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ABSTRACT

This research focuses on utilizing Geographic Information Systems (GIS) for
dynamic flood modelling along the Jukskei River in Johannesburg, South Africa.
The study aims to enhance flood risk assessment by integrating GIS technology
with hydraulic model. Through spatial data analysis and flood scenario simulations,
the research seeks to provide insights into water surface elevation (WSE),
vulnerability, and flood impact in the catchment area. The model utilized several
parameters: the DEM was STRM data obtained from USGS, precipitation data was
acquired from CHIRPS, LULC data was obtained from South Africa's Department
of Forestry, Fisheries, and the Environment (DFFE), and soil types were acquired
from the international soil reference and information centre. The spatial data
analysis included examining trends in precipitation spanning a period of 20 years
(2000 - 2020), reclassifying land use land cover (LULC), and outlining river
channels using digital elevation models (DEM) and reprojection to common
coordinate reference system (CRS). Furthermore, the flood scenario simulations
were conducted by combining different factors (DEM, LULC, soil types, and
precipitation) and assigning and adjusting Manning's n values for different LULC
classes to calibrate the model. From the analysis of the precipitation data spanning
two decades (2000 - 2020) with the aid of RStudio, it was noted that certain months
exhibited sporadic instances of elevated precipitation throughout the study period,
showing a rising trend. The examination indicated that spring, summer, and autumn
experienced the highest levels, with the peak observed in autumn at 142.03mm,
while the lowest maximum average was 35.23mm. This notable precipitation
contributed significantly to flooding within the catchment area, with an R-squared
value of 0.0638. The flood depth map, WSE maps, and flood inundation maps
indicated that with 28mm of precipitation, 1473 buildings were affected within an
area of 324,268 square meters, with a flood depth of 2.64 meters. Similarly, with a
precipitation level of 49.43mm, 2803 buildings faced vulnerability within an area
of 526,217 square meters, with a flood depth of 5.76 meters. Furthermore, at the
highest observed precipitation of 142.03mm, 7242 buildings were at risk within an

area of 1,137,908 square meters, with a flood depth measuring 8.41 meters.
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CHAPTER 1: INTRODUCTION AND BACKGROUND

1.1 Introduction
A natural hazard involves the exposure of infrastructure and human population to

catastrophic events of natural origin, that require management, mitigation, and
impact reduction through prediction and control measures (Echogdali et al., 2018;
Priya et al., 2020; Stoleriu et al., 2020). Of these, floods are one of the frequent
disasters that affect South Africa almost every year. According to the World Bank
Group, the increase in rainfall in South Africa and other various regions of the world
by 2021 is due to erratic climate change, leading to a higher risk of damaging floods.
Similarly, from the year 2000, about 73% of all floods have been categorized as
riverine floods, 16% as flash floods, and just under 2% as coastal floods (with the
remaining 9% not classified) as reported by OECD, 2016. This growing trend has
been attributed to the development of flood zones, which has been identified as a
key driver for the rising incidence and losses due to floods and is projected that
exposures will increase significantly as a result. As a result, this situation poses an
increased risk for developing and underdeveloped nations which underscores the
significance of the interaction between runoff from rooftops to river channels in
basin flooding. Understanding the physics involved in forecasting and partial
control of flood impact through management, mitigation, and reduction measures
can be modelled using suitable methods, including static and dynamic flood models
(Yariyan et al., 2020). In addition, the integration of GIS technology into flood
modelling has enhanced the ability to incorporate vast amounts of spatial and
temporal data such as buildings, roads, and bridges, among others. These integrated
models serve various purposes, such as precise flood prediction, the design of water
structures, and the formulation of policies to prevent extreme value hydrological
events (Hoseini, 2022). For instance, a study on the EI Maleh River showed that
using available hydrological data, models can forecast the likelihood of flooding at
different frequencies and assess flood magnitude, including factors such as flood
depth and velocity (Echogdali et al., 2018). In addition, the impact of the HEC-
RAS flood prediction model for the Dikrong River also established the anticipated
velocity and Water Surface Elevation (WSE) (Goswami et al., 2023).
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1.2 Background
Flood is defined as the submersion of an area, typically low-lying, underwater. As

estimated across Africa and the world, riverine floods are the most prevalent among
pluvial (surface) floods and coastal (surge) floods. Research by Prastica et al.,
(2018) on Bengawan Solo River in Indonesia revealed that the floodwater loading
exceeded the full bank capacity elevation of the river which could be attributed to
increased riverbed height caused by changes in deposited materials and Land Use
and Land Cover (LULC) in the river's vicinity. Moreover, according to (CIWEM,
2020), cities and urban areas in Africa are currently identified as high-risk zones
for flood disasters. This is partly due to the rise of unplanned urbanization. Owing
to this, in 2022, South Africa encountered one of the worst floods in its history,
leading to over 400 fatalities during a single event resulting in the declaration of a
state of emergency (IFRC, 2022). According to the (South African Weather
Service, 2023), indications of increased aridity have been observed in the western
regions of the Western Cape and Northern Cape Provinces in South Africa.
However, drought conditions persisted in certain areas of the Eastern Cape Province
especially Gauteng Province, which is densely populated and has been frequently
experiencing flash-flood events during summer. One such event was the heavy
rainfall on November 10, 2016, in Alexandra, where multiple media outlets
reported the incident which led to the displacement of communities, six (6)
casualties, and substantial damage to infrastructure (Floodlist, 2016).

Within the health sector, Theron et al., 2022 emphasized that severe weather events,
including droughts, floods, wildfires, cyclones, and heatwaves, played a significant
part in the emergence of life-threatening health conditions. These conditions
encompass heat-related illnesses, traumatic injuries, exacerbations of asthma,
behavioural health disorders, cardiovascular disease, and the escalation of vector-
borne diseases such as malaria.

Despite the inability to eradicate flooding, incorporating adequate and efficient
adaptive measures, including those focused on management plans, strategies, and
disaster risk reduction is expected to enable developing countries to mitigate natural
hazards and risks linked to severe climate patterns (Khan et al., 2021). The diverse

social and economic impact, understanding dynamic floods is becoming
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significantly important to developing countries due to the disaster afterwards. This
means studying the complex and difficult mechanisms underlying dynamic flood
events enough to predict them (Kim et al., 2020).

In most cases, prediction and vulnerability assessment aims to support hydrological
and hydraulic characteristics for modelling flood risk. Although floods in headwater
streams are primarily caused by high rainfall. In flood modelling, the magnitude
and extent of floods may be affected by various factors such as evapotranspiration,
temperature, landscape gradient, topography, soil infiltration rate, type of soil, land
drainage, land use land cover, river channel alterations and soil saturation level
including structures for water retention and flood control (Marr & Swemmer, 2023).
However, the physics of flood modelling is categorized into two, namely static and
dynamic for which various research with statistical and numerical methodologies
have been developed over time. These include but are not limited to the analytic
hierarchy process (AHP), frequency ratio (FR) model, analytic network process
(ANP), hydrologic models, and hydraulic models by (Khadraoui et al., 2023; Singh
et al., 2021; Yariyan et al., 2020). Regardless of technological advancement, the
computer modelling tools, specifically the Hydrologic Engineering Centre - River
Analysis System (HEC-RAS) in WMS, have proven to be reliable software for
analysing channel flow and delineating floodplains in the field of river hydraulics
(Razi et al., 2022).

1.3 Research Motivation
Dynamic flooding, among other natural disasters, involves the erosion and transport

of soil material and debris within a watershed at varying velocities through river
channels. This process generates forces, which interacts with man-made structures
and river bends, affecting the flow dynamics and potential flood impacts. Although
extensive research has been conducted on flood modelling globally. However, in
the South African context, there is a lack of focus on studying flood risk and its
quantitative consequences on informal settlements.

In South Africa, the emergence of informal settlements can be traced back to South
Africa's industrialization in the early 1913s, coinciding with the surge in natural

resource mining activities, which has since generated a myriad of interconnected
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effects on both the environment and society. These effects persist today,
manifesting in the proliferation of informal communities. As documented in the
2016 census conducted by Statistics South Africa, Johannesburg city hosts 333,570
informal settlements (shacks), accounting for 18% of the total population of
Gauteng Province. Qumba and colleagues (2022) found through their research that
following development in Johannesburg, approximately 35% of LULC was
designated for settlements, demonstrating a substantial impact of urbanization and
the presence of informal settlements on the city's landscape (Qumba et al., 2022)
including Alexandra (commonly known as Alex), situated near the upper-class
suburb of Sandton and adjacent to the Jukskei River watershed. The environmental
and societal repercussions of urbanization are significant and include alterations in
LULC, rising rainfall and temperatures (creating heat islands), changes in soil
properties, shifts in the landscape, insufficient sanitation infrastructure, and
associated health risks. Additionally, the modification of the terrain resulting from
earth material displacement for industrial purposes and infrastructure development
leads to shifts in soil characteristics and changes in precipitation patterns due to heat
islands, potentially influencing both soil moisture levels and composition (Gurung
etal., 2021).

In recent years, Alexandra, a town in South Africa's Gauteng province, has
experienced a significant surge in flooding due to a rise in rainfall and the
implications of climate change. As stated by the Greenbook report of South Africa
CISR, Gauteng province experienced four severe floods between 2015 and 2018.
The floods were responsible for the loss of 12 lives, the displacement of 165 people
and extensive damage to infrastructure, homes and vehicles. Numerous efforts have
been made to assess the flood impacts in Gauteng Province, particularly in areas
like Alexandra within Johannesburg city. Mawasha & Britz, (2022) carried out a
study in Alexandra to evaluate the effects of urban flood hazards resulting from
LULC changes over a 28-year period within the catchment. The study also
considered flood velocity and depth associated with river discharge. Their findings
indicated a rapid expansion of the community, accompanied by a doubling in depth-
velocity over the specified period. This issue has raised concerns among governing

bodies and the community. Observations from local authorities indicate that
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littering and illegal dumping of waste into the Jukskei River contribute to the
flooding. However, the extent and severity of flooding in Alexandra township
remain uncertain, as no attempt has been made to measure the impact caused by
precipitation such as affected settlements, water depth, velocities, and inundations,
along with other relevant parameters. Thus, the objective of this research is to
quantify the impact of dynamic flooding using the HEC-RAS model over a 20-year
period (2000-2020) along the Jukskei River in Alexandra, Johannesburg City.

1.4 Aim and Objectives
141 Aim
This study aims to develop a GIS-based dynamic flood modelling system to map

flood-inundated areas along Jukskei River from Bertrams to Waterfall City,

Midrand, Johannesburg, South Africa.

1.4.2 Objectives
The objectives of this research are:

1. To investigate the spatial and temporal precipitation of satellite datasets for
the period between 2000 to 2020.

2. To simulate flood hazards using a calibrated and validated HEC-RAS
model.

3. To develop a flood risk map.

1.5 Layout Of Thesis
The thesis comprises five key chapters. The first chapter provides a comprehensive

overview of flood hazards, exploring their global, African, and South African
implications. It includes a synthesis of existing literature and outlines the research
background, problem statement, objectives, significance, and scope. The second
chapter offers a concise overview of published literature on natural hazards, with a
focus on floods and their management, as well as showecasing statistical and
technological approaches for flood modelling and prediction. The third chapter
details the adopted study procedure, materials, and methods applied in the studies.

The fourth chapter is dedicated to presenting research findings and facilitating
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discussions, while the fifth chapter delves into the practical implications of the

research, addressing its environmental, economic, and societal impacts.
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CHAPTER 2: LITERATURE REVIEW

2.1 Natural Disasters
Natural disasters have been a significant concern for scholars and practitioners

across various disciplines for many years (Saleh & Bba, n.d.). The increase in the
intensity and occurrence of natural calamities such as droughts, floods, and
environmental crises has been attributed to the effects of climate change and
extreme weather phenomena (W. Chen et al., 2020; Kao et al., 2017). These
disasters have had profound impacts on both human and natural environments,
leading to substantial economic damages and loss of property and life (Bhardwaj et
al., 2021; Schardong et al., 2019; B. Zhang et al., 2021). The occurrence of natural
disasters beyond the levels of socio-economic planning has been linked to the
unpredictable nature of climate, including more frequent and intense extremes
(Nastos & Dalezios, 2016). The impacts of natural disasters extend beyond
immediate damages, affecting ecosystem services, urban infrastructure, and the
health of communities (Irwin et al., 2016; Sandifer et al., 2017). Furthermore,
vulnerability of specific groups, such as women, to the economic impacts of natural
disasters has been highlighted as an area requiring further study (Khaskhelly et al.,
2021). As a response to these challenges, disaster risk reduction strategies have
been explored, including the implementation of ecosystem-based approaches to
safeguard societies from the negative impacts of disasters and climate change
(Monty et al., n.d.). Additionally, community-centric methods for disaster risk
reduction and early warning systems have been proposed to improve societal
resilience (Baudoin et al., 2016). Efforts to minimise the effects of natural disasters
have also involved the socialization of disaster mitigation and the development of
adaptive management mechanisms to address the risks posed by climate change
(Kirana & Sufyan Bature, 2022; Nikitin et al., 2022). Historical disaster research
has been identified as a valuable tool for contributing to reconstruction efforts,
management, and mitigation, as well as avoiding disasters among at-risk
populations (Ahmad et al., 2021).
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2.2 Influence of Climate Change on Floods
Climate change has contributed to a rise in the severity and frequency of natural

hazard-related disasters, resulting in significant impacts on cities and historic areas
(Lindner et al., 2021; Yigitcanlar et al., 2022). The negative impacts of natural
disasters and climate change on the economy have been widely acknowledged (J.
Fang et al., 2019). However, it is crucial to highlight that vulnerability is a primary
driver of disasters, and while climate change impacts hazards, it is not the sole or
most fundamental contributor to disaster risk (Kelman, 2017; Kelman et al., 2015).
Climate change, particularly through extreme weather events, has been identified
as a factor increasing the impacts and risk of disasters (Nemakonde & Van Niekerk,
2023). Disparities exist in understanding the interaction involving climate change
and non-atmospheric natural disasters, highlighting the need for further research
and knowledge dissemination (Phillips et al., 2015). The implications of climate
change are becoming progressively visible through more severe wildfires,
hurricanes, and flooding (Hai & Perlman, 2022). In relation to industrial supply
chains, climate change adaptation and disaster reduction risk present significant
challenges, necessitating the development of integrated frameworks (L.-L. Chen &
Tseng, 2019). Agriculture and fishery enterprises are experiencing fluctuating
impacts because of variations in precipitation, temperature, and the development of
new types of natural hazards (Do et al., 2021). Small islands are facing the
increasing impact and frequency of climate change and natural disasters, prompting
the need for practical fiscal policy frameworks (Nakatani, 2019). The influence of
climate change on extreme weather events has led to rising frequency and intensity,
impacting the stock market and contributing to increased volatility (U-Din et al.,
2022).

2.3 Floods
Floods are a significant concern in relation to climate change, with studies

indicating both increases and decreases in river floods as climate patterns change
Bloschl et al. (2019). The severity and frequency of floods have been observed to
be on the rise, attributed to climate change and increasing exposure (Bruijn et al.,
2022; Alifu et al., 2022). Extreme flood disasters have been found to have serious

impacts on the environment and local ecology, emphasizing the comprehensive
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impact and assessment of such events (Qian et al., 2022). The nexus between flood
disaster risk, climate change, and food security has been studied, highlighting the
interconnectedness of these factors in regions such as Northern Ghana (Atanga &
Tankpa, 2021). Additionally, the social acceptance of flood control methods under
climate change has been explored, emphasizing the need for contingent valuation
methods to assess the effectiveness of such strategies (Maghsood et al., 2019).
Furthermore, the seasonality nature of climatic factors of flood variations in the
United States has been investigated, shedding light on the complex interplay
between climate patterns and flood occurrences (Dickinson et al., 2019).
Collectively, they underline the diversity of impacts from floods about to climate
change, encompassing environmental, social, and economic dimensions. The
recommendations emphasise the need to undertake a comprehensive assessment,
resilient management, and integration of flood protection strategies in efforts to
adapt to climate change.

2.4 Causes And Factors Influencing Floods
The causes and factors influencing floods are multifaceted and encompass a wide

range of natural and human-induced elements. Natural factors contributing to floods
include high tides, high flood intensity, and heavy rainfall (HIRCA & SONMEZ,
2019). Additionally, heavy and sudden rainfalls, snowmelt, and meteorological
factors have been identified as key natural contributors to flooding (Hannum et al.,
2022; Toonen, 2019). Changes in watershed characteristics, such as rainfall
intensity, land use, and slope, have also been found to influence flood
characteristics (H. Wang et al., 2022). Moreover, shifts in flood generation
processes have been observed to exacerbate regional flood anomalies, leading to
biases in flood risk estimates (Supriatna et al., 2022).

Human-induced factors, such as blocked or damaged drainage channels, improper
land use, and heavy deforestation, have been recognized as significant contributors
to flood occurrences (Odm et al., 2022). Deforestation has caused increased the risk
of flooding and soil erosion (X. Yang et al., 2016). Land use/cover change has been
highlighted as a crucial factor influencing flood characteristics and the hydrological

process (Q. Yang et al., 2020a). Furthermore, urbanization and limitations of
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municipal drainage systems have been identified as factors contributing to urban
flooding (Alhassan, 2020). The socio-economic characteristics of farmers,
institutional factors, and farm-level factors have been found to influence their
response to flood events, with variations based on specific regions or countries
(Santosa, 2023). Additionally, economic factors have been shown to significantly
influence the formation of flood resilience in urban communities (Morote &
Hernandez, 2020). Climate change has been recognized as a significant variable
influencing flood risks and flood potential (S. Huang et al., 2021; Supriatna et al.,
2022). The interdependence of influencing factors and their indirect effects on flood
inundation have been highlighted, emphasizing the complexity of flood disaster-
causing factor chains (X. D. Huang et al., 2018). Moreover, the temporal and spatial
patterns in nonstationary flood frequency have been linked to the forest landscape
and rainfall, indicating the pivotal role of these factors in triggering flood event
alterations.

2.5 Impacts Of Flooding
The effects of flooding are diverse and encompass various aspects of human life,

the environment, and infrastructure. Coastal flooding, intensified by climate
change, is predicted to disproportionately impact people living in river deltas,
leading to significant social and economic consequences (Edmonds et al., 2020).
Floods can have ambiguous impacts, as they are natural phenomena, and
ecosystems in floodplains are adapted to flooding, although adverse effects can still
occur (Thieken et al., 2016). Flash flood events, caused by intense precipitation,
disrupt road transportation and are expected to continue, affecting mobility and
economic activities (Ntakiyimana et al., 2022). Flood risk continues to rise, and
infrastructure and communities are being challenged by the negative impact of
climate change (W. Wang et al., 2020). Floods affect natural habitats and
ecosystems in particular, which has a major impact on the environment and ecology
of regions (Yu et al., 2022). Additionally, floods can affect critical infrastructure,
disrupt transportation networks, and lead to economic and societal damage,
including loss of lives (Quintero et al., 2018). The agricultural sector is also

significantly impacted by floods, causing over-saturation, infertility, and soil
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erosion, leading to damage to crop fields and affecting food security (Aldardasawi
& Eren, 2021). Furthermore, floods can have immediate effects on transportation
systems by means of physical destruction of infrastructure and indirect effects due
to a cascade of adverse impacts, severely impacting critical infrastructure (Rebally
et al., 2021). Flooding can also affect city infrastructure, interrupting services and
impacting the economy for prolonged periods (Echendu, 2020). The influence of
flooding on the developed environment includes damage to human shelters, roads,
bridges, and dams, affecting the structural integrity of communities (Dube et al.,
2018). The environmental impact of flooding includes damage to natural habitats,
public health risks, and the need for flood protection measures to mitigate adverse
effects on the environment and public health (Soltész et al., 2021). Moreover,
flooding can increase flood depths in urban areas, leading to property damage and
affecting the resilience of urban communities (Muthusamy et al., 2019). The
tangible and intangible flood damage evaluation includes assessing changes in road
networks, safe havens, and flood warnings to mitigate potential loss of property and
life (Frongia et al., 2016).

2.6 Flood Management Approaches
Flood management approaches have indeed evolved to encompass a broad range of

techniques aimed at enhancing resilience and minimising the impacts of flooding
(Hegger et al., 2016). The coordination, alignment, and diversification of flood risk
management techniques have been proposed to enhance urban agglomerations'
resilience to flood risks, modifying strategies to the intensity and various forms of
flooding, such as coastal, fluvial, flash floods, and pluvial, and focusing on both
probability and consequence-reducing approaches. A paradigm shifts from flood
defence to increasingly dynamic approaches, embedding resilience into the
management of flood risk has been observed, stressing the necessity for an
extensive understanding of flooding and its impacts (Mehring et al., 2022). This
shift involves a move towards managing flooding in a more adaptive manner,
considering in-the-moment impacts and integrating resilience into flood risk
management. A critical study of flood risk control and selecting appropriate

strategies highlighted the distinction between indirect and direct implications of

Page | 11



floods, emphasizing the need to address both types of impacts in flood risk
management planning (Tariq et al., 2020). This method recognizes the importance
of mitigating the consequences of flooding and acknowledges that entirely
preventing floods is not always feasible. Integrated flood management approaches,
flood resilience systems, managing green open spaces, and sustainable drainage
systems have been proposed as part of efforts to minimize flood risk and improve
welfare in highly demographic flood-prone areas (Hegger et al., 2016). These
approaches aim to integrate various measures to enhance flood endurance and
reduce the impacts of flooding on communities. Dynamic flood risk mitigation
planning utilizing a complete flood risk framework has been proposed to bridge the
gap between flood defence management procedures and spatial preparation
practice, aiming to reconcile different approaches and enhance flood risk
management effectiveness (Klijn et al., 2015). The Japanese government adopted a
basin-wide and trans-sectoral strategy as part of its comprehensive management of
floods to accelerate planning for increasingly severe floods caused by climate
change (Yamamoto et al., 2021). Their approach emphasizes the importance of an
integrated and comprehensive flood management approach, taking into
consideration the likely influence of climate change on flood risk.

2.7 Geospatial Technologies in Flood Management
Geospatial technologies have significantly advanced flood management strategies,

offering valuable tools for flood risk assessment, mapping, and mitigation. The
incorporation of remote sensing, geospatial analysis, and GIS has revolutionized
flood management by providing innovative solutions for flood vulnerability
assessment, flood mapping, and disaster risk reduction. For instance, studies such
as "Artificial Intelligence in Geospatial Analysis for Flood Vulnerability
Assessment” (Tamiru & Dinka, 2021) and "Development of Digital Elevation
Model (DEM) for the assessment of flood vulnerable areas” (Sudalaimuthu et al.,
2022) have proved the application of geospatial approaches, including remote
sensing and GIS, for flood vulnerability assessment and the development of digital
elevation models to identify flood-prone areas. These approaches integrate multi-

criteria decision analysis tools and hydrological factors to analyse parameters
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influencing urban floods. Furthermore, research such as "Assessment of runoff
potential for disaster risk reduction using geospatial technology"” (Oladotun, 2022)
and "A WEB-GIS PLATFORM FOR FLOODS RISK MAPPING" (A Web-GIS
Platform for Floods Risk Mapping Case Study: The Floodplain of Khartoum State,
2022) has emphasized the effectiveness of geospatial technology for flood
prediction, disaster risk reduction, and flood risk mapping. These studies highlight
the importance of hydrologic assessment techniques and geospatial technology for
effective flood forecasting and management. Moreover, the application of free
geospatial technologies for coastal mapping asset and management (Paul et al.,
2022), 3D city models for evaluating flash flood risks (Kalbani & Rahman, 2022),
and the application of geospatial big data (Li et al., 2021) have demonstrated the
versatility and the relevance of geospatial technologies in diverse flood
management contexts. Additionally, the integration of optical earth observation and
SAR with hydraulic modelling for mapping floods and their impact assessment
(Psomiadis et al., 2020a) and the development of a combined GIS multi-criteria
decision-making approach for dynamic flood mapping (Y. Wang et al., 2019) have
showcased the integrated use of remote sensing products and hydraulic simulation
for flood impact estimation and flood dynamic mapping. In terms of emerging
technologies, the evaluation of hydrological models such as WATFLOOD, HBV-
EC, HSPF, and HEC-HMS for functional flood prediction in a Canadian Prairie
catchment demonstrates the use of hydrological models as operational flood
forecasting tools (Unduche et al., 2018). Additionally, the integration of
hydrological modelling and LULC change forecasting for determining the impact
of LULC modification on flow rate in Sari Watershed, Sumbawa Island, Indonesia
showcases the power of CA-Markov and GIS/ remote sensing technology for
evaluating LULC dynamics (Setiawan & Nandini, 2022). Furthermore, the use of
HEC-RAS and HEC-HMS models in forecasting flood extent areas of Attanagalu
Oya highlights the efficiency of these models for flood analysis (Anuruddhika et
al., 2022). Additionally, the combination of Monte Carlo simulation, flood
inundation modelling, fuzzy vertex analysis, and depth damage function derivation
for quantitative microbial risk assessment and urban sewer flooding demonstrates

the integration of multiple methods for comprehensive flood analysis (Addison-
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Atkinson et al., 2022). Moreover, the relevance of socio-hydrological modelling for
understanding flood-risk trends is demonstrated by the comparison of the
technological systems and resilience of green (Ciullo et al., 2017). The research
emphasizes that flood risks are dynamically evolving with changing determinants,
such as climate and environmental changes, highlighting the unsteady
characteristics of flood risks (Zischg, 2022). The assessment of flood hazards in the
Yasooj region, lran, applying multi-criteria decision assessment and GIS
demonstrates the application of AHP and GIS approaches for flood hazard potential
assessment (Rahmati et al., 2016). Most importantly, the study and use of important
technologies for the unsteady management of basin water levels in flood season
outlines major real-time operating technologies for the unsteady management of
basin water levels (J. Zhang et al., 2021). Moreover, the assessment of flood
coverage using integrated 1D/2D hydraulic modelling in hilly watersheds bordering
the coastline of Southeast China demonstrates the effectiveness of the coupled
1D/2D model in studying flood propagation attributes (W. Zhang et al., 2020). The
Agqueduct Global Flood Analyzer for flood risk assessment in Zimbabwe
demonstrates the use of advanced tools for flood risk analysis (Samu & Akintug,
2020).

2.8 RStudio for Geospatial Analysis
RStudio is a development environment that is integrated (IDE) for the R statistical

language, playing a crucial role in geospatial and statistical techniques. has been
instrumental in enabling researchers to access and analyse geospatial data. It has
been used in conjunction with statistical software packages such as INLA for
spatiotemporal mapping of major trauma, demonstrating its role in facilitating
complex statistical modelling and analysis in geospatial research (Beck et al.,
2021). Additionally, RStudio has been employed in the teaching of introductory
statistical classes, indicating its significance in statistical education and its positive

association with students' attitudes toward statistics (Silva & Moura, 2020).
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2.8.1 Understanding R-Value in Spatial and Temporal Analysis
The Pearson correlation coefficient (r) is a measure in statistics applied to evaluate

the direction and strength of a linear correlation involving two independent
parameters. The r value varies between -1 and 1, with 1 indicating an ideal positive
linear connection, -1 suggesting a complete negative linear relationship, and 0
representing no linear association between the parameters (Schober & Schwarte,
2018). The impact of the r value reflects the strength of the correlation, with values
closer to 1 or -1 suggesting a more robust correlation (Kiss et al., 2018). For
example, 0 < r < 0.69 indicates a little correlation, 0.70 < r < 0.89 indicates a
medium correlation, and r > 0.90 indicates a strong connection (Kiss et al., 2018).
Whenever the r value is 0, it suggests no linear relationship between the variables
(Schober & Schwarte, 2018).

2.8.2 The Role of P-Value in Spatial and Temporal Data Analysis
The p-value in statistics is a metric that indicates how strong the evidence is as

opposed to the null assumption. It represents the likelihood of detecting an effect at
least as strong as the one noted, provided the null assumption is accurate, and a low
p-value indicates that the noted data is not probable under the null assumption,
resulting in the dismissal of the null assumption in support of the alternative
assumption (Greenland et al., 2016). For instance, given that the p-value falls
beneath a preset significance level (e.g., 0.05), it is considered statistically
significant, suggesting that the outcomes are unlikely to have happened by chance
(Cordell et al., 2020).

2.9 Flood Modelling Techniques
Modelling is the act of developing a simplified representation or simulation of a

system, phenomenon, or process to understand, analyse, predict, or control its
behaviour (Everett et al., 2017). In the field of remote sensing image classification,
modelling encompasses the improvement of algorithms and computational models
that will analyse and classify remote sensing imagery based on specific features and
patterns. This involves creating models that can effectively interpret and classify

remote sensing data, contributing to applications such as environmental monitoring,
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natural resource management, and land cover mapping (Ishikawa et al., 2023).
Flood modelling is the application of mathematical, computational, and statistical
tools to simulate and forecast the patterns of floods in various environments. It
encompasses a wide range of methodologies and technologies aimed at
understanding, predicting, and managing flood events. Flood modelling includes
the development of predictive models, the investigation of flood risk, and the
evaluation of potential flood impacts. In addition to the application of federated
learning for flood forecasting (Farooq et al., 2023), studies report the use of
stochastic conflict resolution optimization models for flood control (Nematollahi et
al., 2022), and the assessment of flood hazard mapping methods (Bezak et al.,
2018). The application of deep learning for flood prediction dependent on weather
parameters (Sankaranarayanan et al., 2020), the development of spatial flood risk
evaluation frameworks (Luu et al., 2020), and the combination of optical earth
observation and SAR with hydrodynamic simulation for impact assessment and
flood mapping (Psomiadis et al., 2020b) are noteworthy developments;
notwithstanding the challenges in modelling and predicting droughts and floods
(Brunner et al., 2021), the analysis of flood risk mapping applying analytic
hierarchy process and machine learning models (Q. Yang et al., 2020b), and the
application of flood forecasting and uncertainty assessment using machine learning
(Gude et al., 2020).

2.10 Hydrological And Hydraulic Modelling
Hydrologic flood modelling and hydraulic flood modelling are two distinct, yet

interconnected approaches used in flood analysis and management. Hydrological
flood modelling involves the use of computational models to simulate and analyse
the processes that lead to flooding, focusing on the behaviour of water within
catchments, watersheds, and river basins. It encompasses the study of precipitation,
evapotranspiration, infiltration, runoff, and streamflow to understand the dynamics
of water movement and the factors contributing to flood events (Dept. of Transport
and Main Roads & State of QLD, 2019; Hoseini et al., 2017). Hydrological floods
are governed by a range of factors, including soil textural properties, rainfall-runoff

characteristics, flood peak distributions, flood scaling properties, post-event
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analysis, urbanization, groundwater flood hazards, organic carbon concentrations,
precipitation inputs, and watershed characteristics. These properties play a critical
function in understanding and predicting the behaviour of floods in various
hydrological settings (Arafat et al., 2020; Garvelmann et al., 2015).

Furthermore, hydraulic flood modelling incorporates the application of
computational models to simulate the behaviour of floodwaters within river
channels, floodplains, and urban areas. It focuses on the hydraulic aspects of floods,
such as flow velocities, water depths, and flood extents (Kemter et al., 2020).
Hydraulic models are used to predict how floodwaters propagate through river
systems and urban areas, providing valuable insights for flood risk management and
assessment. The properties of hydraulic flooding are caused by different factors,
such as the hydraulic characteristics of the water movement, the topography of the
affected region, the velocity and depth of the floodwaters, and the duration of the
flooding event. Additionally, the hydraulic properties of the floodwaters, such as
their flow dynamics, sediment transport, and erosional potential, perform a
significant role in analysing the impact and magnitude of hydraulic flooding (Cui
et al., 2019; Pekérova et al., 2016). The reaction of rivers with ecological factors is
a critical aspect of hydraulic modelling, especially in balancing frictional losses
with gravity-induced flow in the river reach. Manning's equation is frequently
employed to achieve equilibrium in river systems, even though it adopts a
simplified method for determining parameters like stage constant roughness and
velocity-depth exponents. It underscores the significance of establishing ethical
values for habitat suitability according to ecosystem biology, particularly in
mountainous water bodies characterized by unique ecological factors such as

hydrological alterations (Ksigzek et al., 2019).

2.11 Static And Dynamic Flood Models
A static flood model is a simplified representation of flood hazard that does not

account for dynamic changes in flood conditions over time. It typically assumes a
fixed water level or flood extent, often based on a specific extreme event or
scenario. Static flood models are restricted in their capability to capture the

complicated and evolving nature of flood hazards, as they do not consider spatial
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or temporal variations in flood conditions resulting from diverse flooding factors
such as riverine discharge and storm tides (Ramirez et al., 2016). For instance,
(Vousdoukas et al., 2016) discuss the limitations of the static approach in coastal
flood hazard mapping, highlighting that it can lead to significant exaggeration of
flood inundation in comparison with dedicated hydraulic models, particularly in
more level terrains. Similarly, (Stephens et al., 2021) noted that static models
anticipate flood inundation which is only defined by terrain and that the highest
storm-tide river heights are preserved for an unlimited time frame, overlooking the
dynamic nature of flood procedures. Rucker et al., 2021 discussed the reduction of
instantaneous coastal flooding forecasting for decision-making support, noting that
the static method may be adequate for research of flooding caused by a surge in
storm, in relation to the spatial scales of the challenge. (Didier et al., 2019)
compared bathtub and numerical modelling in an open estuary for coastal flood
mapping. The study concluded that the bathtub approach resulted in significant
differences in flood extent compared to numerical modelling, highlighting the
limitations of static flood modelling in capturing the complexity of flood dynamics.
Dynamic flood models are computational models that simulate the evolving
behaviour of floods over time, accounting for changes in water levels, flow
velocities, and flood extents. These models consider the dynamic nature of flood
events, capturing the temporal and spatial variations in flood conditions resulting
from diverse flooding factors such as riverine flow rate, storm tides, and other
hydrological processes (Zischg, 2022). In particular, (Wu et al., 2019) established
a dynamic 3D model simulation for flood risk integrating hydrodynamic models
and spatio-temporal GIS. This model provides refined, dynamic, real-time, and
quantitative information for decisions by simulating flood progression, evaluating
hydraulic engineering facilities, and managing disasters. (Van Khanh Triet et al.,
2017) investigated a dyke construction impact in the Vietnamese Mekong Delta on
flood hazard. The research employed an upgraded model to assess how the
construction of elevated embankments affects flood characteristics. The updated
model was found to be reliable and produced realistic inundation dynamics,
providing valuable insights into the shifting flood hazard downstream due to dyke

development. Despite technological advancement, various researchers have
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conducted studies on hydrologic and hydraulic modelling using different methods.
The following are studies by some researchers (Ahmadisharaf & Kalyanapu, 2019)
that developed a hydraulic and hydrologic coupled probabilistic model framework
to examine the unknowns of flood loss projections. The study utilized a hydraulic
model that operates in two dimensions and dynamically simulates the extent of
flooding. Mahapatra et al., 2022 conducted dynamic flow assessment applying
hydrodynamic and hydrological models for instantaneous flood prediction in the
Vamsadhara River reservoir. Ahmadisharaf et al., 2017 also implemented a long-
term viability-based flood hazard mapping framework for the Swannanoa River
catchment. The framework utilized a hydraulic model of unsteady two-dimension
for flood and simulation. In their research, Sathya and colleagues employed the
HEC-RAS one-dimensional unsteady flow model to replicate water depth and flow
velocity, specifically for reconstructing flash flood disasters in the Sempor River
(Sathya et al., 2021). Studies conducted by (Amarnath & Thatikonda, 2020)
converted flood discharge data to water level projections by applying an unsteady

and steady flow hydrodynamic model, such as HEC-RAS.

2.12 GIS In Dynamic Flood Modelling
GIS plays a critical role in dynamic flood modelling, offering a wide range of

advantages in flood susceptibility analysis, flood hazard assessment, and flood risk
control (Y. Wang et al., 2019). By integrating spatial data, GIS provides a
comprehensive platform for understanding and visualizing the flood extent
spatially, identifying flood-prone regions, and supporting effective decision-
making for flood risk reduction (Y. Wang et al., 2019).

One of the key advantages of GIS in dynamic flood modelling is its capability to
consider comprehensive spatial data, including topography, land use, soil type, and
hydrological features. Swain and colleagues employed Geographic Information
Systems (GIS) to perform flood susceptibility mapping using the Analytic
Hierarchy Process (AHP) technique. Their study illustrates the significance of each
factor in prioritizing flood susceptibility (Swain et al., 2020). This approach
allowed for the integration of diverse spatial data, providing an extensive

knowledge of the drivers leading to flood susceptibility and hazard. GIS also
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enables spatial analysis and visualization, allowing for the detection of high-risk
flood areas and flood extent visualization. (Sofia et al., 2017) conducted a study on
flood dynamics in urbanized landscapes, highlighting the statistical contributions
of both climate and land use to the improvement in the number of flooded regions.
Furthermore, GIS-based spatial multi-index models have been applied to assess
flood risk in large river basins, contributing to further scientific study on flood
mitigation and prediction (D. Zhang et al., 2020). The integration of GIS with
hydraulic and hydrological models has enabled the assessment of flood hazards,
including flood susceptibility mapping, flood risk analysis, and floodplain
delineation, providing valuable insights for flood planning and management. In
addition, GIS has been instrumental in improving flood inundation mapping,
allowing for the visualization and analysis of the spatial extent of floods. (Dang &
Kumar, 2017) applied GIS-based hydrological modelling for analysis of flood risk
in Ho Chi Minh City, Vietnam, demonstrating the effectiveness of GIS in mapping
and assessing the impacts of flooding. The spatial visualization capabilities of GIS
have facilitated the development of flood extent maps, which are essential for
understanding flood impacts and planning prevention measures. Moreover, GIS has
been used to analyse the interactions between urbanization and flood risk, providing
valuable insights for risk assessment and flood vulnerability mapping. (Raufu et al.,
n.d.) applied remote sensing and GIS to assess and present outcomes on flood risk,
supporting effective and immediate decision-making on floods. The integration of
GIS with remote sensing data has enhanced the accuracy and reliability of flood
modelling and mapping, facilitating a more comprehensive understanding of flood

dynamics.

2.13 Watershed Modelling System (WMS)
The WMS is a comprehensive application tool used for preparing and running

hydrological models such as HSPF and HEC-HMS (Bailey et al., 2017). It provides
capabilities for automating watershed delineation, parameter calculation, and
hydrologic modelling program execution, as well as for viewing the results of these
programs. Additionally, the WMS has been utilized for manipulating Digital
Elevation Models (DEMSs) and generating necessary data for watershed modelling.
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Furthermore, the code applies the Engineered Resilient Systems (ERS) XmsMesh
meshing applications, developed by Aquaveo, to develop a mesh for watersheds
that conforms to the geometry and spacing for each catchment within a watershed
shapefile (Mcknight et al., 2019). The use of WMS in watershed modelling has
been instrumental in simulating flow, understanding rainfall-runoff processes, and
assessing the potential for urban flooding and flash floods in watersheds. By
incorporating GIS with other software, WMS has been capable of capturing the
hydrological processes that develop in a watershed region (Rauf et al., 2021).
Moreover, the potential of a model to simulate the watershed structure relies on
how well-watershed procedures are defined by the model and how the input of the
model determines the effectiveness of the watershed mechanism. (Alsilibe & Bene,
2022). Furthermore, WMS inculpates a range of leading river storm and hydraulics
drain models, consisting of HSPF, EPA SWMM, CE-QUAL-W2, HEC-RAS, NFF,
GSSHA, HEC-HMS, TR-20, Rational MODRAT, HEC-1, TR-55, SMPDBK, and
others (Environmental Modeling Research Laboratory of Brigham Young
University & Aquaveo LLC, 2016).

2.14 Hec-Ras for Dynamic Flood Modelling
The Hydrologic Engineering Centre-River Analysis System (HEC-RAS) is a

widely known and extensively used model for assessing floods in both scientific
research and practical applications (Costabile et al., 2020). It was invented by the
US Army Corps of Engineers and is employed for various flood modelling
purposes, including calculating breach hydrographs (Sattar et al., 2020). HEC-RAS
can simulate super-elevation of flow along reach bends, multidirectional flows, and
sediment entrainment in dynamic flow modelling, making it suitable for modelling
sudden-onset floods such as glacial lake outburst floods (GLOFs) (Hagg et al.,
2021; Kougkoulos et al., 2018). Additionally, it also indicates that dynamic flow
modelling is likely to involve sediment entrainment, which could improve the
accuracy of flood models (Kougkoulos et al., 2018). The software is extensively
accepted for its proficiency in analysing river systems and has currently added
features such as 1D-2D river-floodplain coupling, making it a valuable tool for

flood modelling and risk assessment (Roy et al., 2021). HEC-RAS has been applied

Page | 21



to develop flood extent maps, assess flood-prone areas, and estimate economic
losses in affected areas (Marselina et al., 2022; Razi et al., 2023; Riswanto &
Nanda, 2023). Furthermore, it is utilized for flood forecasting when data is limited,
or gauging stations are not available in the study area (T. H. Yang & Liu, 2020). The
model has also been applied to simulate accurate river flow, particularly for flood
incidents, and to analyse hydraulic systems and perform development planning
(Armain et al., 2021; Deshays et al., 2021). In all, HEC-RAS is a versatile and
extensively used application for modelling hydraulic floods, offering capabilities
for flood mapping, breach hydrograph calculation, sediment entrainment
simulation, and flood risk assessment. Its applications range from simulating
sudden-onset floods to analysing channel flows and flood inundation, making it an
indispensable tool for water resources managers and hydrologists. Additionally, the
software enables quasi-unsteady flow modelling, which is a simplified flow
modelling in dynamic conditions based on the energy equation (Dysarz, 2018).
Users can simulate unsteady flow by applying optionally the Saint Venant
computations or diffusion wave formulae using an inherent restricted volume
technique (Dhungel et al., 2019).

2.14.1 Applications of Saint Venant Equation in Flood Modelling
The Saint Venant equation, additionally known as the shallow water equations

(SWEs), is extensively used to model urban floods with complicated velocity trends
and river depth variations. It is developed on the principles of protection of
momentum and mass and is particularly suitable for modelling unsteady flow in
rivers and open channels (Gillies & Smith, 2015). The SWEs are fundamental for
simulating the spatially varied dynamic flow in open channels and are mostly used
as the governing equations for this purpose (Sh Abed et al., 2020). Additionally,
the Saint Venant equations are crucial for studying water flow in open channels,
simulating flood propagation in rivers, and analysing flood inundation in urban
areas (Diogo & do Carmo, 2019).

Equation 1 Conservation of mass (continuity):
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Equation 2 Conservation of momentum:
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where Q is the discharge (m®s™), A is the cross-sectional area of flow (m?), x is the
distance (m), t is time (s), | is the soil infiltration rate (m* m= s?), y is the depth of
flow (m), g is the acceleration due to gravity (m s?) and S, and Sy are the bed slope

and friction slope (dimensionless), respectively. (Gillies & Smith, 2015b)

2.14.2 Applications of Diffusion Wave Equation in Flood Modelling
This is another approach used in dynamic flood modelling. It is known for its ability

to capture the process of flood propagation in rivers due to changes in discharge or
water level (Haba, 2020). The diffusion wave equation is particularly useful for
modelling the movement of substances taking into account anisotropic diffusion,
making it more suitable for modelling pollutant movement related to floods in urban
or farmland environments (S. Fang et al., 2022). Furthermore, the diffusion wave
equation is employed to better capture momentum losses along segments of
channels, especially in large, gently sloped channels, where the kinematic wave
equation may not match flood wave timings effectively (Ghobadian & Khalaj,
2015).
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CHAPTER 3: MATERIALS AND METHODOLOGY

3.1 Study Area
Alexandra is a township in the City of Johannesburg located at Lat -26.103705, Lon

28.106941 and is predominantly black African (99%). The township's total
population was estimated at 179,524 people, spread over an area of 26,000 km”2,
according to the 2011 census. The township, often referred to as Alex, is close to
Sandton, one of the more affluent suburbs in the area, as well as Marlboro, Wynberg
and Kelvin. Despite its proximity to wealthier neighbourhoods, Alex is known to
be one of the most impoverished areas of the city, with many residents living in
informal settlements like kiosks popularly called "shacks™ (Alexandra, South Africa
- Wikipedia, n.d.). The flood-prone town of Alexandra, located approximately 14
km from Johannesburg in the northeast along the Jukskei River, presents a critical
area for flood studies. The catchment area of the Jukskei River, one of the largest
in the Gauteng province, encompasses densely populated, industrialized, and
urbanized regions, with the northern belt featuring urbanized and farming activities.
The area experiences a dry and sunny climate, with maximum rainfall occurring in
summer and minimum in spring. The study area, stretching from Alexandra to
Waterfall City in Midrand, encounters rainfall primarily between September and
March, constituting 70% to 90% of the rainy season. The mean temperature ranges
from 16°C to 25°C in summer and from 13°C to below freezing in winter. The
Jukskei River, approximately 394 km long, originates from Bertram in
Johannesburg and flows through Alexandra Township to a point approximately 7
km above Lanseria International Airport, North-East of Johannesburg. The flooding
in Alexandra is attributed to factors such as informal settlement encroachment,
inflows from the main city, low floodplain, low gradient, and clayey soil
(Plinthosols) along the river.
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Figure 1. The study area map of Jukskei River, Johannesburg.

3.2 Methodological Approach
The study is structured into three distinct stages: the first stage involves organizing

the dataset, converting it into a single coordinate reference system (CRS) and
converting necessary raster datasets to vectors for modelling purposes; the second
stage focuses on constructing and validating of a dynamic flood model (HEC-RAS)
for the hazard risk mapping; and the third stage aims to produce a flood hazard map
that delineates the impacted regions at Alexandra, Johannesburg along the Jukskei
River. This study follows the dataset and methodology commonly embraced by
other researchers. The dataset employed in this research aligns with those
frequently utilized in other studies, encompassing soil properties, precipitation,
LULC, and digital DEM. Additional sources of secondary data, such as digital

satellite imagery and synthetic unit hydrographs were incorporated.
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3.3 Research Design
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Figure 2. Detailed methodological flow chart.
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3.4 Research Parameters
This study utilizes parameters comprising a digital DEM, LULC data, soil

information, and precipitation data. Table 1 presents a summary of the parameter

sources utilized in this study for dynamic flood modelling and hazard mapping.

Table 1. Shows parameter requirements.

Parameters Details Source
St Name: SRTM Managed by: NASA.
igita
: _ Data format: GeoTiff Website: Earth Data (Open Source)
Elevation ) _
— Spatial resolution: 30m (1 https://search.earthdata.nasa.gov/search
ode
band)
(DEM) _
Spatial coverage: Gobal
Name: CHIRPS Managed by: SERVIR.

Precipitation

Data format: CSV

Spatial resolution: 0.05
degrees

Spatial coverage: Global
Temporal Extent: 2000 —
2020

Website:
https://climateserv.servirglobal.net/map

Soil

Data Modelling: ESRI
shapefile format,With soil

attributes database.

International Soil Reference and Information Centre
(ISRIC) Website

Land Use and

Land Cover

Data format: GeoTIFF
Spatial resolution: 30 x 30m
Temporal Extent: 2020
Coverage: South Africa

Managed by: Department of Forestry, Fisheries, and
the Environment (DFFE)
Website:

https://eqis.environment.qov.za/gis data downloads

3.5 Pre-Processing
Prior to utilizing the parameters in the analysis, it is pre-processed. This involves

various mapping processes, including reprojection, masking, and statistical

analysis. These steps are necessary due to factors such as variations in data sources,
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types, and formats, which require post-processing to ensure compatibility and
consistency.

3.5.1 DEM
According to the version of the SRTM dataset, it can be used for various

applications, including landslide susceptibility mapping (Das & Lepcha, 2019), and
terrain slope estimation (Zhu et al., 2020), which was the specific application in this
study. Nevertheless, to facilitate data integration, it is necessary to reproject all
datasets into a shared local coordinate reference system (CRS). Using ArcGIS Pro,
the SRTM data was transformed into the WGS 84 UTM zone 35S coordinate
system, and subsequently, the scene was validated against a base map and masked

to the area of study as illustrated in Figure 7.

3.5.2 Soil types
The soil type dataset used in the study was acquired by applying a mask to the ESRI

shapefile with its attribute database, limiting it to the study area. Subsequently, the
dataset was reprojected to align with the WGS 84 UTM zone 35S coordinate system
as shown in Figure 9. This was verified against a base map for accuracy prior to

being saved to a locally shared storage location.

3.5.3 Precipitation
The spatial and temporal varying precipitation data collected from CHIRPS for the

20-year period was analysed in RStudio and plotted in ArcGIS Pro as shown in
Figure 3. Initially, a time series spanning 20 years was generated to examine
seasonal patterns, as illustrated in Figure 4. Subsequently, the data was further
analysed by categorizing it based on monthly maximum precipitation, focusing on
the maximum, average, and minimum precipitation for each year over the 20 years
to identify trends in precipitation as shown Figure 5. Recognizing that precipitation
exhibits a high parametric index, it was examined to identify instances of high
precipitation that are likely to lead to flooding. This was achieved by statistically
analyzing the R and P values for the 20-year period.
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3.54 LULC
For this study, the LULC dataset from South Africa's Department of Forestry,

Fisheries, and the Environment (DFFE) for the year 2020 was utilized. The dataset
was imported into ArcGIS Pro to extract data specific to the study area.
Subsequently, the data was projected to the WGS 84 UTM zone 35S coordinate
system within ArcGIS Pro, and validation procedures were carried out to verify its
accurate alignment with the new coordinate system as shown in Figure 8Error!

Reference source not found..

3.5.5 Ras Mapper and Ras Geometry
The pre-processing role of HEC-RAS Mapper for LULC, soil types, and Digital

Elevation Model (DEM) in hydraulic modelling involved integrating various
datasets to enhance detailed topographic information for improved precision,
accuracy, and effectiveness of hydraulic analyses. Additionally, the model was
configured in both HEC-RAS Mapper and Geometry by defining the study area,
river network (reach), cross-sections, and banks. The incorporation of LULC and
soil type data into the model accounts for land surface characteristics and soil
properties, which are essential for computing Manning's n values. Regarding
Manning's roughness value (n), there are numerous references available, including
the HEC-RAS Mapper User’s Manual, which provides suggested Manning’s
roughness values (n) for floodplain and stream analysis. However, for this study,
the suggested Manning’s n values according to factors that affect roughness are
found in Chow's "Open Channel Hydraulics™ (1959). The Jukskei River is a major
river for this type of river Manning’s roughness coefficient ranges from 0.025 —
0.050 (chow 1959) thus the model was run between these ranges (Soliman et al.,

2022a). Manning’s n-value formula is written in Equation 3.

Equation 3 Manning's N value

1.486
V="

1/2
- R?/3s,

Equation 3

Where V is the velocity of flow (ft), R is the hydraulic radius, Se is the slope of the
energy grade line and n is Manning's roughness coefficient.
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3.6 Post-Processing
The HEC-RAS is a tool with a graphical user interface and GIS capabilities for 1D

and 2D flood model processing using geospatial data. The 1D hydraulic modelling
approach is known for its computational efficiency in determining floodplain and
flood extents, particularly for higher flows, even when dealing with limited
topographical datasets. As compared to 1D hydraulic model, the 2D hydraulic
model offers improved accuracy, flexibility, and the ability to handle complex
scenarios, making it suitable for detailed flood representation of flow behaviour in

urban areas and regions with irregular topography.

3.6.1 1D Steady Flow
This involved specifying flow data under steady flow conditions, encompassing

flow rates or water levels at the upstream boundary of the model domain (Chao et
al., 2018; Okoli et al., 2019). To simulate a steady model, both the frictional average
convergence method and the parabolic method for critical depth computation were
utilized for a supercritical flow regime. The frictional average convergence method
aims to achieve convergence by iteratively adjusting the frictional parameters until
a stable and consistent solution is achieved (Lamichhane & Sharma, 2018). The
parabolic method for critical depth computation involves employing the energy
equation to determine the critical depth at which flow transitions from subcritical
to supercritical. The energy equation takes into consideration energy losses due to
friction to calculate water surface profiles along the river reach (Lamichhane &
Sharma, 2018; Leon & Goodell, 2016). By solving the energy equation, HEC-RAS
computes water surface profiles from one cross-section to another using an iterative

procedure known as the standard step method (Lamichhane & Sharma, 2018).

Equation 4 Energy equation

a V¢ a, Vs

Zg +He:Z2+Y2+ Zg

Z;+1 + Equation 4

3.6.2 2D Unsteady Flow
Before initiating the simulation of 2D unsteady flow, it is essential to validate the

input hydraulic parameters such as Manning's roughness coefficients, bed
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elevations, and other factors (including LULC, soil types, DEM, and precipitation
data) to accurately characterize flow behaviour within the model. The configuration
of LULC, soil types, and DEM is performed in both HEC-RAS Mapper and HEC-
RAS Geometry, as well as within the 2D flow area. Within the 2D editor, the
boundary conditions for the 2D flow area are specified, and monthly precipitation
data is uploaded to cover the entire duration of interest. During the analysis, the
model equation employed for simulation is the diffusion wave equation with an
initial time condition set to 5 hours. The execution of the 2D hydraulic simulation
in HEC-RAS calculates various parameters such as water surface profiles, flow
velocities, flood extents, and other hydraulic characteristics. The model results are
calibrated by adjusting Manning's roughness (n) value and validated by comparing
the simulated results with the output of a previous study conducted by Mawasha &
Britz (2022) until the model achieves a satisfactory depiction of the scenario. The

dynamic wave equations comprise equations for continuity and momentum.

Equation 5 Continuity Equation:

dy dy av .
_ —_——r — Equation 5
atVortVox =71 q

(Kazezyilmaz-Alhan, 2012)

Equation 6 Momentum Equation:

av av ady .
T + Va_ +g 95, = g(So Sf) + [(r - —] Equation 6

(Kazezyilmaz-Alhan, 2012)

where y is the depth of water (L), S¢ is friction slope (L/L), S is bed slope (L/L), V
is water velocity (L/T), r is rainfall intensity (L/T), f is infiltration rate (L/T), g is

the acceleration of gravity (L/T?), t is time (T), and x is distance (L).

Page | 31



3.6.3 Calibration And Validation
Calibration and validation of the HEC-RAS model is a critical aspect of ensuring

the accuracy and reliability of its simulations. During the model calibration process,
40 events of dataset are used to adjust the model. The calibration process involved
adjusting Manning's n value for this study to achieve the best fit between the model
simulations. Due to the absence of satellite imagery on the day of the incident, the
validation of the model relied on data from a study conducted by Mawasha and
Britz (Mawasha & Britz, 2022). In their research, ground truthing was undertaken to
determine the extent of flooding in 2006. This procedure entailed outlining the
inundation utilizing Mawasha and Britz's model and then contrasting it with the
model outcomes obtained in the current study following each variation in Manning's

value and simulation.

3.6.4 Flood Mapping
Flood hazard and flood risk are very crucial aspects in understanding the areas,

infrastructures and livelihoods that are likely to be affected in the event of
precipitation with amounts as investigated. Flood depths, flood velocity and flood
inundation were generated in HEC-RAS and exported into ArcGIS Pro. The
modelled flood outputs were visualized on the terrain model to gain insight into
potential areas prone to flood hazards. Additionally, a base map of street networks
and buildings was superimposed on the DTM to further quantify the affected
infrastructure within the flood risk zones alongside the water surface level (WSL),

and channel profile.
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CHAPTER 4: RESULTS AND DISCUSSION

4.1 Rainfall Data Analysis
The precipitation over Alexandra, Johannesburg was assessed in RStudio to

evaluate the trend in the parameter. The assumption made was that high
precipitations are the cause of floods. That said, the maximum precipitation
recorded by the spatial in the watershed was applied in the analysis. The time series
of rainfall for Alexandra, Johannesburg, is presented in Figure 4 with largely the
contributing region being Johannesburg city. From the literature, Meissner &
Nicolai, 2019 pointed out that precipitation is a very high matrix in accessing flood
events. For the period 2000 to 2020, the results show that there have been random
and spontaneous events in frequency and intensity of high precipitation.
Henceforth, an evaluation was conducted regarding the climatic seasons within
South Africa, namely Summer, Autumn, Winter, and Spring. This involved the
spatial and temporal analysis to establish the correlation between precipitation and
time over the years. The analysis revealed that among these seasons, only three
Spring, Summer, and Autumn exhibited high levels of precipitation close to or
above 20mm in Alexandra. During the period spanning from 1% June to 31 August,
Winter typically experiences an average precipitation of 10mm or less. The trend
analysis also revealed that months characterized by significantly elevated
precipitation levels are January, February, and March, which coincide with the
Summer and Autumn seasons, registering 60mm and above in precipitation having
an average R-square value of 0.061 from the regression model Figure 5. As shown
by the R? values in Figure 5, the average R? value of 0.061 indicates a weak positive
correlation between time and rainfall.

For a better understanding, over the years the maximum precipitation data were
statistically aggregated from monthly to annual bases into minimum, average and
maximum annual values and then analysed for R-squared coefficients and P-values
using the linear statistical regression model calculated using the optimisation
technique within RStudio. The results are presented in Figure 6. The statistical
evaluation of the maximum yearly precipitation in Figure 6 (A), indicates a positive

R-value of 0.15 and P-value of 0.52. The R-value explains the strength and direction
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of the precipitation as it increases from the year 2000 to 2020 whereas the P-value
examines the data on a scale of 0 to 1, the quantity of the data (precipitation) that
influenced the trend in the statistics. With the P value of 0.52 greater than the
significance level of 0.05, it less strongly suggests that there is an increase in
precipitation over the years. Likewise, statistics of the average precipitation across
the years as shown in Figure 6 (B), indicates an R-value of -0.16. This explains a
slight decrease in precipitation across the years. With a p-value of 0.48 in the
context of 20 years of average precipitation data indicates that there is a high portion
of the precipitation data (i.e. 48%) explains the trend in the results of precipitation
statistics. This also implies that the observed precipitation patterns over the 20-year
period are not statistically significant at the conventional significance level of 0.05.
Finally, Figure 6 (C) is a plot of the minimum precipitation across 20-year period
of observation. The statistics reveal an R-value of -0.42 and a p-value of 0.06. In
this case, an R-value of -0.42 indicates a moderate negative correlation, suggesting
that as years increase, precipitation tends to decrease. However, the magnitude of
the correlation is not strong, indicating that the relationship is not highly linear. The
p-value of 0.06 suggests that only 0.06 (6%) of observation in the data
(precipitation) explains the decrease in trend of the analysis. While this p-value
greater than the threshold of 0.05 for statistical significance, it suggests that there
is no difference, and the null hypothesis is true for a decrease in precipitation.

In summary, the statistical evaluation of precipitation data reveals different patterns
across the years. The maximum yearly precipitation shows a positive correlation,
but the increase is less statistically significant, but the plot shows a few years with
high sporadic precipitation. Average precipitation displays a slight negative
correlation, but the observed patterns are not statistically significant. Minimum
precipitation indicates a moderate negative correlation, but the relationship is not
highly linear, and the statistical significance is close to the conventional threshold.
As highlighted by (Akiyode et al., 2017) the impact of climate change is gradual
yet significant, especially through alterations in precipitation and temperature

patterns.
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Monthly Precipitation
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4.2 Flood Area Mapping
A base map for Alexandra was established by utilizing digital satellite imagery

showcasing crucial elements like cultivated areas, structures, roads, names of
places, etc. as can be seen in Figure 1. The flood map displayed distinct features
within the channel and along the banks, such as water surface elevation (WSE),
volume, velocity, and depth, at monitoring stations traversing Alexandra,
corresponding to different levels of precipitation. Prominent features include
inundation occurrences corresponding to precipitation levels of 28mm, 49.43mm,
and 142.03mm within the catchment area. Given the catchment area's average slope
of 0.05 and Manning's n values in Table 5, at a precipitation level of 28mm, the
model produced a water surface elevation (WSE) depth of 2.64 meters and a volume
of 318.22 cubic meters within the reach. At the most severe location, cross-section
CS_4 in Alexandra, the flood travelled 102.22 meters to the left and 44.77 meters
to the right as shown in

Table 4, impacting a total of 1,473 buildings (in Table 3) with a cumulative area
coverage of 324,268 square meters (in Table 2). Notably, medium-risk and low-risk
areas encompassed a larger area compared to high-risk areas, primarily situated
within the reach. Additionally, it was noted that at a precipitation level of 49.429
mm, the flood depth escalated to 5.76 meters, accompanied by a volume of 5,743.5
cubic meters, which inundated an area totalling 526,216 square meters and
impacted a total of 2,803 buildings within the catchment area. The flood extended
143.49 meters to the left and 85.76 meters to the right at the designated cross-section
labelled CS_4. With a precipitation level of 142.03mm, the flood depth surged to
8.41 meters, accompanied by a volumetric flow rate of 29,844.87 cubic meters
passing through the specified cross-section. The overall inundated area amounted
to 1,137,908 square meters (approximately 1.138 square kilometres), impacting a
total of 7,242 buildings. The flood travelled 421.73 meters to the left and 151.12

meters to the right from the reach.
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Table 2. Precipitations against WSE, depth and water volume.

- Water Surface
Precipitation ) Volume (1000
Elevation (WSE) Depth (m)
(mm) m?)
(m)
14.00 1506.65 0.65 13.29
24.34 1507.49 1.47 63.29
28.00 1508.65 2.64 318.22
39.69 1509.25 3.24 891.21
45.00 1510.87 4.85 2,492.63
49.429 1511.79 5.76 5,743.50
88.00 1512.70 6.67 10,888.30
111.17 1513.69 7.65 18,775.41
142.03 1514.45 8.41 29,844.87
Table 3. Flood inundation and affected buildings.
Inundated Area (m?)
<1 1-5
Precipitation (Low (Medium >5 Total Area | Affected
(mm) Risk) Risk) (High Risk) (m?) Buildings
28 149,448 168,436 6,384 324,268 1,473
49.429 182,812 278,024 65,380 526,216 2,803
142.03 595,172 334,408 208,328 | 1,137,908 7,242
Table 4. Distance travelled by flood from the reach along cross sections.
Horizontal travelled by flood from the reach (m)
Precipitation CS 1 CS 2 CS 3 CS 4 CS 5
mm
(mm) Left | Right | Left | Right | Left | Right | Left | Right | Left | Right
28 70.96 | 95.01 | 56.38 55.9| 93.36| 71.19|102.22 | 44.77 | 32.39 | 44.77

Page | 48




49.429

88.52

129.08

92

91.24

112.97

96.64

143.49

85.76

56.8

64.91

142.03

117.26

174.1

180.1

109.89

154.35

113.79

421.73

151.12

75.58

87.19

Page | 49




—26°T¥‘50“

—26°|5'10"

-26°5'30"

-26015‘40"

—26“[6'30" -26°§'20“ —26°|6'10" —26|°6' -26°5'50"

—26°[6'40"

-26|°7' -26°6'50"

-26°|7'10"

_26I:»5‘

-26°|5'20"

rankenwald

ate Ext 8

Eastgate Ext .~ v
21

spak 0| \ A 7 A TaEE B

E arlboro-

’Gardens B

¥2nd-Road

— LB “Marlboro
& —Gardens |

/s Far East Bank

1st=Road
\
=

. East'Bank Ext

Bl T — |\
9 X == ,Marlrbor<o4_ —__Nle 5
-~ Alexandra g
- 604

: 'ﬂ“Ai&a’fn’d‘rajkEast\;f‘(‘
dra Ext | _Bank

' Alexandra Ext’
ALY i
| Alexandra Ext— Alex3

53Alexandra
w—Alexandr =
» 51 \\ ; 2.9
2\ L=\ Alexandra b
%7 -Alexandra Ext\_2 12 -

w"andré Ex

[=3
Z
O
=%
[
(o}

~c®

B Alexandra Ext |
26 ¢

V i ___victoria-Road ===
xandr ) ‘

32

Wynberg - A',e _Gardens AH
S\ ‘Qytlying

V\’el!mgton"Road'i

| Lombardy Eag

mley-View

' Bramley ViewBramley Vie
A\ \_Ext 8 Ext 15
s : _Casey Park | Lombag]

20 Z
| | [ | | 2L
28°5'40" 28°5'50"  28°%6'  28°6'10" 28°6'20" 28°6'30" 28°6'40" 28°6'50"  28°7'

T | T T T T [ T L
28°5'20" 28°5'30" 28°7'10" 28°7'20" 28°7'30" 28°7'40"

HEC-RAS 2D MAX. Depth
Map

[ Flood Inundation 0 0.5 1 2
I e Kilometers
Flood Depth (m) @ 142.03 mm

0.001977 - 1.000  (Low Risk)
I 1.000-5.000 (Medium Risk)
I 5.000 - 15.396973 (High Risk)

Figure 10. Maximum flood depth map of Alexandra.

Page | 50



4.3 Flood Hazard Maps
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Figure 11. flood hazard map at 28mm of precipitation.
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4.4 Flood Risk Map
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4.5 Water Surface Elevational (WSE) Maps
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4.6 Flood Velocity Map
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Figure 18. Flood hazard map of Alexandra, Johannesburg.
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4.7 Model Calibration and Validation
During the calibration process, adjustments were continuously made to Manning's

coefficient "n" until the disparities between observed and simulated inundations fell
within acceptable limits. The validation involved a comparison between the model
flood extent results at specific flow rates at a stage to observations. Since satellite
imagery covering the day of the events was not available and where it was the
imagery had a minimum of 70% cloud coverage, the results of the simulations were
validated against findings from Mawasha and Britz (Mawasha & Britz, 2022). That
was necessary because in a study undertaken by Mawasha and Britz, given the
absence of satellite data during the specific days or weeks of the events, field
validation was carried out within the catchment area to gather data for validating
the flood model (Mawasha & Britz, 2022). Table 5 shows the list of LULC types with
Chow’s 1959 Manning’s n values and the final Manning’s n value for the dynamic
flood model.

Table 5. Reference table for Manning roughness based on Chow-1959 (Soliman et
al., 2022b).

Description Manning’s n Value Range Final %::lul;ing’s n
Grassland/Herbaceous 0.025 - 0.050 0.035
Barren Land (Rock/Sand/Clay) 0.023 —0.030 0.270
Cultivated Land 0.020 — 0.050 0.035
IC;ct)(;rr:rsri\g;ciaI/DeveIoped, High 0.120 — 0.200 0.200
River/Open Water 0.025 - 0.050 0.035
Wetland/Open Water 0.045 - 0.150 0.025
Shrub/Scrub 0.070 - 0.160 0.115
Deciduous Forest 0.100 — 0.200 0.150
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Figure 19. Validation imagery for the calibrated model. Source (Mawasha &
Britz, 2022)

4.8 Discussion
There are various methods that can be employed to conduct flood analysis,

including hydrological modelling, probabilistic analysis, geospatial analysis,
statistical analysis, real-time monitoring, climate change impact assessment, and
integrated approaches, among others. Most of these techniques rely on ground
station datasets, real-time information, etc. This research presents a practical
method for mapping flood hazards, aiming to assist informed management and
decision-making for individuals with limited or no expertise in GIS and remote
sensing, utilizing multiple factors such as precipitation, DEM, LULC and soil
properties. Nevertheless, these influencing factors are interconnected, impacting
flood inundation indirectly through chains of factors that contribute to disasters.
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4.8.1 Effect of precipitation
The statistical results presented in Figure 5 and Figure 6 indicate that precipitation

data has a notably more substantial effect on the catchment area. The maximum
category is distinguished by irregularly elevated precipitation levels, constituting a
trend identified with a 32% p-value and an R-value of 22%, confirming both the
strength and the increase observed from the year 2000 to 2020. Conversely, the
minimum category also demonstrated a decrease in precipitation, with 8.8% (p-
value) of the data reflecting the underlying trend, and a -36% (R-value) confirming
both the strength and direction of this decline. The average category exhibits a
minimal difference in trend, with 8% (p-value) of the data elucidating the
underlying trend, and a decrease of 5% (R-value) explaining the strength and
direction. According to (Fischer et al., 2023), the interaction between severe dry
land conditions over long durations followed by heavy rainfall events yields severe
runoff which significantly influences flooding patterns and increases the risk of

flood occurrence.

4.8.2 Effect of LULC
Research conducted by Tom and his colleagues in Nairobi highlighted that, despite

the prevalence of city flooding, its impacts varied, with the informal settlements
and urban poor bearing the brunt. This clearly illustrates the fundamental factors
driving flood risk vulnerabilities throughout the urbanised poor. The ongoing and
swift transformations in LULC, attributed to urbanisation, have played a role in the
heightened runoff, leading to the occurrence of flooding in the city (Tom et al.,
2022).

According to studies by Mawasha and Britz, the LULC increased by 22.5%
between 1987 and 2015 resulting in an equivalent reduction of sparse and intact
vegetation which is predominantly due to an increase in informal settlement driven
by urbanisation into flood plains in Alexandra (Mawasha & Britz, 2022). The
classified land use data involved the use of Sentinel-2 data obtained from the
Department of Forestry, Fisheries, and the Environment (DFFE) in South Africa.

The data showed about 96% built-up areas, with little to no vegetation in some parts
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of Alexandra. The LULC dataset proved useful for assessing imperviousness and

computing Manning’s roughness coefficients for hydraulic modelling.

4.8.3 Effect of DEM (Topography)
The role of DEM in the delineation of watercourses in hydraulic flood models is

essential to the accuracy and reliability of flood mapping. In this research, it was
noted that using a 30-meter resolution Digital Elevation Model (DEM) caused water
accumulation at the resolution's edges, in an effort to represent water flow between
pixels, as pointed out by Saksena and Merwade (Saksena & Merwade, 2015). This
effect was more pronounced with coarser resolution DEMs, leading to greater flood
inundation areas (Saksena & Merwade, 2015). Again, the low resolution of the
DEM hindered the accurate depiction of the River Jukskei during periods of low
water levels following minimal precipitation in the simulation (Arash & Yasi, 2023).

4.8.4 Effect of Manning's roughness
From the hydraulic model calibration, the study found that the application of

various Manning's roughness values can result in differences in inundation extent
and travel times. Although the magnitude of this increase may not be significant, it
was observed that lower Manning's roughness values in the floodplain led to a rise
in travel times (Tuozzolo et al., 2019). According to Tuozzolo and colleagues, the
variability of Manning's roughness coefficients, particularly with respect to channel
depth, has a significant effect on river flow resistance, with riverbed resistance

decreasing as river size increases (Tuozzolo et al., 2019).

4.8.5 Model Calibration and Validation
The research involved calibration and validation of HEC-RAS model to accurately

simulate the flood. Despite variations in mathematical frameworks, complexity, and
dimensionality, all flood models have their limitations and strengths. In that respect,
a perfect model is almost impossible to simulate in isolating the natural
hydrodynamic procedures and thus flooding of urban regions. The challenges of
modelling urban floods are more pronounced in growing cities, where the physical
processes and microenvironments play a substantial role in city flood dynamics.

Consequently, it is crucial to accurately represent these factors in model simulations
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(Tom et al., 2022). The calibration of models is an essential procedure that
facilitates the use of present flood models in developing urban areas. Nevertheless,
discussions regarding model calibration consistently emphasize the necessity of
identifying and integrating uncertainties into the modelling process to guarantee
that the results are sufficiently meaningful for the study area (Dottori et al., 2013).
This was achieved by utilizing Manning's value based on the LULC data by DFFE
of South Africa, along with precipitation data specific to Alexandra township.
Consequently, Chow's Manning coefficients data was used for calibration of the
hydraulic models in WMS, and HEC-RAS. The flooding pattern produced through
the 1D and 2D hydraulic modelling approach using WMS and HEC-RAS in the
Alexandra region of the basin closely resembles the findings reported in studies
carried out by (Mawasha & Britz, 2022) as well in validation as shown in Figure
19.

4.8.6 Hydraulic Model
The results as shown in the flood hazard and flood risk maps as well as in Table 2,

Table 3, and

Table 4 gives a breakdown of precipitation against water surface elevation (WSE),
water depth and volume of water through a station in the model at Alexandra.
According to the breakdown in Table 2, with a 39.69 mm increase in precipitation
has a corresponding WSE of 1509.25 m, depth of 3.24 m and volume of 891.21
m”3. With the average slope on the left bank at 0.057 and on the right bank at 0.064,
it distinctly illustrates how water inundates the banks leading to the settlement at
Alexandra.

The outcome presents a summary of the research area, aiming to
comprehend the difficulties encountered by those residing in high-risk areas. It is
anticipated that this will strongly encourage city officials to recognize and
implement effective countermeasures. These measures must factor in safe areas
within the catchment area, away from the riverbanks which substantially exceeds
the elevation covered by the flood model. In addition, since the catchment is low-
lying with the meandering river channel, | suggest authorities and local government

take steps to protect the riverbanks from excessive erosion. Furthermore, the
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catchment will benefit from further studies to estimate silt and debris transport and
deposits from dynamic floods.
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CHAPTER 5: CONCLUSION AND RECOMMENDATIONS

5.1 Conclusion
In this study, various parameters including LULC, DEM, soil types, and

precipitation data spanning a 20-year period were utilized to evaluate the effects of
dynamic flooding in Alexandra, Johannesburg. Employing HEC-RAS and GIS
techniques, these parameters proved effective in analysing flood impacts within the
Alexandra catchment area. Precipitation statistics were employed to examine trends
in rainfall fluctuations over the specified time frame. Additionally, dynamic
modelling techniques were employed to identify inundation changes, with GIS
facilitating the assessment of impacts within the catchment area. The dynamic flood
analysis aimed to quantify flood impacts based on varying amounts of rainfall over
time, categorized into two levels: (1) precipitation analysis over the 20-year period,
and (2) assessing the flood's impact on community infrastructure for three levels of
rainfall intensity. R and P value analyses were conducted to discern precipitation
trends, while diffusion wave analysis was employed to model dynamic flooding in
Alexandra. The research effectively achieved its objectives, leading to the
following conclusion:

In this study, various parameters including LULC, DEM, soil types, and
precipitation. The precipitation data spanning a 20-year period were utilized to
evaluate the effects of climate change in Alexandra, Johannesburg, whereas the
other parameters including precipitation for the month of November 2016 was used
in modelling the dynamic flood modelling. From the study, it was proven that
Geographical Information Systems (GIS) and remote sensing are valuable tools for
identifying environmental hazards, particularly floods. By integrating remote
sensing data with field studies and software like HEC-RAS, it is possible to
determine flood-prone areas, establish construction limits, and set criteria for flood
zoning. The primary benefits of using GIS in flood management lies not only in its
ability to visualize flooding but also in its capacity to further analyze this data to
estimate potential flood damage. These advancements offer a more efficient and
accurate alternative to traditional methods of studying riverine floods. The dynamic

flood analysis aimed to quantify flood impacts based on varying amounts of rainfall
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over time, categorized into two levels: (1) precipitation analysis over a month, and

(2) assessing the flood's impact on community infrastructure for three levels of

rainfall intensity. R and P value analyses were conducted to discern precipitation

trends, while diffusion wave analysis was employed to model dynamic flooding in

Alexandra. The research effectively achieved its objectives, leading to the

following conclusion:

The precipitation data spanning 20 years from 2000 to 2020 in Alexandra
was collected for this study. Analysis of the precipitation data revealed
varying amounts of rainfall across the four seasons, with Spring, Summer,
and Autumn exhibiting higher records of rainfall. The highest average
rainfall of 142.03 mm was observed during the Autumn season in March
2016, while the lowest average of 35.23 mm occurred during the summer
season in November 2006. The average R-square value for these three
seasons was determined to be 0.0638. Additionally, an increasing trend in
overall rainfall was noted, with an R-value of 0.15 for the yearly maximum
precipitation over the 20-year period which was largely influenced by
irregular high rainfall. Conversely, a decreasing trend was observed in the
yearly minimum precipitation over the same period, with an R-value of
0.42.

In this study, the effect of flooding on the catchment area of Alexandra was
examined. The hazards and inundations observed following rainfall events
of 28 mm, 49.43 mm, and 142.03 mm indicated instances of flooding in
Alexandra, posing risks to property and livelihoods across the three
categories. Specifically, the number of buildings affected by 28 mm of
rainfall was determined to be 1,473, covering an area of 324,268 square
meters. This number increased by 47.45%, reaching a total inundation area
of 526,216 square meters, when precipitation levels rose to 49.43 mm.
Subsequently, with a precipitation level of 142.03 mm, the percentage
increase in affected buildings surged by 61.3%, resulting in a total
inundation area of 1,137,908 square meters.
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5.2 Recommendations
Based on the findings and considerations of this thesis, it is strongly recommended

to enhance the accuracy and precision of future studies in hydraulic analysis and
environmental modelling through the following measures:

Misrepresentation of LULC classes by low multispectral resolution analysis in
hydraulic modelling within HEC-RAS can present several implications. The limited
spectral information hampers the discrimination of diverse land cover types, leading
to oversimplified classifications and potential loss of fine-scale features. Mixed
pixels and inaccuracies in surface roughness representation may arise, impacting
the precision of hydraulic modelling. Particularly in urban areas, challenges in
distinguishing impervious surfaces, vegetation, and water bodies may compromise
the accuracy of flood simulations. A LULC with a high spatial resolution of 0.5
meters is recommended for better replication of surface roughness.

With accurate daily precipitation data, the hydraulic model will yield a better
representation of the flood event. Higher temporal resolution enables the precise
representation of individual rainfall events, capturing short-duration, intense
rainfalls crucial for modelling flash floods. Detailed temporal data facilitates the
realistic simulation of rainfall patterns, contributing to accurate predictions of peak
flow rates during flood events. Additionally, fine temporal resolution enhances the
understanding of hydrological processes such as surface runoff and infiltration,
leading to improved insights into how precipitation interacts with the watershed.
This level of detail aids in better-representing storm duration, essential for
estimating total rainfall volume and its impact on flooding. Furthermore, the
availability of high temporal resolution data supports improved calibration and
validation of hydraulic models, enhancing their accuracy by aligning simulated
hydrographs with observed data at small time intervals. If available, a precise daily
or hourly representation of precipitation is recommended for improving the
reliability and effectiveness of hydraulic flood models.

Due to a lack of high-resolution DEM (1-5m) not available for the conducted
studies, stagnant water pools were observed in concealed areas within the
catchment, and water flow was impeded at specific precipitation levels in the

designated reach. High spatial resolution ensures a detailed representation of the
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Earth's surface, capturing subtle variations in elevation that are essential for
accurate modelling of flow paths and inundation patterns during floods. This level
of detail is particularly crucial in urban areas, where complex topography requires
precise representation for modelling flood scenarios with accuracy. Additionally,
fine spatial resolution aids in the identification of small-scale features, such as
channels and depressions, contributing to a more realistic simulation of water flow
and the prediction of flood-prone areas. High-resolution DEMSs also improve the
modelling of small water bodies, enhance the representation of river and stream
channel networks, and enable more accurate mapping of floodplains. Ultimately,
the spatial resolution of DEMs plays a crucial role in improving the reliability of
hydraulic flood models, providing crucial insights for flood risk assessment and
mitigation strategies. As discussed by (Annis et al., 2020; Hawker et al., 2018;
Thomas Steven Savage et al., 2016). Considering the widest portion of the river in
the study area is 25m, it is recommended that a higher-resolution DEM to describe
the river channel be used for real replication of terrain and more effective model
performance.

Implementing these recommendations will contribute to the advancement of
research in environmental science and hydraulic modelling, fostering a more
comprehensive assessment of the dynamics influencing LULC, precipitation

patterns, and river channels.
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