and 1 is the key
to performing an efficient regression study (Mushtaq & Lala, 2001). To deal with the problem of
nonlinearity in water quality results, some studies have investigated the prediction of water quality
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parameters using machine learning models (Bande et al., 2018). Multispectral data at medium or
fine resolution can be used by more complex algorithms to monitor water quality at a smaller scale,
according to (Dube et al. 2015). Only a few studies have utilized remote sensing data to estimate
coastal or ocean water quality using machine learning algorithms such as random forest and
support vector regression (Kim et al., 2014). The ability of SVR to overcome issues of high
dimensional data and limited samples, makes it have more benefits than other machine learning
approaches (Banadkooki et al., 2020). Water quality field measurements are tedious, labour-
intensive, and expensive, so samples are generally small. Consequently, regression methods with
high precision with limited samples are preferred
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CHAPTER 3
MATERIALS AND METHODS

3.1 Study Area

The Vaalkop Dam is located fifty-five kilometers from Brits in the Province of North-West, within
Bojanala Platinum District Municipality. The study between the Hex River and Elands River in
the Bushveld Basin Aquatic Ecoregion which is also part of the Crocodile basin (Swanelpoel et
al., 2017). The Bojanala Platinum district municipality has the most platinum group metal reserves
in the country which makes up 80% of the world’s reserves (Steyn, 2006). Vaalkop Dam is within
the nature reserve and has a surface area of about 110 ha and 11.4 M deepness at the dam wall
(Swanelpoel et al., 2017). When Vaalkop Dam was built in 1972 the main purpose was to serve
municipal water supply through Magalies Water treatment works, industrial uses, and irrigation,
it was then expanded in 2018 to meet supply water demand for the mining operations within the
area (Swanelpoel et al., 2017). The dam is an appealing site for boating, fishing, bird watching,
and angling. Along the Eastern side of the dam, there is a private residential area developing into
a small estate called Bushwillows game farm, 70% of the property owners used the area as holiday
houses and 30% are retired couples. The North-West Parks Bird Sanctuary, an 800-hectare section
of the reserve, also lies along this leg of the dam. The district’s land area focuses on commercial—
land farming, commercially irrigated, and subsistence dry-land farming. Along the Vaalkop dam
the mixes-crop farming such as maize, sunflowers, and lucern is dominant and herds of cattle that
belongs to the village dwellers (Ellison, 1990). The area received an average of 300 to 700
millimeters of rain per year. In the summer, temperatures range from 22 to 34 degrees Celsius, and
in the winter, dry, sunny days are interspersed with frigid nights. A day's temperature might
fluctuate from 2 to 20 degrees Celsius on average in the winter (May to July). According to a
species diversity report (Swanelpoel et al., 2017), the Hex River part of the dam has a concerning
poor water quality. The inflow of synthetically enhanced water through the canal from
Roodekopjes Dam additionally adds to poor water quality in the Vaalkop Dam.

The Bojanala Platinum District, according to the 2016 community census, is marked by significant
population expansion, with a present population of approximately 1.7 million people (StatsSA,
2016). The Vaalkop Dam is crucial for balancing and storing water for the basin's population, as
well as supporting farmers and nature reserves. The dam also provides water to the municipality
of Thabazimbi and mines in Limpopo. Assessing the quality of the dam's water, as a result, is
critical to ensuring that it does not further deteriorate and to minimising the adverse effect on
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human, animal, and environmental health. Farmers that rely on the dam water will be unable to
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produce and supply essential food products to the market.
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Figure 1: The research area is shown on a map of the Bojanala district in the North-West Province
(Generated using ArcGIS 10.6.1 version).

3.2 Methodology

3.1.1 Sampling Data Acquisition

On the 28th of October 2020, just after the dry season, 108 samples were collected in 27 different
locations at Vaalkop Dam, and a Global positioning system was utilised to capture locations from
each sample site. Samples were gathered 300 mm below the water's surface using a 5-liter bucket
tied with a rope which were then placed in high-density sterile bottles and refrigerated to 3°C to
5°C. Ground information was collected from 27 sample sites in various parts of the Vaalkop Dam.
The sample areas in the dam were carefully selected to consider the effects of the major rivers
flowing into the dam from the surrounding areas. Locations have been chosen based on farming
abstraction locations and water hyacinth population increase. Sample locations in the canal were
at the dam's entry point. An ISO-certified Magalies Water laboratory determined physicochemical
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characteristics for the purpose of investigating possible relationships between dam water quality
and water characteristics. Physio-chemical water quality parameters such as chlorophyll-a,
turbidity, colour, hardness, electrical conductivity, pH, E-coli, mercury, nitrate, lead, and ammonia
were tested in these samples. However, only chlorophyll-a and turbidity were of interest in this
research due to constraints budget. Figure 2 shows sampling point locations.
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Figure 2: A map of the dam's sample points 1-27 is shown.

3.1.2 Remote Sensing Data Acquisition and Pre-processing

Regarding its synoptic coverage and high spatial resolution, remote sensing is perfectly suited to
fulfil the standards of water quality monitoring (Ghodizadah et al., 2016). Data from the Vaalkop
Dam's water quality was collected using Landsat-8 and Sentinel-2, two multi-temporal remote
sensors. Landsat-8 and Sentinel-2 multi-temporal images were taken on October 16th, 2020
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(sampling month). Sentinel-2 and Landsat-8 were used to assess and map the dam'’s chlorophyll-a
and turbidity concentration trends

3.1.3 Pre-processing and atmospheric correction for Sentinel-2 data

Imagery from Sentinel-2's study area 171077 was obtained from the Open Access Hub —
Copernicus website at https://scihub.copernicus.eu on October 16th, 2020. Using Sen2cor
v.02.08.00 of the Sentinel-2 Toolbox (S2TBX) together with the Sentinel Application Platform
(SNAP) v8.0, a bottom-of-the-atmosphere reflectance image was generated, which was utilised
for additional visualisation and interpretation of band values (see Figure 3 and Table 1 below).
visualisation and interpretation of band values (see Figure 3 and Table 1 below).
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Figure 3: Sentinel-2 image

Table 1 For Sentinel-2's remote sensor specifications (adapted from Roy et al., 2014 and Drusch
etal., 2012)

Band number Central Bandwidth (nm) Spatial resolution (m)
wavelength (um)

1. Coastal aerosol 0.443 20 60
2. Blue 0.490 65 10
3. Green 0.560 35 10
4. Red 0.665 30 10
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5. Vegetation Red Edge 0.705 15 20
6. Vegetation Red Edge 0.740 15 20
7. Vegetation Red Edge 0.783 20 20
8a NIR 0.842 115 10
8b Vegetation Red Edge 0.865 20 20
9. Water Vapour 0.945 20 60
10. SWIR-Cirrus 1.375 20 60
11. SWIR 1.610 90 20
12. SWIR 2.190 180 20

(Adapted from Roy et al., 2014 and Drusch et al., 2012)

3.1.4 Landsat-8 Data pre-processing and atmospheric correction

On October 22, 2020, Landsat-8 OLI operational land imagery was retrieved from
https://earthexplorer.usgs.gov (Table 3). Landsat-8 is made from the operational land imager (OLI)
and thermal infrared sensors (TIRS). The OLI sensor detects the entire earth using nine spectral
information in the visible near-infrared (VNIR) and shortwave infrared (SWIR) areas. Radiometric
atmospheric corrections were performed to satellite data to eliminate aerosol, water vapor, and
clouds, and digital numbers (DN) have been translated to top of atmosphere (TOA) reflectance
through radiometric calibration for accurate bandwidths for every band. Two new deep blue
spectral bands detect aerosols, clouds, and haze, namely bands 1 and 9. Using FLAASH model in
ENVI software Landsat-8 image was atmospherically corrected on the radiance image to convert
it to reflectance values, Top of Atmosphere reflectance. After the conversion to radiance images,
ArcGIS version 10.8 was used to extract respective band values from both resultant reflectance of
Landsat-8 OLI image and Sentinel-2C image for each study area site point (Roy et al., 2014) see
Figure 4 and Table 2.
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Figure 4: Landsat-8 OLI image (https://scihub.copernicus.eu/dhus/odata/v1)

Table 2: Spectral properties for Sentinel -2 vs Landsat-8

Comparison specification Sentinel-2 Landsat 8

Satellite sensor system MSI OLITIRS

Spatial resolution range 10-60m 15-100m

Resolution in radiometric 12 bits per pixel(wide) | 12 bits per pixel (wide)
Resolution of time | 5 days 16 days

(Temporal)

Altitude of orbit 786 km 705km
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Table 3: Specifications for Landsat-8 remote Sensor (Adapted from Roy et al., 2014 and Drusch et al., 2012)

Band number Sensor type Wavelength | Spatial resolution

(um) (m)
Band 1-Coastal acrosol OLI 0.443 30
Band 2 -Blue OLI 0.482 30
Band 3-Green OLI 0.562 30
Band 4-Red OLI 0.665 30
Band 5-Near Infrared (NIR) OLI 0.865 30
Band 6-SWIR 1 OLI 1.610 30
Band 7-SWIR 2 OLI 2.200 30
Band 8-Panchromatic OLI 0.590 15
Band 9-Cirrus OLI 1.375 30
Band 10-Thermal Infrared (TIRS) TIRS 1 10.900 100
Band 11-Thermal Infrared (TIRS) TIRS 2 12.000 100

(Adapted from Roy et al., 2014 and Drusch et al., 2012)

3.1.5 Description of water quality parameters

The physical, chemical, and biological composition of watercourses can be determined, as well as

any possible pollution or contamination sources that could contribute to a decrease in water quality.

3.2.5.1 Turbidity

Too much turbidity is likely to cause Dissolved Oxygen (DO) stratification and temperature
increase in waterways (Tessema et al., 2014). High Total suspended solids levels in surface water
absorb heat from the sun, raising the temperature of water and decreasing dissolved oxygen levels
(Igbal et al., 2010). Turbidity measurements are mostly used to calculate fluvial suspended
sediment concentrations (Wass et al., 1997). The red band of the electromagnetic spectrum has a
significant impact on turbidity measured in situ and reflectance measured from satellite images
(Lathrop & Lillesand, 1986). Liversedge conducted simpler and various linear regression analyses
using different Landsat 7 ETM-F bands to discover the best predictors of turbidity in marginal ice
lakes at the Bering Glacier in Alaska (2007). Turbidity levels were predicted using the Landsat 7
ETM+ Band 3 (red portion of the electromagnetic spectrum) and Band 4 (near-infrared portion of
the electromagnetic spectrum) algorithms. The algorithm was utilised for this study to create
turbidity maps to aid in determining inter- and intra-annual sediment dynamics. Turbidity maps
can also show where sediments are being discharged during floods.

3.2.5.2 Chlorophyll-a

The quantity of dissolved oxygen in the water is heavily influenced by algae in the water. During
the day, algae take in carbon dioxide and release oxygen through photosynthesis, therefore the
quantity of dissolved oxygen in the water increases (Shock et al., 2003). The occurrence of
chlorophyll-a in the water surface is associated with the presence of algal bloom, which also
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illustrates the amount of eutrophication in the water surface (Li & Li, 2004). The amount of
chlorophyll in the algal plankton cells in various freshwater bodies is used to determine
eutrophication. Chlorophyll-a is a photosynthetic pigment that contributes to the color of the water.
Many studies have employed remote sensing to map chlorophyll-a, a fundamental measure in
water quality evaluation and an indication of algal population (Schalles et al., 2008).
Eutrophication causes a wide variety of chlorophyll-a concentrations in most inland waters (lakes,
rivers, reservoirs, and dams). Understanding the amount of phytoplankton in these water bodies is
critical to determining the extent of eutrophication. During cyanobacterial blooms, satellite sensors
can have trouble in detecting chlorophyll because of the short cycle involved in the biological
activity, which gets more difficult to detect as the temporal resolution increases. Although this
drawback, remote sensing has been effective in quantifying chlorophyll-a and algal blooms,
especially with the use of satellites. To map chlorophyll-a in the seas, estuaries, and freshwater,
scientists use a range of algorithms and wavelengths from aircraft and satellite sensors including
Landsat, Sentinel-2, and MODIS. Band rationing and regression are effective methods for
estimating chlorophyll-a pigments in water bodies (Dekker et al.,2002).

3.1.6 Regression Modelling

SVMs are divided into two types: SVMs for classification and SVMs for regression (Gupta et al.,
2015). Support vector regression (SVR) is a probability model that uses the structural risk
minimisation principle to minimise a generalisation error bound (Li et al., 2016 To predict an
independent variable, SVR aims to develop ideal hyperplanes which isolate groups of input data
with equal feature attributes (Kim et al., 2014). SVR has many advantages, including the ability
to solve learning problems with limited sample sizes, nonlinearity, or high dimensions (Wang et
al., 2011). The SVR equation is as follows:

foo = WTX + b (W, X €Rd) Equation 1

X € Rd refers to any non-linear function that takes input data into a higher dimensional space (Xiao
et al., 2018). The model's unknown parameters are w, a regular to the hyper-plane weight vector,
and b, the hyper-plane bias (Rodriguez-Galiano et al., 2015). (Xiao et al., 2018).) The penalisation
factor (C), the ¢ (epsilon) insensitive region, and the kernel parameter o (sigma) is the three hyper-
parameters that must be tuned (Wang et al., 2011). Kernel functions that specify the form,
magnitude, and precision of the SVR model are commonly polynomial, linear,
sigmoid, Gaussian, radial basis functions and spectral angle (Kim et al., 2014). Provided the trial-
and-error method involved in determining the right parameters, the correct ones are harder to
achieve, making it difficult to distinguish between the best and worst models (Wang et al., 2011).
“The linear kernel is a special case of the radial basis function, and the radial basis function can
better accommodate nonlinear input-output relationships” (Li et al., 2016, p73). Furthermore, the
radial basis function kernel poses fewer computational challenges than the polynomial kernel,
which contains more hyperparameters than the radial basis function kernel (Li et al., 2016). One
of the most used kernel functions is the radial basis function.

SVR were chosen because they had already been applied in other water quality projects and
provided excellent accuracy and performance in comparing remote sensing data and field datasets.
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Wang et al. (2011) are among the first to apply support vector regression to the remote sensing of
inland water quality. Permanganate index, ammonia-nitrogen, and chemical oxygen demand were
all calculated using SVR. With small samples, the results showed that SVR provided better
predictions than the traditional multiple regression process. (Zhou et al., 2016). Kim et al. (2014)
compared SVR, RFR, and Cubist regression to measure chlorophyll-a and suspension particle
matter in coastal using the Geostationary Ocean Colour Imager. SVR surpassed the other two
machine learning algorithms, according to Kim et al. (2014), with R? values of 0.91 for
chlorophyll-a and 0.98 for particulate suspended matter. Ruescas et al. (2018) used simulated
reflectance data from Sentinel-2 and Sentinel-3 to compare five regression models, including RFR
and SVR, for retrieving colored dissolved organic matter. Although all the regression models
worked well, the SVR model outperformed the others.

In this study, the Support Vector Machine was used to determine the regression model that best
retrieves each of the water quality parameters. Vector regression was performed using the R
packages "caret” and "e1070" (Forkuor et al., 2017). The regression models were built using bands
and band ratios from field hyperspectral and satellite data that had a close relationship to
chlorophyll-a and turbidity. A training data set (70 percent) and a test (validation) dataset were
created from the data (30 percent).

3.1.7 Accuracy Assessment

The R-squared and root mean square error (RMSE) values were acquired by matching Sentinel-2
and Landsat-8 data with field measurements (Hung & Lin, 2006). The acquired R-squared values
were then utilised to evaluate the accuracy and efficiency of the regression models. The expected
chlorophyll-a and turbidity concentration patterns were then mapped across the dam. The average
degree of error is represented by the RMSE. It has a range of values ranging from 0 to 1. The
RMSE indicates a strong model match when it is smaller. The RMSE is a helpful metric for
measuring how well a model predicts a variable given observed values (Khattab & Merkel, 2014;
Coskun et al., 2008). The following is the equation used to calculate the RMSE:

RMSE = (3 WQpred, i-WQmeas, i N i=1 N) Equation 2

WQpred i, is the anticipated chlorophyll-a or turbidity, and WQmeas i, is the measured
chlorophyll-a or turbidity in Equation 2, where N represents the size of samples, WQpred is the
predicted chlorophyll-a or turbidity, and WQmeas is the measured chlorophyll-a or turbidity
(Sakuno et al., 2018). The R-squared value (R?), which ranges from 0 to 1, indicates whether a
model is well-fitting and assists in determining how close datasets are to a linear regression. The
RZnumber denotes how well the model predicts the outcomes (Coskun et al., 2008).
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CHAPTER 4
RESEARCH FINDINGS

4.1 Descriptive analysis of the ground measured Chlorophyll-a and Turbidity

Figure 5 below shows derived density distribution plots of ground measured Turbidity and
Chlorophyll-a values. Measured Chlorophyll-a values of Vaalkop Dam peak around 70-80 pg/L
while those of turbidity peak around 30-35 (NTU) values. Interpretation of the median and
quartiles positions using the box and whisker plot in Figure 6 below suggest that chlorophyll-a
distribution is negatively skewed with a great variation between the sample points comparing to
turbidity values which have small variation with a normally the distribution of values measured

e
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Figure 5: Density pattern of chlorophyll-a observed in the ground (on the left) and turbidity (on
the right)
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Figure 6: The variability of ground-measured chlorophyll-a and turbidity is shown in a box and
whisker plot.
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4.2 Spatial pattern of the ground measured Chlorophyll-a and Turbidity

This figure (7) illustrates the spatial pattern for parameters of water quality in the Vaalkop Dam as
measured by ground turbidity and Chlorophyll-a. The dam's innermost section (Crocodile canal)
is the most contaminated, with pollution decreasing as it approaches the Elands River canal. The
higher concentration of chlorophyll-a and turbidity on the Crocodile canal might have been caused
by the pollution by the farming activities which inputs of organic and inorganic sediments along
the Crocodile River canal which also carries water from Hartbeespoort dam.
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Figure 7: Spatial pattern of the ground measured Chlorophyll-a and Turbidity

4.3 Chlorophyll-a Results

4.3.1 Correlation results

For Landsat-8 and Sentinel-2, different band ratios were created, which were then correlated with
Chlorophyll-a to determine the best band combinations that could be used for support vector
machine predictions. The correlation plot in Figure 8 below illustrates the relationship between
Sentinel-2 and Landsat-8 reflectance values acquired within one month of ground measurements
and ground measured chlorophyll-a values. Bands that were found to have the most correlation
coefficient value with Chlorophyll-a were Landsat-8 bands with Band 7 Short Wave Infrared
(SWIR2) and Band 6 Short Wave Infrared (SWIR1) being the best-correlated bands. Sentinel-2
bands have shown a weak correlation with Chlorophyll-a values.
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Figure 8: Chlorophyll-a correlation results with A. Sentinel-2 acquired on 16th October 2020
and B. Landsat-8 acquired on 22nd October 2020 respectively.

Although there is difference significance in correlation values but the pattern of the band
correlation values for images acquired within a month of ground measurement is more like that of
images acquired a month later after ground measurements (Figure 9). Images acquired a month
after ground measurements have the lowest correlation coefficient. The changes that occur over a
month are likely to be the main cause for the difference in correlation coefficients observed
between images of these difference dates.
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Figure 9: Chlorophyll-a correlation results with (A) Sentinel-2 acquired on 25" November 2020
and (B) Landsat-8 acquired on 07"" November 2020 respectively

Table 5 below summarises the correlation analysis results of the best band ratio combinations. Just
as in single-band correlation results in Figure 10 above, Landsat-8 band ratios correlated the most
with chlorophyll-a than Sentinel-2 band ratios. Global Environmental Monitoring Index (GEMI)
utilizes the red and near-infrared bands for Landsat-8 (Yang et al., 2017). Landsat-8 bands 4, 5,
and 2 did show the best correlation which agrees with results by (Bande, 2020) whereas Sentinel-
2 band 2, 4, and 6 ratios did show the most correlation value.
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Table 4 Chlorophyll-a Landsat-8 acquired on 22nd October 2020 and Sentinel-2
(Acquired on 16th October 2020 correlation)

Landsat 8 Chlorophyll-a Sentinel 2 Chlorophyll-a
Band/Band ratio Correlation coefficient | Band/Band ratio | Correlation coefficient

B04/ BO5 0.553 B02/ B04 0.496
B03/ B07 0.541 B06/B01 0.462
B04/ B06 0.522 B03/Bl11 0.431
B02/B04 0.518 B05/B11 0.402
GEMI 0.504 B06/ BO7 0.401
B02/B07 0.502 B04/B12 0.392

Furthermore, the band combinations observed in table 4 for images acquired a month after
measurements on the ground showed a weak correlation with the values derived from the ground
measurements from chlorophyll-a (Table 6).

Table 5 Chlorophyll-a Landsat-8 and Sentinel-2 Chlorophyll-a correlation

Landsat 8 Chlorophyll-a Sentinel 2 Chlorophyll-a
Band/Band ratio Correlation coefficient | Band/Band ratio | Correlation coefficient
B04/ BOS 0.391 B02/ BO4 0.263
B03/ BO7 0.385 B06/B01 0.241
B04/ B06 0.344 B03/B11 0.208
B02/B04 0.294 B05/B11 0.187
GEMI 0.256 B06/ BO7 0.175
B02/B07 0.201 B04/B12 0.167

Sentinel-2 acquired on 25th November 2020 and B. Landsat-8 acquired on 07th November 2020

respectively

These results exhibit that images acquired within a month of ground measurements they correlate
the best with ground measured chlorophyll-a values thus they were used for support vector
machine regression.

4.3.2 Support vector regression results

Table 6 below shows the SVR prediction results for chlorophyll-a. Sentinel-2 achieved the highest
R? value of 0.70 while Landsat-8 achieved R? of 0.58 for chlorophyll-a predictions. Sentinel-2 had
the lowest RMSE value of 7.43ug/L when compared to Landsat-8 forecasts, which had an RMSE
of 7.12ug/L, showing that Sentinel-2 had greater prediction accuracy than Landsat-8. The higher
precision for Sentinel-2 in prediction over Landsat-8 can be caused by the higher resolution (20m)
of the product comparing to 30m resolution of Landsat-8 products. An extra red bands and near-
infrared bands also added an advantage to Sentinel-2 products predictions.
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Table 6: SVR chlorophyll-a results

Training Set (70%) Validating Set (30%)
RS Imagery
R? RMSE (ug/L) R? RMSE (ug/L)
Sentinel-2 0.70 6.28 0.681 7.43
Landsat-8 0.58 8.36 0.594 7.12

The link between band ratio combinations as independent factors and ground measured
chlorophyll-a as dependent variables was presented in figure 5 and 6 below, with the blue line
indicating the SVR linear relation between these two variables. From these plots, the validation
results for Sentinel-2 were better with R? of 0.681 than validation for Landsat-8 which produces
an R? of 0.594 which is again down to improved spatial and spectral resolution of Sentinel-2
comparing Landsat-8 products. These results are congruent with Wang et al. (2016), whose
findings explained that SVR performs the best in prediction with a small sample size than
convolutional statistical regression models (Figure 10 & Figure 11). The scattered results in Figure
11 could be a consequence of the other suspended solids, which can influence R in a relatively
large selection of wavelengths (Barbieux et al., 2018).

‘ \. R2 Lmear-0.586 B. ’ R2 Lanear-4) 594
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Chicrophyiia
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Figure 10: Landsat-8 plots of showing relationships between actual and predicted chlorophyll-a
for (a) training set (n=20), (b) validation set (n=8)
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Figure 11: Sentinel-2 plots of showing relationships between actual and predicted chlorophyll-a
for (a) training set (n=20), (b) validation set (n=8)

4.4 Turbidity Results

4.4.1 Correlation Results

Just as in the case of chlorophyll-a, bands and band ratios were correlated with turbidity to find
the best-correlated band combinations to be used in support vector machine predictions. Figure 4
and 5 below summarizes the results of turbidity correlations with Sentinel-2 and Landsat-8 bands
respectively acquired in different dates of study period. Results have shown that Landsat-8 band
03 (Green band) and band 04 (Red band) and Sentinel-2 band 11 (SWIR band) have the best
correlation values with ground measured turbidity values (Figure 12 and Figure 13).

Turbidity
Turbidin

A. B8A 01 B. 807 02

[‘Ms[ 05 03 10

BO1 06 08 02
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Figure 12: Turbidity correlation results with (A) Sentinel-2 acquired on 16th October 2020 and
(B) Landsat-8 acquired on 22nd October 2020 respectively
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Figure 13 Turbidity correlation results with A. Sentinel-2 acquired on 25th November 2020 and
B. Landsat-8 acquired on 07th November 2020 respectively

Results summarised on table 3 below shows that Landsat-8 bands 01, 04, 03 and 07 ratios are the
best band combinations to be carried and used in support vector machine regression predictions
whilst for the case of Sentinel-2 bands 03, 02 and 01 ratios show the best correlation coefficient
values. Moreover, Table 7 and Table 8 below summarises the correlation results for the turbidity
and Landsat-8 and Sentinel-2 images acquired a month later after ground measurements of water
quality data, which is still having the lowest correlation due to temporal changes over month period

difference.

Table 7 Turbidity Landsat-8 acquired on 22nd October 2020 and Sentinel-2 acquired on 16th
October 2020 correlation

Landsat-8 Turbidity

Sentinel-2 Turbidity

Band/Band ratio Correlation coefficient | Band/Band ratio | Correlation coefficient
B01/ B0O4 0.482 B03/ B02 0.458
B02/ BO7 0.474 B02/B01 0.443
B03 B04 0.431 B04/ B02 0.416
B02/B03 0.412 B03/ B04 0.408
B02/B05 0.402 B05/ B12 0.394

Table 8 Turbidity Landsat-8 acquired on 07th November 2020 and Sentinel-2 correlation
acquired on 25th November 2020

Landsat-8 Turbidity

Sentinel-2 Turbidity

Band/Band ratio Correlation coefficient Band/Band ratio Correlation coefficient
B0O1/ B0O4 0.184 B0O3/ BO2 0.271
B02/ BO7 0.172 B02/B01 0.229
B0O3/ B0O4 0.149 B04/ BO2 0.204
B02/ BO3 0.109 BO3/ B04 0.145
B0O2/ BO5 0.106 BO5/ B12 0.104
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4.4.2 Support vector regression results
SVR predictions for turbidity may be seen in Table 9 of this report. The R? values of 0.593 and
0.581 for Sentinel-2 and Landsat-8 training set predictions are comparable. The RMSE results for

Sentinel-2 and Landsat-8 were 8.28NTU and 8.36NTU respectively.

Table 9 SVR turbidity results

Training Set (70%) Validating Set (30%b)

R? RMSE (NTU) R? RMSE (NTU)
Sentinel-2 0.593 8.28 0.525 7.32
Landsat-8 0.581 8.36 0.601 7.43

On the other hand, the validation results on figure plots figure 9 and figure 10 below show that
Landsat-8 validation results have better accuracy than that of Sentinel-2. The findings of the study
(Bande, 2020) that validates the SVR model using Landsat-8 outperforms that using Sentinel-2

data are consistent with the results presented here.
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Figure 14: Sentinel-2 plots illustrate relationships between actual and predicted turbidity
for (a) training set (n=20), (b) validation set (n=8)
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Figure 15: Landsat-8 plots illustrate relationships between actual and predicted turbidity
for (a) training set (n=20), (b) validation set (n=8)
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Figures 14 and 15 illustrate the predicted vs measured turbidity. The turbidity SVR R? values for
Sentinel-2 and Landsat-8 were extremely low with the values of 0.59 and 0.58, respectively. The
results shows that the two sensors used, Sentinel-2 is the best sensor for predicting turbidity in

the Vaalkop Dam.

Lindy N Mthimkulu | University of Witwatersrand



28

CHAPTER 5

DISCUSSION

Using a machine learning algorithm called support vector machine, this research project examined
the capability of Sentinel-2 and Landsat-8 imagery in predicting turbidity and chlorophyll-a in the
Vaalkop dam. Both images are useful considerably well in predicting the two water quality
indicators, which is consistent with the findings of Bande's (2020) study, which revealed that
Sentinel-2 and Landsat-8 images can be used to predict turbidity and chlorophyll-a, respectively.
Considering the comparing the efficiency of the two images, Sentinel-2 images performed better
in predicting chlorophyll-a than Landsat-8 image. The reason for the improved accuracy of
Sentinel-2 prediction is due its 10m spatial resolution which is higher compared to 30m resolution
of Landsat-8 which makes it most efficient to capture the variations on the small area of Vaalkop
dam (Zhou et al., 2020). Turbidity predictions utilizing Landsat-8 and Sentinel-2 imagery were
not good enough comparing with the regression coefficients (R?) of chlorophyll-a on the validation
results. (Kallel et al., 2018)

The low R?in the validation of prediction model was due to different in dates for data acquisitions
in which ground measurements of water quality parameters was done on 28" October 2020 whilst
the downloaded cloud free Sentinel-2 and Landsat-8 images were retrieved on 12" October 2020
and 16" October 2020 respectively (Radoux et al., 2016). To achieve better analysis, our study
aimed at finding the cloud free satellite images. For this reason, used images for prediction had
12- and 16-days’ time different with the date of ground measurement for Landsat-8 and Sentinel-
2 individually. Studies on the subject have indicated that the maximum reasonable time different
between ground measured and satellite image acquisition to be + 8 days for water environmental
parameters (Nguyen et al., 2020) and the prediction using data with small time different between
ground measured the levels for turbidity and chlorophyll-a as well as the satellite image
acquisition, the better the validation results (Oucher et al., 2018 ; Wang et al., 2021). For that case,
factors such as changes on weather and hydrological parameters over a time difference have been
the influence on the prediction accuracy.

In this study, predictions of turbidity and chlorophyll-a was done based on ground measured data
acquired in October which is in mid-spring season thus the predictions were limited on one season
only. Studies have shown that predictive models developed using data from one season, may not
be useful in other weather seasons (Oucher et al., 2018). According to the researchers, seasonal
fluctuations in hydro meteorological variables need seasonal adjustment of the predictive model
(Boucher et al., 2018) However, selective band choices based on the research geographic area
bodies of water, as well as combining remote sensing data surface temperature of smaller satellites
band, may limit the effects of seasonal changes. Several algorithms can be used for atmospheric
correction of Sentinel-2 images for example Sen2Cor, ACOLITE and MIP (Modular Inversion
and Processing System can used for atmospheric correction both in land and water parameter
studies, and the choice of atmospheric correction influence the regression results (Dérnhofer et
al.,2016).

General results suggest that the developed Chlorophyll-a prediction model performs better using
Sentinel-2 comparing to Landsat-8 images and the resolution difference between the two images

Lindy N Mthimkulu | University of Witwatersrand



29

account for the difference in prediction accuracy. Furthermore, despite having sample size enough
to tune the predictive model, other factors such as time different, atmospheric distortions, and the
choice of atmospheric correction algorithm influenced the validation accuracy of the model.
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CHAPTER 6
CONCLUSSION

6.1 Conclusion

The findings of this study reveal that a support vector machine could be utilized to monitor water
quality (turbidity and chlorophyll-a) for a Vaalkop dam in South Africa using Sentinel-2 and
Landsat-8 data. For chlorophyll-a predictions, Sentinel-2 bands B02, B04 and B06 and Landsat-8
bands B03, BO4 and BO7 performed better whilst Sentinel-2 bands BO1, BO3 and B12 and Landsat-
8 bands B01, BO5 and BO7 performed better for the turbidity predictions. Although support vector
machine regression was found to perform relatively well with the small sample sizes, there is a
need to increase sample sizes to improve predictions.

6.2 Recommendations and Limitations

The fact that field measurements were only gathered for one season limited comparability and
application to subsequent seasons in this study. Further studies are recommended to expand the
scheme and use data from all four seasons and comparisons of the performance of algorithms for
different seasons. Additionally, while this study only used a support vector machine method for
estimating, other machine learning techniques such as Artificial Neural Networks (ANN) and
Random Forests (RF) should be evaluated in comparison. Other atmospheric correction methods,
other than Sen2Cor, should be studied and evaluated, according to this study (Geman et al., 1992).
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