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Abstract

Floods, as a prevalent and destructive natural hazard, have globally inflicted substantial
human, economic, and environmental losses. With floods affecting approximately 1.6 billion
people and accounting for 44% of all disaster events from 2000 to 2021, there is a clear risk
associated with residing in areas known for susceptibility to seasonal or flash flooding, as it
can result in the loss of lives or property damage. Due to that, the urgency to address flood-
related risks is paramount. One approach is through the identification of flood risk areas
through multi-criteria decision analysis (MCDA) such as the Analytical Hierarchy Process
(AHP) and Triangular Fuzzy Analytical Hierarchy Process (FAHP). To date, numerous flood
risk studies have utilized the Analytical Hierarchy Process (AHP) and Triangular Fuzzy
Analytical Hierarchy Process (FAHP) but often overlooked the sensitivity of these methods to
variations in weighting factors, leading to increased subjectivity in their findings. Consequently,
this study focuses on evaluating the sensitivity of both AHP and FAHP to changes in criteria
values, aiming to enhance the objectivity and reliability of flood risk assessment. A GIS-based
MCDA framework was employed for flood risk estimation, excluding considerations of social
vulnerability and exposure, for the eThekwini Metropolitan Municipality in South Africa. The
criteria, derived from a literature review, included soil type, elevation, rainfall, slope, drainage
density, distance to rivers, and land use/land cover. AHP and FAHP were utilized to assign
weights to these criteria, with sensitivity analysis conducted through twenty-eight simulations,
involving a 20% increase and decrease in the weights of each parameter. Results, evaluated
using ROC-AUC analysis, demonstrated high accuracy for both AHP and FAHP, with AUC
values of 94.4% each, placing them within the "Good (Very Good)" range. FAHP demonstrated
greater stability compared to AHP in response to sensitivity testing involving changes in
weightings. Based on these findings, the study recommends prioritizing FAHP over AHP for

flood hazard mapping studies.

Keywords: Flood risk assessment, Flood risk mapping, Sensitivity analysis, Analytical
Hierarchy Process (AHP), Triangular Fuzzy Analytical Hierarchy Process (FAHP), Multi-
criteria decision analysis (MCDA), Geographic Information System (GIS), and ROC-AUC

analysis.
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1. Chapter One: Introduction

GENERAL INTRODUCTION

1.1. Introduction
Every year, floods result in significant loss of life and widespread destruction of property, along

with severe environmental damage, globally (UNISDR, 2019). Floods, among the most
common and widespread weather-related natural hazards, have significant negative impacts
in many countries (CRED and UNISDR, 2017). According to the Emergency Event Database
(EM-DAT, 2021), floods have affected approximately 1.6 billion people globally, the biggest
number of any disaster type, accounting for 44% of all disaster events between 2000 and
2021. They have also contributed to 13% of all the fatalities caused by natural hazards, as
well as major economic losses of almost $656 billion in the same period (EM-DAT, 2021). The
United Nations Office for Disaster Risk Reduction (UNISDR, 2009) defines a ‘natural hazard’
as a “natural process or phenomenon that may cause loss of life, injury or other health impacts,
property damage, loss of livelihoods and services, social and economic disruption, or
environmental damage”. The Centre for Research on the Epidemiology of Disasters (CRED,
2017) defines a ‘disaster’ as “a situation or event which overwhelms local capacity,
necessitating a request at national or international level for external assistance; an unforeseen
and often sudden event that causes great damage, destruction and human suffering”. There
is a clear disaster risk if people live in areas that are known to be prone to seasonal or flash
flooding (natural hazard) since it may result in the loss of lives or property damage (Cilliers,
2019).

Although floods are the most frequent type of natural disaster that occurs in South Africa
annually (Midgley et al., 2005; Le Maitre and Kotzee, 2019), the majority of urban settlers live
in unplanned informal settlements, often in flood-prone areas (Busayo et al., 2022; Musungu
et al., 2016; Le Quéré et al., 2020). This situation is exacerbated by the rapid growth of the
population, leading to the expansion and development of urban and rural settlements along
the riverbanks and floodplains (Sauka, 2016). Consequently, numerous communities,
especially those residing in low-lying areas, near riverbanks, and in regions susceptible to high
rainfall, face a heightened risk of negative impacts from floods (Munyai, 2016). Due to these
risks, the establishment of a flood risk assessment method is a suitable approach that can
effectively address floods and provide mitigation measures to help reduce their impacts (Ran
and Nedovic-Budic, 2016). Implementing such assessment methods can empower
communities with early warning systems, evacuation plans, and sustainable land-use

practices, enhancing resilience against the recurring threat of floods (Perera et al., 2020).



In the period between 1980 and 2010, South Africa recorded 77 major floods which resulted
in 1,068 fatalities (CSIR, 2019). Moreover, since 2010 the country has experienced multiple
devastating floods that have caused substantial infrastructure damage, and loss of lives and
livelihoods (Mothapo, 2019). As a result, the probability of experiencing a flood in a given year
is notably high, given that the frequency and intensity of catastrophic floods continue to rise
(Dube et al., 2022). Therefore, it is of utmost importance that investments be made in disaster
management processes by updating the infrastructure through building more dams,
constructing dykes, and also ensuring proper selection of settlements that are not prone to
flooding which implies taking measures to avoid building communities in areas that are known
for being susceptible to flooding, to protect the safety and well-being of the residents and to
prevent potential flood-related damage (WHO, 2002; Dung et al., 2018; Sapkota, 2017).
Furthermore, applying the appropriate mitigation strategies and delineating flood hazard
zones can significantly reduce flood-related damages (European Union Flood Directive, 2007;
Naulin et al., 2013; Guo et al., 2014).

Over the years, various efforts have been made by individuals, communities, and governments
to reduce society’s exposure to known environmental hazards (Copolla, 2006). For example,
on the assessment and management of flood hazards, the European Union established a
Directive 2007/60/EC with the main goal of creating a general framework for flood risk
management and mapping (Feloni et al., 2019). The primary aspect of the flood directive is
identifying flood-prone areas within the European Union. In alignment with this, Sutanta et al.
(2010) argue that spatial development planning functions as a proactive tool with substantial
potential for Disaster Risk Reduction (DRR). They emphasize its role in strategically guiding
future land uses to avoid areas susceptible to known natural hazards. In this way, the strategic
control offered by spatial development planning aligns with the goals of flood risk
management, as exemplified by the EU Directive. To effectively implement flood risk
management strategies, various tools for mapping flood risk zones are employed to facilitate
a comprehensive understanding of vulnerable areas and enable informed decision-making in
spatial development planning. As an example, Geographic Information Systems (GIS)
emerged as a pivotal tool for mapping flood risk zones in the realm of flood risk management
(Ding et al., 2021).

Over time, GIS has gained popularity, offering quicker and more efficient methods to identify
and map flood risk zones while also being proposed as a decision support system for effective
flood management. Many studies, including those conducted by Allafta and Opp (2021), Cai
et al. (2021), Rincon et al. (2018), and Feloni et al. (2019), have employed GIS for flood risk
assessment. In most cases, it has been integrated with Multi-criteria Decision Analysis
(MCDA) to enhance the quality of decision-making (Cai et al., 2021; Allafta and Opp, 2021;
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Feloni et al., 2019). This integration is especially crucial because flood hazard mapping and
risk assessment require the use of criteria, as highlighted by Poussin et al. (2014).
Consequently, an increasing number of studies have adopted the MCDA approach in
conjunction with GIS for comprehensive flood risk assessment. This integrated approach
facilitates the incorporation of the three key components of risk assessment—hazard,
exposure, and vulnerability—as emphasized by Rincon et al. (2018). It also considers flood

risk assessment as a product of comprehensive action of several factors (Cai et al., 2021).

MCDA is defined as: “a multi-step process consisting of a set of methods to structure and
formalize decision-making processes in a transparent and consistent manner” (Langemeyer
et al., 2016:48). The primary objective of employing various methods of MCDA is to enhance
the clarity and transparency of the decision-making process by assessing criterion weights.
This improved transparency results in more rational and effective decision-making, ultimately
yielding decisions that are reasonable and easily understandable (Mateo, 2012). The most
common types of MCDA methods that are often applied for mapping flood risk zones are the
AHP and FAHP (Hoque et al., 2019; Gigovic et al., 2017; Dahri and Abita, 2017; Lin et al.,
2019; Yodying et al., 2019; Cai et al., 2021; Yang et al., 2013; Papaioannou et al., 2015).

AHP is a decision-making support method that allows users to intuitively judge the relative
weight of various criteria or options in comparison to a specified criterion (Saaty, 1990). It uses
a network structure to represent a problem and pairwise comparisons to establish the relations
within that structure (Saaty, 1980). This method has been widely used to map flood risk and
susceptibility using a combination of different flood-related parameters (Rincon et al., 2018;
Feloni et al., 2019; Cabrera et al, 2019; Valdez and Fernandez, 2014). The purpose of AHP
in flood risk mapping is to weigh the criteria based on the relative importance of each
parameter towards a flood risk. Despite its popularity in flood risk mapping, it is often
considered inferior because of the “subjective” judgments produced by the priorities of
decision-makers (Feloni, 2019) and its incompetency when applied to ambiguous problems
like the uncertainty of the criteria of the parameters (Tsai et al., 2010; Sadiq and Tesfamariam,
2009). As aresult, it has been improved by combining mathematical techniques, like the fuzzy
logic methodology to make a FAHP to reduce the uncertainty of the parameters
(Pappenberger et al., 2007). In recent years, the two methods have so far, proved to be useful
in flood risk mapping as they have drawn considerable interest in problem-solving from
scholars as well as decision-makers and practitioners beyond the scientific community (De
Brito and Evers, 2016).

An essential component of FAHP, called sensitivity analysis has been identified as a suitable

method for understanding flood-related models and reducing their uncertainty (Pappenberger



et al., 2007). This method determines how the selection of alternatives changes when the
relative weights of the selection criteria are adjusted (Munz, et al. 2016). It has also been used
in various fields of study to measure the consistency of MCDA methods in the weighting of
parameters (Dogan, 2021; Feick and Hall, 2002; Pappenberger et al, 2007; Boroushaki and
Malczewski, 2009). However, in flood risk assessment many studies adopted the AHP and
FAHP but neglected sensitivity, thus leaving more subjectivity. According to Crotto et al.
(2000), sensitivity analysis can help to alleviate the uncertainty of multi-criteria analysis
methods. This method ensures the stability of the outputs by demonstrating the impacts of
small changes to certain input parameters on evaluation outcomes. Criteria weights are mostly
identified as the source of uncertainty because they are subjectively defined, as a result, they

can affect the decision outcomes (Belton and Hodgkins, 1999).

1.1. Research Aim and Objectives

1.1.1. Aim
The study aims to evaluate the sensitivity of the AHP and the FAHP to changes in criteria

values.

1.1.2. Research Objectives
i.  Determine criteria that are needed for identifying and mapping flood risk areas.

i. Determine the weights and conduct a multi-criteria analysis using the two methods
(AHP and FAHP).

iii.  Map the spatial distribution of flood risk zones within the municipality.

iv.  Adjust the criteria weights by varying percentages and conduct an accuracy

assessment to measure the impact of weight adjustments on the outcomes.

1.2.  Structure of the dissertation

Chapter One

Chapter one of the study offers an overview by highlighting the global impact of floods as a
natural hazard and delving into the specific vulnerability of South Africa, where floods stand
out as the most frequent natural disaster. This vulnerability is exacerbated by the rapid growth
of informal settlements in flood-prone areas due to a swiftly increasing population. The chapter
also explores the growing utilization of Geographic Information Systems (GIS) for the
identification and mapping of flood risk zones, emphasizing its role as a decision support
system in effective flood management. Furthermore, it emphasizes the significance of Multi-
criteria Decision Analysis (MCDA), particularly focusing on the AHP and FAHP, in mapping
flood risk zones. AHP's subjective judgments prompted the development of FAHP to address

uncertainty. The chapter introduces sensitivity analysis as a method within FAHP to reduce



uncertainty and comprehend flood-related models. The study's ultimate goal is outlined as
testing the sensitivity of AHP and FAHP in flood risk assessment using a multi-criteria

approach.
Chapter Two

The chapter provides a comprehensive review of existing research on floods, covering various
aspects such as flood risks, vulnerabilities, occurrences, spatial distribution, causes, and
types. The role of GIS and multi-criteria analysis in flood risk mapping is explored. The chapter
extends its focus to flood risk management, delving into strategies and approaches employed
to mitigate the impact of floods. Managing floods, a critical component, is discussed in terms
of the methods and measures implemented to control, prevent, and respond to flooding
incidents. Additionally, the chapter introduces and discusses two key concepts: the concept
of weighting, which involves assigning importance to different factors contributing to flood risk,
and the concept of sensitivity analysis, which assesses the reliability of methods used in flood

risk assessment and identifies areas for improvement.
Chapter Three

Chapter Three of the study details the methodology employed for flood risk assessment,
utilizing a GIS-based Multi-Criteria Decision Analysis (MCDA) approach. The methodology
integrates the Analytical Hierarchy Process (AHP) and Triangular Fuzzy Analytical Hierarchy
Process (FAHP) to assign weights to criteria, enhancing decision-making precision. The
chapter outlines the stepwise process of assigning weights and introduces sensitivity analysis,
adjusting weights by +20% to evaluate the methodology's robustness. The ROC-AUC is
introduced to quantitatively assess the accuracy of the flood risk assessment model. This
chapter establishes a comprehensive framework, combining GIS, AHP, and Triangular Fuzzy

AHP, to enhance the accuracy and reliability of flood risk assessment in the study area.
Chapter Four

Chapter Four presents the results of the flood risk assessment methodology outlined in
Chapter Three. The GIS-MCDA employing AHP and FAHP successfully produced two flood
hazard maps. The sensitivity analysis, involving modifications of weights by +20%,
demonstrates the robustness of the methodology and reveals the subtle effects of changes in
criteria weights on the ultimate assessment of flood risk. Additionally, the ROC-AUC results
guantitatively measure the accuracy of the model, enhancing our understanding of its
capability to differentiate between different flood risk scenarios. Chapter Four encapsulates
the tangible findings, patterns, and trends derived from the applied methodology, significantly

advancing our comprehension of flood risk in the study area.



Chapter Five

This chapter concludes the study by combining and summarizing the valuable information and
understanding obtained from the methodology discussed in Chapter Three and the results
presented in Chapter Four. Moreover, it offers practical recommendations based on the
nuanced insights obtained, aiming to guide informed decision-making in flood risk
management.



2. Chapter Two: Literature review

2.1. Introduction
This chapter thoroughly reviews existing research on floods. It covers various aspects such

as flood risks, vulnerabilities, and occurrences. The chapter explores the spatial distribution,
causes, and different types of floods. Additionally, it further explores the role of GIS and multi-
criteria analysis in flood risk mapping. Furthermore, understanding flood risk involves a
multifaceted approach, which involves knowledge of flood causes, types, and their spatial
distribution. The chapter also delves into historical major flood events in South Africa,
providing an understanding of recurring challenges. Recognizing these historical events and

the factors contributing to floods is essential for assessing contemporary flood risks.

Moreover, the chapter emphasizes the link between disaster risk management and the
broader field of disaster management. It focuses on multi-criteria analysis, a method for
comprehensively evaluating factors contributing to flood risk. The effectiveness of these
methods is assessed, considering the concept of weighting and how subjective opinions can
influence different approaches. Additionally, the concept of sensitivity analysis is also
discussed, assessing the reliability of these methods, and identifying potential areas for
improvement. This chapter is instrumental in strengthening the ability to address flood risks

and lays the groundwork for more informed decision-making in flood risk management.

2.2. Understanding floods and flood risk

Floods are considered a significant disaster, and their frequency and severity are projected to
increase in many countries due to socioeconomic developments and global warming (Taguchi
et al., 2022; Hirabayashi et al., 2013; Alfieri et al., 2017). One could argue that human activities
have enhanced the flooding's strength and suddenness or, at the very least, created the
potential for harm (Klijn, 2009). Hence, flood risk is a measure of the likelihood of a flood
occurring and the potential negative effects it may have (Taguchi et al., 2022). While floods
can have benefits, such as distributing nutrient-rich sediment across floodplains and creating
habitats, they can also be catastrophic, causing damage to infrastructure and resulting in loss
of life for both humans and animals (Sayers et al., 2013). In recent years, the impacts of floods
have become more severe due to human activities such as urbanization and development in
flood-prone areas (Cabrera and Lee, 2019). According to the World Bank (2020),
approximately 1.47 billion people worldwide are directly at risk of intense floods, and
approximately 600 million of them are poor, making them particularly vulnerable to the

devastating impacts of flooding. This increasing vulnerability highlights the necessity of



establishing precise definitions and characterizations of floods, thereby facilitating a more

comprehensive understanding of the challenges they pose.

2.2.1. Defining floods
In 2007, the European Parliament Council established a fundamental definition of floods as

"the temporary covering by water of land not typically submerged by water." This overarching
conceptualization involves a wide range of flood events (Feloni et al., 2019). Similarly, the
IPCC (2012), defines floods as "the overflowing of the normal confines of a stream or other
body of water, or the accumulation of water over areas that are not normally submerged.”
However, despite the common association of floods with rainfall, it is important to recognize
that floods can manifest through various mechanisms not directly linked to prevailing
meteorological conditions, as highlighted by Doswell (2003). As a result, it is imperative to
consider processes that may be unrelated to climatic phenomena to provide a holistic
understanding of floods, even though it is widely acknowledged that floodwaters, at some
point, originate from precipitation in order. Building upon this discourse, Carter (2012) notes
that the Australian Government has proposed an alternative definition of floods, stating that
"flood means the covering of normally dry land by water that has escaped or been released
from the normal confines of any lake or river, creek, or other natural watercourse, whether or

not altered or modified, or from any reservoir, canal, or dam."

In the context of this study, floods are defined as the temporary inundation of typically dry land
by water, irrespective of the source or prevailing meteorological conditions. This definition
comprehensively involves scenarios where water surpasses the typical boundaries of natural
watercourses, lakes, rivers, reservoirs, canals, or dams, whether they have undergone
modifications or remain in their natural state. The adoption of this inclusive definition is
imperative for thorough comprehension and assessment of flood risks in the scope of this
research. In essence, the definition involves a broad range of situations where an excessive
amount of water leads to the inundation of normally dry land. Moreover, floods can have

various causes and can impact both natural and human-altered water systems.

2.2.2. Flood causative factors
Floods occur when an excess of water temporarily submerges normally dry ground (Wisner et

al., 2004; Martini and Loat, 2007; Klijn 2009; Ali, 2018). They can be caused by various factors
which can be divided into natural and man-made causes (Dambe, 2020). According to van
Niekerk and Nemakonde (2017), changes in weather patterns are one of the main causes of
natural hazards in Sub-Saharan Africa. The extreme EI Nifio event, which occurred in 2015—
2016, devastated the Sub-Saharan countries with droughts and floods (van Niekerk and

Nemakonde, 2017; Dambe, 2020). However, there are a variety of other factors that cause



floods globally. A summary of some of the factors that cause and contribute to floods is

provided below.

2.2.2.1. Natural factors causing floods.
. Meteorological phenomena like prolonged, cyclones, storms, tidal surges, and

drainage changes when combined with heavy rain can result in floods (Braimah et
al., 2014). Heavy rainfall that lasts for a long time saturates the soil, making it
incapable of storing any more water, as a result, increasing surface drainage.

. Topography and natural drainage obstructions slow the flow and cause backwater
effects whereas steep slopes boost flow and runoff, which in turn boosts overland
flow thereby causing floods (Dambe, 2020).

. Regarding water movement, soil type is also important. Since shallow soils have
less storage capacity, and do not absorb as much water, which increases overland
flow and vice versa (Allafta and Opp, 2021). The same holds for impermeable rocks
that promote through flow and overland flow while obstructing groundwater
movement (Doswell, 2003).

. Increased runoff from snowmelt due to warm temperatures can also cause floods
(Musungu et al., 2012; Beven, 2004; Manfreda et al., 2010). In many parts of the
world, severe flooding and soil erosion are primarily caused by fast snowmelt on
impermeably frozen soil (Flerchinger et al., 2013). The ability of the soil to absorb
water can be significantly reduced by soil freezing. Large runoff episodes from
otherwise light rainfall or snowmelt events result from ice-blocking soil pores
(Flerchinger et al., 2013).

. Flooding along the coast may result from high tides, storm surges, and powerful
winds creating high energy waves and causing an increase in wave run-up (Le
Maitre and Kotzee, 2019). According to Ebersole et al. (2022), the primary cause
of coastal flooding is storm surges. Tropical cyclones can be accompanied by
heavy rain, which can also significantly increase the risk of flooding. By delaying
the drainage of rainfall off the watershed and toward the coast, storm surges can
exacerbate inland floods (Ebersole et al., 2022).

. Earthquakes can influence flooding by changing the flow, volume, and distribution
of surface and/or subsurface waters as well as the physical characteristics of
naturally occurring and artificial environments such as elevation, topographic relief,
and permeability (Quigley and Duffy, 2020; Doswell, 2003). For example, a
submarine coseismal landslide or an offshore fault rupture may result in flooding

brought on by a tsunami. The lower plate, plate interface, upper crustal, or upper



plate faults may all experience subduction-related tsunami genic earthquakes
(Gusman et al., 2009).

2.2.2.2. Anthropogenic factors causing floods.
While natural systems can handle occasional floods, human development across much of the

world’s geography, coupled with our consumptive lifestyles, have not only increased the
frequency of floods but also exacerbated their impacts (Munsaka and Mutasa, 2020; Asiedu,

2020; Braimah et al., 2014). Below are some anthropogenic factors that influence floods.

. Urbanization stands out as the predominant anthropogenic factor contributing to
floods, as indicated by Asiedu (2020). Several other scholars, including Kaendler
et al. (2018), Eldho et al. (2018), and Feng et al. (2021), have associated
urbanization with heightened levels of rainfall and its impact on flooding.
Additionally, Doswell (2003) contends that even minimal rainfall can trigger flash
floods in highly urbanized regions. This connection between urbanization and
flooding is primarily attributed to the expansion of impermeable surfaces within
urban areas, which tends to slow down the natural hydrological response time and
elevate the risk of flooding, as emphasized by Feng et al. (2021). Furthermore, the
pace of urbanization has accelerated to such an extent that many people are
deprived of access to safe land with essential services. Consequently, they are
compelled to settle in marginal lands situated in proximity to hazardous zones,
such as rivers.

. Inadequate natural drainage because of pollution or improper waste disposal that
strains the drainage systems also causes flash floods (Dambe, 2020; Karley, 2009;
Twumasi, 2002; GBF et al., 2014). For instance, poorly maintained drainage
systems are often clogged with garbage which prevents rainwater from draining
fast and easily, thus increasing flooding.

. Construction of buildings along floodplains which causes water flow obstruction,
careless dumping of municipal waste on floodplains, inside streams, and river
systems can also result in flooding (Onifade et al., 2014).

. Due to competition for agricultural land and deforestation brought on by the usage
of fuelwood, soil erosion has increased while water retention capacity has
decreased, and sedimentation has grown, worsening the risk of flooding (Dambe,
2020).

. Another noteworthy anthropogenic factor that can exacerbate flooding risk is the
unethical practice of certain local authorities or officials who, in some instances,

sell land in flood-prone areas without adequate consideration of potential risks and
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consequences. This may endanger lives and property and, in turn, contribute to

the issue of urban flooding.

2.2.3. Types of floods
According to Eleuterio (2012), a flood event is influenced by several factors that help to

distinguish between floods in various circumstances. The water source (origin), the geography
of the receiving area, the cause, and the speed of onset are all factors that can be used to

categorize floods (Klijn, 2009). The different types of floods are described below.

2.2.3.1. Coastal floods
Coastal flooding often occurs during extreme water level events due to the combined

influences of various factors, as discussed in the study by Swathy Krishna et al. (2023). These
factors encompass astronomical, atmospheric, thermal, oceanographic, and geophysical
forces, encompassing elements such as powerful battering waves, storm surges, high tides,
and resulting mean sea level anomalies. As an example, in June 2007, South Africa
experienced significant coastal and inland flooding, including coastal areas in the Western
Cape, KwaZulu-Natal, and Eastern Cape provinces where heavy rainfall and stormy
conditions, associated with a severe weather system, led to extensive flooding along the

coastal regions of these provinces (Hunter, 2007).

2.2.3.2. Flash floods
The term "flash flood" describes a rapid flooding event that occurs during or immediately

following intense precipitation, resulting in a swift surge of water (Ugwuibe et al., 2021). As a
result, flash floods more often happen in relatively small catchments where the drainage
basin's response time is short. Despite being a subtype of riverine flooding (Wisner et al. 2004;
Wright 2008), flash floods are frequently treated separately due to the high death toll and
significant damage they can cause (Els, 2011). For instance, intense precipitation and
powerful winds impacted South Africa, specifically the Western Cape Province and the Cape
Town region, from September 23rd to 26™ in 2023. These weather conditions led to flooding,
landslides, overflowing rivers, and several significant weather-related incidents, resulting in
both casualties and property damage (“South Africa - Floods and Severe Weather, Update
(Floodlist, Media, SAWS) (ECHO Daily Flash of 27 September 2023) - South Africa,” 2023)

2.2.3.3. Riverine floods
Unlike flash floods, river floods which are also known as fluvial floods typically develop over

days or even months. This slower onset is often due to multiple, distinct episodes of rainfall
that exceed a river's channel capacity, occurring over extended periods and affecting large
basins, including 'main stem' rivers (Doswell, 2003; Wright, 2008; Els, 2011).
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2.2.3.4. Urban floods
Urban flooding occurs when stormwater enters a city at an increased rate than it can be

absorbed by the soil, transported to a body of water (lake, river, etc.), or collected in a reservoir
(Els, 2011; Wright, 2008; Vazhuthi and Kumar, 2020). Rapid snowmelt, flash flooding, coastal
flooding, or river flooding are all potential causes of the increased water flow. Urban floods
can inflict considerable structural damage, even when water levels are a few inches deep
(Klijn, 2009).

2.3. Flooding in Southern Africa
Floods, severe storms, droughts, and wildfires are the most frequent extreme weather

occurrences in Southern Africa (Davis-Reddy and Vincent, 2017). Historical evidence also
shows that natural disasters like floods have afflicted many African countries, including South
Africa (Mothapo, 2019). So far, flooding continues to take its toll on the population of many
other African countries, where there has been a sharp rise in the number of flood-related
fatalities and economic losses in the last 50 years (Mothapo, 2019; Di Baldassarre et al.,
2010). Countries within the Southern region of the Southern African Development Community
(SADC) have also witnessed destructive flooding events of different scales in the past. For
instance, in recent years, the Southern African region has withessed several significant flood
events, with one notable example being the one caused by Cyclone Idai in March 2019.
Cyclone Idai, which is one of the most devastating tropical cyclones in the Southern
Hemisphere, made landfall in Mozambique, Zimbabwe, and Malawi, resulting in widespread
flooding and destruction of infrastructure (United Nations Office for the Coordination of
Humanitarian Affairs, 2021).

More importantly, the International Federation of Red Cross and Red Crescent Societies
(IFRC) (2022), indicates that the average number of climate and weather-related disasters
has increased by about 35% during the past three decades. In the last ten years alone,
extreme weather and climate-related events contributed to 83% of disasters, causing 410,000
fatalities and affecting 1.7 billion people globally and generating a tremendous financial loss

in the economies of many countries (Angelakis et al., 2023).

Floods can potentially introduce viruses, parasites, and bacteria into clean water supplies,
which can lead to the spread of waterborne illnesses (Brown and Murray, 2013). However, it
is important to note that this is not always the case, and the outcome may vary depending on
specific circumstances. Southern African communities experience food insecurity because of
flood disasters' impact on agricultural production (FAO-SAFR, 2002). According to Musyoki et
al. (2016), governments in Southern Africa are developing strategies to deal with the effects
of flooding, but these efforts are frequently insufficient and impacted by public views, which,

in turn, affect their responses. Moreover, communities frequently oppose relocation because
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agriculture depends on flooding and because biological systems are the foundation for the

regrowth of crops, plants, and aquatic life (Wisner et al. 2004; Musyoki, 2016)

2.3.1. Overview of floods in South Africa
In South Africa and many other countries, natural hazards are common phenomena,

especially floods (Midgley et al., 2005; CSIR, 2019; Ntanganedzeni and Nobert, 2021). The
country has experienced floods in the past, from local events through to national disasters
caused by widespread flooding brought on by catastrophic storms like tropical cyclones, the
most recent one being cyclone Eloise in January 2021 (Mothapo, 2019; van Niekerk et al.,
2019; Davis-Reddy and Vincent, 2017; Pharoah et al., 2016; Pyle and Jacobs, 2016).
According to the South African Weather Service (SAWS, 2021), the country has recently
experienced above-average rainfall, leading to floods. These floods have caused widespread
destruction not seen in the country in the past few years. The Food and Agriculture
Organization of the United Nations (FAO, 2021), argues that the La Nina event is the reason
for these above-average rainfalls which usually occur around November to April. La Nina is
defined as a climate phenomenon characterized by the weakening of prevailing trade winds,
resulting in reduced upwelling and changes in ocean currents, which lead to a warming of sea
surface temperatures and a further weakening of trade winds (IPCC, 2012). This event exerts
a significant influence on wind patterns, sea surface temperatures, and precipitation
distribution in the tropical Pacific. Its climatic repercussions extend across the Pacific region

and impact various parts of the world, including South Africa (IPCC, 2012).

On the 31% of March of 2000, one of the most notable flooding events occurred in South
Africa's northeast due to heavy rainfall. The affected areas included the Crocodile River, Sabie
River, and the Limpopo River basin, resulting in more than 700 fatalities (Dyson and van
Heerden, 2001; Mkhulisa, 2017; Spaliviero, 2014). The flooding displaced approximately
300,000 people in Limpopo and Mozambique (Halsnaes and Treerup, 2009) and caused
billions of rands in damage to both public and private infrastructure (du Plessis, 2002;
Nethengwe, 2007; Mothapo, 2019).

Subsequently, in the KwaZulu-Natal province of South Africa, severe flooding and landslides
occurred due to heavy rainfall caused by a Cut-Off Low (COL) (Mashao et al., 2022) from 11
to 13 April 2022. This event resulted in the deaths of 448 people, the displacement of more
than 40,000 people, and the destruction of more than 12,000 homes (UNICEF, 2022). Due to
the intensity of the floods, the National Disaster Management Centre declared the floods a
national state of disaster in terms of section 23 of the National Disaster Management Act 57
of 2002 (Kunguma, 2022). Moreover, the insurance company named Santam faced a
substantial payout of billions of rands as a result of the damage inflicted by the flooding. The

estimated damage to infrastructure alone amounts to around R25 billion (Mabaso, 2022).
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The common effects of flooding in South Africa include the loss of lives, destruction of
agricultural areas, damage to bridges and roadways, sewage-disposal systems, and buildings
which lead to a loss of shelter (Musyoki et al, 2016). As a result, people often lose their sources
of income, which forces them into even deeper poverty. However, according to Mwape (2009),
poverty does not necessarily equate to vulnerability; it does make people more susceptible to
disasters because they lack the material, social, and intellectual resources necessary to
foresee and respond to dangers and shocks like floods. Other effects of the floods that have
been affecting South African countries include contaminated drinking water supplies, which

are the main cause of waterborne infections (Okaka and Odhiambo, 2018).

Based on historical flood records, the two most destructive floods to ever hit the country are
the ones highlighted above. In the past 60 years, there have been several significant floods in
the last ten years that also caused considerable infrastructure damage, as well as loss of lives

and livelihoods (Busayo et al., 2022).

Table 1: A historical record of major flood events in South Africa

Year Region Cause and/or type | Details
of floods
1958 Musina River floods, caused | Residences and bridges along
by tropical cyclone | the Sand and Selati rivers were
Astrid. destroyed (SAWDIS, 1981).
1968 Port Elizabeth Heavy rainfall Streets have been destroyed,
and buildings, motor vehicles,
trees, people, and animals have
been washed away.
Communication lines have been
disrupted. Damage is estimated
at R400 million. Eleven people
lost their lives to drowning
(Grobler, 2003).
1974 The central | River floods (The | 80% of the homes on the island
interior of South | Great Fish River, the | and along the Orange River in
Africa Orange River) Upington were submerged.
Infrastructure  damage was
estimated to have cost millions
of rands (Grobler, 2003).
1977 North-eastern Tropical cyclone | There were 300 recorded
part of South | Emilie fatalities in the Limpopo Valley
Africa region due to widespread
flooding (Grobler, 2003).
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Year

Region

Cause and/or type
of floods

Details

1981

Laingsburg in the
Western Cape

Heavy rains

One of the worst disasters in
South African history. At least
100 residents lost their lives, and
the bodies of 72 people were
never found. Only 21 houses
remained after a total of 184
houses were destroyed
(Grobler, 2003).

1984

North-eastern
part of South
Africa.

Tropical
Demoina

cyclone

This incident resulted in
substantial loss of life and
widespread damage to
infrastructure and property that
was estimated at $200 million.
The heavy rains led to
catastrophic floods that
damaged roads, and buildings
across northeastern  South
Africa, southern Mozambique,
and Swaziland (Grobler, 2003).

1987

KwaZulu Natal
coastal region

Heavy rains

506 fatalities have been
recorded. Over 30,000 homes
were damaged by the floods,
which also left over 50,000
people homeless. A 500-million-
dollar damage estimate was
made (Grobler, 2003; Zawad
and Smith, 1991).

1988

Central interior of
the country

River flood (Orange
River)

There were fatalities and more
than $126 million in damage
because of this flood (Grobler,
2003; Zawad and Smith, 1991).

1994

Ladysmith

River floods (Klip and
Sand River)

For the previous 71 years, it was
the biggest flood. Over a
thousand families were left
homeless. Damage was
estimated to be around R67
million (Grobler, 2003).

1995

Pietermaritzburg

Heavy rains, River
floods (Msunduzi
River)

Approximately 200 people lost
their lives. Over 700 houses
were washed away due to
overflooding of the Msunduzi
River.
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Year

Region

Cause and/or type
of floods

Details

2000

Limpopo province

Tropical cyclone
Eline

More than 700 fatalities were
recorded and approximately
300 000 people have been
displaced. One of the worst
floods to ever occur in Limpopo
(Mothapo, 2019; Mason, 1998).

2006

Western and
Southern Cape

Cold front

Approximately 12 fatalities were
recorded. Some farm dams
were overflowing, while others
had burst. Most houses were
submerged in water (EPOA,
2014).

2014

North-eastern
region

Heavy rainfall

Over 7000 people were affected
by floods. More than 600,000
people were left with no water in
Nelspruit. The number of
reported fatalities was 8 while 19
were reported missing
(Mothapo, 2019).

2019

KwaZulu-Natal
and Eastern Cape

Heavy rainfall

Almost 70 people lost their lives.
145 people were displaced.
Approximately 235 Homes were
damaged. The total property
damage was estimated at R650
million (IFRC, 2022; Busayo et
al., 2022).

2022

KwaZulu-Natal

Heavy rainfall due to
Cut-off Low

The floods destroyed
infrastructure, land, and houses.
Tragically, 80 people were
reported missing, while 435
people lost their lives. The
disaster has damaged more
than 19,000 homes with more
than 120 000 people in total
(IFRC, 2022; UNICEF, 2022;
RCRCCC, 2022).

The process of recovery has taken years, and it has necessitated constant investment.

Nevertheless, despite all these efforts, many communities have not been able to redevelop
(Le Maitre et al., 2019).

2.3.2 Factors Contributing to Floods in South Africa
Floods occur when catchment areas, waterways, and rivers are unable to handle the volume

of water flowing through them. Rainfall serves as the initial trigger for this process, although

many other factors also play a role (Sholihah et al., 2020). However, the factors contributing
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to floods in Southern African regions are largely undocumented and this results in a lack of
preparedness and increased vulnerability. According to Muofhe et al. (2020), COL pressure
systems are among the most significant rainfall-producing systems in the country. For
example, on the 11th and 12th of April 2022, the eastern coast of KwaZulu Natal province
experienced heavy rainfalls caused by the COL pressure system which resulted in floods that
caused massive infrastructure damage and loss of lives (Singh et al., 2022). However,
anthropogenic activities such as improper waste disposal, deforestation, and inhabitation of

floodplains exacerbate the intensity of floods in many areas across the country.

Furthermore, South Africa has experienced rapid urbanization over the past two decades
(Arndt et al., 2018). Due to this increased urbanization, there is overpopulation in some areas,
and disregard for environmental rules, as a result, people are forced to settle in low-lying areas
and ecosystems with weak foundations (Dube et al., 2022). Moreover, the development of
hard, impermeable surfaces brought about by urbanization has decreased the capacity of the
land to absorb rainfall (Taylor, 2019). Due to less water soaking into the ground, surface runoff
increases in volume and accumulates rapidly filling up drains and roads and resulting in floods.
Typically, the drainage systems are blocked by waste and soil in most urban settlements

across the country (Dube et al., 2022).

The recent flood events in South Africa proved that settling near waterbodies is also one of
the key factors that contribute to the vulnerability of people to flooding because when the
amount of water exceeds the capacity of the waterbody, it overflows out into the low-lying
grounds adjacent to water bodies (Mashao et al., 2022). According to Tsenkova (2010), the
majority of informal settlements are typically found near water bodies. This is also the case for
South Africa, for instance, the Setswetla informal settlement in Alexandra, Johannesburg is
close to the Juksei River, which often causes flooding during heavy downpours, while the
Zwelitsha informal settlement in Dunoon in Cape Town is always inundated anytime Diep
River bursts its bank (Ggomfa, 2022). Additionally, the Palmiet River, which is close to the
Quarry West informal settlement in Durban, frequently overflows and floods the
neighbourhood during periods of high rainfall (Williams et al., 2018). In a nutshell, the
inhabitation of areas near water bodies is also one of the key factors contributing to floods in
South Africa.

Spatial planning carried out during the apartheid era made a substantial contribution to
flooding in many South African informal settlements. Discriminatory practices were put into
place during the apartheid era, dividing communities along racial lines and pushing non-white
populations particularly Black South Africans to the periphery and underdeveloped areas

(Strauss, 2019). These areas were characterized by overcrowding, poor drainage systems,
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and subpar housing frequently located in flood-prone areas and lacked basic infrastructure.
As a result, these places are more vulnerable to flooding during periods of heavy rain because
their inadequate or underdeveloped drainage infrastructure is overloaded. Many communities
are still struggling to deal with the effects of floods due to the legacy of apartheid-era spatial

design, which highlights the need for inclusive and equitable urban planning.

2.3.3. The spatial distribution of floods in South Africa
South Africa experiences floods in many parts of the country (Dyson, 2009). In recent years,

flooding has been featured in the news headlines in South Africa across many regions. A
significant number of floods have been seen in the country in addition to the 2014 floods which
affected most parts of Limpopo province. The frequency of the occurrence of these flood
events varies from region to region as shown in Figure 1 which illustrates the spatial
distribution of flood occurrence country across provinces. Table 1 shows that the most
common cause of floods in South Africa is heavy rainfall, which often overflows rivers and
generates flash floods. These floods can be exacerbated by factors such as man-made
surfaces, deforestation, or inadequate drainage systems. However, a range of factors
influences the spatial distribution of floods in South Africa, including rainfall patterns, terrain,
land use, and infrastructure (Mothapo, 2019). According to Botai et al. (2018), rainfall in South
Africa varies greatly from west to east. The eastern Highveld receives much of its annual
rainfall between 500 mm and 900 mm, rarely surpassing 2000 mm compared to the northwest,
where it frequently falls below 200 mm. For this reason, flooding is more common in the
eastern parts of South Africa than in the western regions. This is due to higher rainfall volumes
and steeper topography in the eastern parts, which can result in fast runoff and flash flooding.
In recent years, both the KwaZulu-Natal and Mpumalanga provinces experienced disasters,
particularly due to the floods in March 2019 and 2022, resulting in widespread damage and
loss of life.
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Map of South Africa showing the Provinces and severity of flood disasters from 1959 to 2019
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Figure 1: Map of South Africa showing the provinces and severity of flood disasters from
1959 to 2019 (Busayo et al., 2022).

To mitigate the impact of these floods and enhance resilience, several flood risk management
strategies have been implemented (Klijn et al., 2009). Consequently, the study will concentrate
on the phenomenon of flash flooding, which typically results from intense rainfall events,

especially in regions that have been modified by anthropogenic activities.

2.4. Disaster risk management
Disasters, whether caused by human or natural hazards, claim lives and destroy livelihoods

(UNISDR, 2015). Based on the findings of a report by the World Meteorological Organization
(WMO) (2021), from 1970 to 2019, 91% of all deaths due to weather, climate, and water
hazards happened in emerging economies. However, countries have made technical progress
in reducing the risk of disasters by shifting from just responding after the event to a higher
emphasis on prevention and preparing for shocks, reducing the number of fatalities, and
reducing certain economic costs (World Bank, 2015). In the terminology book by the United
Nations Office for Disaster Reduction (2009:10), “disaster risk management” is defined as “the

application of disaster risk reduction policies and strategies to prevent new disaster risk,
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reduce existing disaster risk and manage residual risk, contributing to the strengthening of
resilience and reduction of disaster losses.” Additionally, to specifically address the problem
of disaster risks, this word is an extension of the more generic term "risk management"
(UNISDR, 2009). Also, through activities and methods for prevention, mitigation, and
readiness, disaster risk management tries to avoid, mitigate, or transfer the negative
consequences of hazards. Cilliers (2019), confirmed that this approach can ensure that the

effects of natural hazards, in this case flooding, are either minimized or completely avoided.

2.5. Flood risk management
UNESCO (2013) defines flood risk management as “the process of data and information

gathering, risk analysis and evaluation, appraisal of options, and making, implementing and
reviewing decisions to reduce, control, accept or redistribute flood risks”. According to Klijn et
al. (2009), the principle of flood risk management acknowledges that while risks cannot be
completely eradicated, they can be mitigated. The primary goal of flood risk management is
to reduce the overall impact and damage inflicted by floods of various types on a global scale
(Eleuterio, 2012). Then again, flood risk management involves reducing the probability of
flooding as well as the vulnerability of society and property in flood-prone areas by using a
wide range of measures, such as flood control measures, flood defence measures, and spatial
planning (Klijn et al., 2009; Green et al., 2011). In comparison to flood event management,
which deals with floods that are happening or about to happen, flood risk management focuses
on all possible floods as already indicated, both regular and infrequent, and is therefore
basically preventive and usually requires the establishment of flood warning systems and
insurance plans that are needed for flood event management (Klijn et al., 2009; Penning-
Roswell and Green, 2000a; Eleuterio, 2012; Kreibich and Merz, 2007; Parker et al., 2007a).
In conclusion, effective disaster risk management is crucial in achieving the objectives of flood

risk management.

2.5.1. Managing floods
Managing floods typically involves a range of techniques and strategies aimed at reducing the

risk of flooding and mitigating its impacts. According to Topalovic and Markovic (2018), flood
management should be a legal requirement in every country, and it involves both technical
and non-technical approaches. Technical flood management techniques include a range of
engineered and infrastructure-based strategies aimed at mitigating the impact of flooding
(Wang et al., 2022). These techniques typically involve the use of physical structures,
technology, and engineering principles to manage and control the flow of water during floods.
Whereas non-technical flood management techniques focus on community-based and non-
engineered strategies for reducing flood risk and mitigating its impact. These approaches often

involve education, awareness, and community participation (Wang et al., 2022).
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2.5.2.1. Technical Flood Management
One of the primary technical approaches to flood management is flood risk assessment and

mapping, as outlined by the United States Agency for International Development Flood
Management (USAID) Report (2015). This method helps identify flood-prone areas and
assesses various risk factors such as flood probability, depth, water speed, and submersion
duration. Such assessments are vital for improving flood risk management and disaster
preparedness. For example, Danumah et al. (2016) conducted a study in the Abidjan district
of Cote d’lvoire, which revealed that 34% of the area had high and very high flood risks.
Additionally, a case study from Australia’s Hawkesbury-Nepean catchment was also
conducted based on flood risk assessment and mapping and the study's findings successfully
proved that the catchment has a high risk of flooding, particularly in its urbanized floodplain
(Kelly et al., 2023).

Flood forecasts and early warning systems are another essential technical approach, as
mentioned by the World Meteorological Organization (WMO, 2013). These systems monitor
weather conditions and provide timely alerts to populations in flood-prone areas, enabling
decision-makers to make informed assessments and offer early warnings. In South Africa, the
Weather Service Act (2001) mandates the South African Weather Service (SAWS), which is
a meteorological service under the South African government's Department of Environmental
Affairs and Tourism to provide weather and climatic information, including early warnings. The
South African Flash Flood Guidance (SAFFG) system, established in 2010, uses
meteorological data and hydrological modelling to provide forecasters with information about
impending flash floods (Poolman et al., 2015). However, some scholars have argued that
disasters are found to be caused by poor communication and reaction capabilities more so
than by a lack of forecasts and early warning systems. This is despite communication being a

crucial component of flood warning systems (de Perez, 2022; Mashao et al., 2022).

Flood management infrastructure is the third key technical approach, focusing on protecting
homes, economically valuable areas, and communities (USAID, 2015). This involves
redirecting water flows, delaying and reducing floods, preventing inundation, and maintaining
or enhancing the capacity of riverbeds and canals to manage water. These structures are
critical for securing communities' economic and social activities by minimizing damage to
physical infrastructure. Moreover, Green-grey infrastructure solutions are emerging as
innovative interventions in urban planning (Mulligan et al., 2020). These solutions, exemplified
by initiatives like bioswales and green sidewalks, aim to enhance the permeability of urban
surfaces. They aid in more effective flood management by integrating vegetation and other
natural components into urban areas. For instance, bioswales are intended to redirect and

treat stormwater runoff, lowering the danger of floods and fostering ecological sustainability
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(Mulligan et al., 2020). Similar to this, green sidewalks incorporate vegetation into urban paths,
improving both aesthetics and precipitation absorption. These methods indicate a transition
towards more resilient and sustainable urban development, where infrastructure and nature
collaborate to lessen the effects of flooding in metropolitan areas (Ncube and Arthur, 2021).

Some examples of flood management structures include reservoirs, seawalls, spurs, levees,
dikes, and check dams (Wang et al., 2023, USAID, 2015, Mostafazadeh et al., 2017). They
are essential for protecting against storm surges by acting as a physical barrier, reducing the
impact of waves during a storm surge, while levees and dikes control water flow, preventing
inundation of low-lying areas. For example, during flood events, the check dams manage to
capture a sizable amount of surface run-off (Mostafazadeh et al., 2017). In Iran's dry and semi-
arid regions, as well as other areas, check dams have been successfully used in watershed
management practices to control stormwater flows (Zehtabiyan et al. 2011; Mostafazadeh et
al., 2017), while levees have been utilized for structural flood prevention for many centuries

across many regions (Yen, 1999).

In South Africa, the annual probability of flooding occurrence is approximately 83%. The
population is highly vulnerable, facing risks from both economic and geographic factors, as
highlighted by Zuma et al. (2012). As a result, the management of floods should be a priority
for disaster management centres. However, depending on the extent of decentralization in
South Africa, local government (municipalities) is generally regarded as the branch of
government that operates in closest proximity to its constituents (van Niekerk, 2014).
Municipalities typically have a wide range of obligations in terms of local disaster management
and are frequently the first in the line of response when it comes to other spheres of
government when disasters occur (van der Berg, 2018). Moreover, municipal local disaster
management duties involve the avoidance, reduction, readiness, reaction, recovery from, and

rehabilitation of disasters, including floods that have resulted in catastrophic situations.

South Africa has a broad legal framework for disaster management which offers a
comprehensive, open, and inclusive disaster management policy that is suitable for the entire
country (Vermaak and van Niekerk, 2004; van der Berg, 2018). For instance, the governing
legislation for Disaster Risk Management in South Africa is the Disaster Management Act 57
of 2002, as amended (DMA). Yet, van Niekerk (2014) highlights that effective legislation and
policy may not always translate into good practice. However, through the efforts of all sectors
of government, public society, and the commercial sector, the DMA was established to provide
an integrated and coordinated disaster management policy that focuses on preventing and

minimizing catastrophe risk (South Africa, 2003).
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Despite the legal framework, the effectiveness of disaster risk management depends on
various factors, including coordination, communication, and decision-making by relevant
authorities (USAID, 2015). Involving local communities and organizations is crucial for
success, as collaboration at all levels of society can enhance responsiveness and resilience
during disasters. An integrated approach to disaster risk management, involving both the legal
framework and practical implementation, is essential for effectively addressing these

challenges.

2.5.2.2. Non-Technical Flood Management
The non-technical approaches to flood management, primarily involve community-based and

risk assessment methods (Wang et al., 2022). These approaches are equally important in
managing and mitigating the impact of floods. To elaborate, non-technical flood management
often begins with community mapping exercises. These exercises involve local communities
in identifying flood-prone areas, hazards, and vulnerabilities (van Niekerk, 2014). They play a
vital role in raising awareness and involving the community in preparedness and mitigation
efforts. These exercises empower the communities to take proactive measures by engaging

residents in mapping their areas.

Comprehensive disaster risk assessments also form part of the non-technical flood
management measures as they are crucial for understanding the vulnerabilities and potential
impacts of flooding (Wand et al., 2022). This non-technical approach goes beyond engineering
solutions and involves a deep analysis of the socio-economic and environmental factors that
contribute to flood risk (USAID, 2015). These assessments help in developing strategies for
reducing vulnerability, enhancing community resilience, and targeting resources effectively.
Moreover, the DMA in South Africa describes the various disaster risk management structures
that should be set up within the various levels of government with a focus on involving local
communities (also known as "at-risk" communities), the private sector, government public
entities like utility companies, centres of research, and the higher education sector, as well as
non-governmental, faith-based, and community-based organizations (also known as NGOS)
and traditional leaders (van Niekerk, 2014). The Act also provides comprehensive information
on how disaster risk management centres and other intergovernmental organizations might
be established at every level of government (South Africa, 2003). Despite this, a study by van
Niekerk (2014), indicates that there is a lack of adequate involvement of all sectoral
departments in disaster risk management. As a result, it can be argued that disaster risk

management is not being taken seriously by all line ministries.

One key aspect highlighted by these legal measures is the importance of disaster risk
assessment in the overall disaster risk management strategy. These assessments involve

systematically evaluating potential hazards, vulnerabilities, and the capacities of local
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communities in specific areas. This process helps identify and analyze risks, enabling the
development of suitable strategies and readiness measures. Effective disaster risk
assessment forms the foundation for informed decision-making, resource allocation, and the

creation of effective disaster response and recovery plans.

Another non-technical aspect involves training and capacity building for both communities and
local authorities. It is essential to ensure that communities are educated on flood
preparedness, response, and recovery measures (Cvetkovi¢ et al., 2021). Moreover, local
authorities and disaster management agencies must be equipped with the necessary skills to
plan, respond, and coordinate effectively during floods. Training can help improve the overall
effectiveness of flood management efforts. These non-technical approaches highlight the
importance of involving local communities, building their resilience, and ensuring effective
communication in the event of a flood. When integrated with technical methods, they
contribute to a more extensive and well-rounded flood management strategy, ultimately

reducing flood risk and community vulnerability.

2.5.3. Flood Risk and Vulnerability
Several studies have been conducted on flood risk and vulnerability (Zhang et al., 2022;

Albertini et al., 2022; Abid et al., 2021a; Baky et al., 2020; Yankson et al., 2017; Salami et al.,
2017). However, Baky et al. (2020) argue that so far, flood studies have not adequately
addressed the concept of flood risk. On the contrary, different definitions and conceptual
frameworks could be used for flood risk and vulnerability depending on how the researcher
interprets risk and vulnerability (Mays, 2018). For instance, Sayers et al. (2013), define risk as
the outcome of a combination of two factors: the probability that a specific event (like a flood)
will occur and its likely consequences. According to Crichton (1999), risk is the probability of
a loss, and it can be determined by three factors: hazard, vulnerability, and exposure. The

following equation is used to express risk (Su et al., 2005).
R=HxVxE
Where:
R = Risk

H = Hazard, which is a source of possible harm or a circumstance that
could result in a loss (UNECE, 2017). In this context, flooding is a
hazard because it can damage the community.

V = Vulnerability, the degree of loss sustained by a particular element or
group of elements exposed to risk due to a natural catastrophe of a

certain intensity (Mays, 2018).
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E = Exposure, the elements at risk such as population, property, or

other human activities

This study explicitly focuses on completing the hazard assessment within the risk equation.
According to Eleuterio (2012), floods have historically been, and at times still are, perceived
as a risk with potentially fatal consequences. Moreover, the level of risk and the potential for
fatal consequences associated with floods are not solely based on human actions or decisions
but are largely influenced by natural factors such as weather patterns, topography, and other
environmental conditions. As a result, the term “flood risk” is frequently used to describe the
probability that flooding would occur and its potential adverse consequences. However,
scientific literature commonly acknowledged that flooding is not a risk by itself because risk
involves two components: a catastrophic event and vulnerable systems exposed to it,
therefore, floods do not by themselves create a risk; instead, flood risk arises as a result of
human habitation in flood-prone areas (Merz et al., 2010b; Torterotot, 1993; Messner et al.,
2007; Eleuterio, 2012; Burkham, 1988). In short, the primary objective of flood risk
assessments is to identify and estimate the potential effects of flooding in places where
vulnerable systems are found (Eleuterio, 2012).

Flood vulnerability is one of the key factors in risk management and flood damage assessment
(Nasiri et al., 2016). It involves elements at risk such as people who dwell in flood-prone areas,
the built environment or ecosystem that are exposed to flood (Merz et al., 2007; Salami et al.,
2017). The term “vulnerability” is used in research on a variety of topics. In this context, the
United Nations (1982), defines “vulnerability” as the degree of damage that a certain object
might sustain from flood, expressed on a scale from 0 to 1 (no damage to full damage).
Furthermore, several researchers agree that vulnerability has three main elements; the level
of exposure, susceptibility, and resilience or reaction capacity of a population in a certain area
(Wisner et al. 2004; Birkmann 2006; Jean-Baptiste et al., 2013; Parker et al., 2014; Salami et

al., 2017). These three elements are described as follows.

Exposure refers to the predisposition of a system to be affected by a flooding event because
it is situated in the same region where a hazard is located (Le Maitre and Kotzee, 2019).
Unfortunately, a significant portion of urban areas is still within flood zones, which increases
the risk of flooding for both people and property, e.g., Kolkata and Mumbai (India), Dhaka,
(Bangladesh), and Miami (USA) (Eleuterio, 2012; Nicholls et al., 2007). According to Salami
et al. (2017), the majority of flood-related disasters are not primarily caused by natural
disasters, as evidence of cities’ vulnerability to flooding grows. Numerous scholars concur that
human activities involving socio-political, historical, and cultural relations are the main
influencing factors (Milly et al. 2002; Birkmann, 2007; Seyoumet al., 2011; Vojinovi¢ and
Abbott, 2012; Vojinovi¢, 2015; Salami et al., 2017).
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As described by Cardona et al. (2012), susceptibility is the tendency for people, the
environment, and infrastructure to be impacted by a hazard because of society’s fragility or
the ecosystem’s fragility. This suggests that the impact of a hazard is not solely dependent on
the hazard itself but is also influenced by the weaknesses or vulnerabilities inherent in the
affected society or ecosystem. In other words, the more vulnerable a society or ecosystem is,
the greater its susceptibility to harm or damage when a hazard occurs. UNISDR (2009),
defines “resilience” as the “ability of a system, community or society to be exposed to hazards
to resist, absorb, accommodate to and recover from the effects, of a hazard in a timely and
efficient manner, including through the preservation and restoration of its essential basic
structures and functions.” Moreover, understanding the vulnerability of a community or
ecosystem to specific hazards is crucial for effective risk assessment, resource allocation,
mitigation planning, disaster preparedness, and resilience-building. It informs policies and

regulations, raises public awareness, and helps protect lives, property, and the environment.

To assess flood vulnerability, a variety of methods have been developed. Previous studies
indicate some of the widely used methods which include an indicator-based method, curve
method, analytical hierarchy process, disaster loss data method, mapping method, and
modelling approaches through GIS (Ebert et al., 2009; Nasiri et al., 2016; Musa and Shabu,
2019; Abid et al., 2021a). An indicator-based vulnerability method that uses locally available
data to provide an image of the vulnerable area is frequently employed by many scholars and
policymakers due to its clearer spatial representation, which attempts to prioritize actions and
prepare for the reaction in a given area (Chan et al., 2022). For instance, Zhen et al. (2022),
utilized an indicator-based method to evaluate the risk of buildings affected by flash floods in
the Southwest of China’s mountainous rural villages, and Yankson et al. (2017), used an
indicator-based method to assess the flood vulnerability of coastal floods in Greater Accra
Metropolitan area, Ghana. However, vulnerability is difficult to reduce to a single metric and to
calculate (Adger, 2006; Nasiri et al., 2016).

To address this issue, multiple factors contributing to floods are incorporated in this study
instead of attempting to reduce vulnerability to a single metric. These factors include rainfall,
slope, elevation, soil type, drainage density, land use land cover, and distance to rivers
(Desalegn and Mulu, 2021). Each of these factors plays a crucial role in influencing
vulnerability to flooding. The Geographic Information System (GIS) is subsequently employed
to integrate and analyze the various spatial data layers. This involves overlaying and
synthesizing the information to create a comprehensive flood risk map that accurately depicts
the complex interplay of these diverse factors. The GIS system is instrumental in this process

as it offers a powerful set of spatial analysis tools for this comprehensive assessment.
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2.6. Geographic Information Systems (GIS)
The term "GIS" is widely used to refer to geographically oriented computer technology,

integrated systems utilized in practical applications, and more recently, a brand-new subject
that is drawing considerable attention across the globe (Maguire, 1991). Defining GIS is more
challenging than one might think for several reasons; consequently, no definitive definition of
GIS exists (DeMers, 1997). However, the definition of GIS published by the National Centre
of Geographic Information and Analysis (NCGIA) is widely accepted (Escobar et al., 2002).
The NCGIA (1990) defines GIS as “a system of hardware, software, and procedures to
facilitate the management, manipulation, analysis, modelling, representation, and display of
geo-referenced data to solve complex problems regarding planning and management of

resources”.

According to the “History of GIS: Timeline of Early History and the Future of GIS” (1960), as
computers and early ideas of quantitative and computational geography began to take off in
the 1960s, the field of geographic information systems was founded. Since then, historical GIS
has experienced a significant increase in its application across a variety of topical areas during
the past few years. For instance, in disaster management, the use of GIS helps in
comprehending the nature of the disaster and helps in resolving challenging management
issues whereby decisions can only be taken after careful analysis of the various GIS layers
with the aid of geospatial and socioeconomic data (Use of GIS Technology in Disaster
Management | GIS for Disaster Management, 2022). In the case of flooding, the identification
of flood-stricken areas is made possible by GIS technology. Additionally, this technology aids
in the creation of base maps and maps of varying degrees of sensitivity that show the regions
that are frequently affected by flooding (Use of GIS Technology in Disaster Management | GIS
for Disaster Management, 2022).

2.6.1. The Role of GIS in determining flood risk
Geographic Information Systems simplify the interpretation of patterns, relationships, and

spatial context by connecting data to a map and integrating location data with various
descriptive information (Esri, 2012). They have been employed in numerous studies on flood
risk vulnerability and hazard mapping, providing spatial data for analysing flood maps,
displaying the extent of flooding, monitoring floods, and creating flood risk and damage
prediction maps (Mays, 2018; Demir and Kisi, 2016; Feloni et al., 2020; Rincon et al., 2018;
Wiles and Levine, 2002). The literature indicates that incorporating GIS methodology and
maps to integrate risk components is a common practice in many studies and projects related
to flood risk assessment (Cai et al., 2021; Rincon et al., 2018; Allafta and Opp, 2021; Feloni
etal., 2019). GIS plays a crucial role in this assessment, given its significance in the evaluation

procedure, which demands detailed geographical information (Eleutério et al., 2010). As an
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illustrative example, the Philippines employs GIS as a primary and distinctive tool on a national

scale for modelling flood risk (Gacu et al., 2022).

According to Evans et al. (2007), GIS applications in flood risk mapping include managing and
storing hydrological data, as well as creating flood inundation and hazard maps to aid in flood
risk management. Typically, flood risk maps provide additional information about potential
effects, such as economic loss, human injuries, and environmental impacts. Conversely, flood
hazard maps offer information about the probability or magnitude of flood events, such as
flood extent and water depth distribution (de Moel et al., 2009).

However, some studies face limitations, using complex models that require expert knowledge
for implementation, or assigning weights directly without a theoretical foundation supporting
consistent evaluation (Rincon et al., 2018). This can impact the accuracy of flood risk maps
during the validation process. Nevertheless, their common advantage lies in using a
framework considering static data relevant to flooding, such as topography and land cover.
Their ability to produce accurate flood risk maps with minimal time and, in some cases, no
financial investments is a key benefit of their adopted flood risk mapping methodology,
allowing stakeholders to focus on areas requiring more in-depth evaluation (Rincon et al.,
2018).

In flood hazard mapping, GIS applications typically involve assessing Digital Elevation Models
(DEM) for various hydrological analyzes (Moglen and Maidment, 2005; Samela et al., 2015).
Software tools, like the Hydrologic Engineering Centres River Analysis System (HEC-RAS),
are commonly used for flood hazard mapping, providing various applications (Thakur et al.,
2017; Loi et al., 2019; Vozinaki et al., 2017; Ongdas et al., 2020). Additionally, hydrodynamic
models and techniques simulate floods, but GIS software or integrated GIS-based interfaces
are required to represent and analyze the results (Eleuterio, 2012; Buchele et al., 2006). More
importantly, it is crucial to recognize that there are several parameters commonly employed
to provide significant data for GIS analysis in flood risk assessment. These parameters,
including rainfall, distance to a river, slope, land use/land cover, drainage density, and sail
(Allafta and Opp, 2021; Naghibi et al., 2015; Ouma and Tateishi 2014; Meyer et al., 2007;
Rincon et al., 2018), play a pivotal role in enhancing the effectiveness of GIS in evaluating and

mitigating flood risks.

2.6.2. Common GIS approaches in flood risk mapping
Many GIS approaches are successfully used in flood risk studies to aid in the visualization of

the extent of flooding, to analyze the flood maps, and to produce flood damage estimation
maps as well as flood risk maps (Shamsi, 2002; Demir and Kisi, 2015). The most common

approach is the integration of GIS, Remote sensing, and HEC-RAS models for simulating and
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monitoring floods (Hadi and Najafzadeh, 2021). HEC-RAS and GIS technology integration has
been cited as being effective in modelling, recognizing, and analysing flood events in a geo-
spatial environment (Shamsi, 2002). In this regard, Bajwa and Tim (2002), define the one-
dimensional (1D) HEC model as a geospatial hydrology toolkit that acknowledges the potential
of the ArcGIS environment for creating and visualizing flood simulations. This approach has
been successfully used for identifying the inundated zones in many areas. For example, in a
study by Desalegn and Mulu (2021), the Fetam River's floods in Ethiopia were simulated using
the HEC-RAS, HEC- GeoRAS, and ArcGIS 10 extension models. Similarly, by combining
HEC-RAS and GIS technology, Yerramilli (2012) created a hybrid approach for identifying
flood risk areas and determining the impact of the hazard. However, 1D HEC-RAS modelling
for flood hazard assessment has several limitations depending on the level of detalil in the
input data, the characteristics of the area, the complexity of the output data, and project time
and budget (Hutanu et al., 2020). Moreover, the results of 1D modelling processing need time
and money, and they could underestimate flood risk perception because of the time and
money required for processing the data (Hutanu et al., 2020).

Another approach that has gained a lot of attention recently is the combination of geographic
information systems (GIS) with multi-criteria decision analysis (Feloni et al., 2019; Rincon et
al., 2018; Allafta and Opp, 2021; Cabrera and Lee, 2019). According to Meyer et al. (2007),
the approach is capable of considering flood hazards that cannot be quantified in monetary
terms, displaying the spatial distribution of these various risks, dealing with uncertainty in the
criteria values, and demonstrating how these uncertainties affect the overall assessment.
Furthermore, it allows for the integration of the three aspects of risk (hazard, exposure, and
vulnerability) in which the environmental, social, and economic vulnerabilities can be
considered (Rincon et al., 2018; Allafta and Opp, 2021; Cai et al., 2021; Rahmati et al., 2016).
It has also been demonstrated that the approach makes use of the capabilities of GIS for
processing geospatial data and the versatility of MCDA to combine factual data with value-
based data, e.g., rainfall, soil, slope, land use, drainage density (Yahaya et al. 2010; Seejata
et al. 2018; Allafta and Opp, 2021). As a result, numerous studies combined GIS with Multi-
Criteria Analysis (MCDA) methods to map flood risk.

According to Malczewski (2017), the integration of GIS and MCDA was primarily driven by the
need to increase the geographic information technologies’ applicability to the analysis of
decision problems. In the context of flood risk assessment, eventually, the approach produces
a flood risk map that displays the spatial distribution of flood risk as well as its intensity level,
which ranges from extremely high to very low risk (Rincon et al., 2018). Most importantly, the
main advantage of using this approach to flood risk is that it offers the possibility to produce

an accurate flood risk map with only a modest time and financial investment, enabling
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stakeholders to focus solely on the areas that require a more thorough assessment (Rincon
et al., 2018). Even though this is a powerful and extensively used method, it has some basic
weaknesses including a lack of accuracy assessment, high subjectivity, and computational
inefficiency (Radocaj and Jurisi¢, 2022). However, the literature shows that the benefits of this
approach outweigh the drawbacks (Malczewski, 2007; De Brito and Evers, 2016); thus, one
can argue that the benefits are more significant than the drawbacks but, the drawbacks have
a huge impact on the approach's outcomes. Nevertheless, more research is needed to
alleviate the shortcomings of this approach to make its application more dependable. In
summary, while GIS MCDA is a useful tool for assessing flood risk, it is critical to realize its

drawbacks and enhance its use with other analysis methodologies.

2.6.3. Multi-criteria Analysis (MCDA)
Multi-criteria analysis has gained significant attention in risk assessment, particularly in the

context of natural disasters (Meyer et al., 2007; Rincon et al., 2018; Allafta and Opp, 2021,
Malczweski, 2018; Kumar, 2010; Aruldoss et al., 2013). MCDA offers a systematic approach
to evaluating and selecting decision alternatives based on various competing criteria.
Malczewski (2018) defines MCDA as a collection of systematic techniques for generating,
assessing, and choosing decision alternatives based on competing and unrelated criteria. The
core principle involves aggregating and weighing different criteria to choose the intervention
with the best overall rating (Saaty, 1990). MCDA is patrticularly valuable when dealing with
competing environmental, social, and technological objectives, as highlighted by De Montis
(2000).

MCDA is employed in situations where there are multiple, often conflicting, objectives involving
environmental, social, and technological considerations (De Montis, 2000). While various
MCDA methods are applied in disaster management studies, it is worth noting that the choice
of method has been a subject of academic debate (Abdulla et al., 2021). One such debate
centres around the use of Geographic Information Systems (GIS) in combination with the
Analytical Hierarchy Process (AHP) and the Technique for Order of Preference by Similarity
to ldeal Solution (TOPSIS). Allafta and Opp (2021) highlight the effectiveness of using GIS
and AHP to assess index-based flood risks by combining geographical data to analyze
influencing factors. This approach is advantageous for integrating spatial data into decision-

making processes.

For instance, Armenakis et al. (2017) applied MCDA to estimate flood risk by combining
geographic coverage of flood hazards, human vulnerability, and exposure. They produced
flood risk maps for the Don River watershed in Toronto. However, the study's main limitation

was the direct assignment of criteria weights rather than the use of a weighting mechanism in
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the framework of MCDA. As a result, the decision-making process is prone to subjectivity and
bias with this strategy. However, the robustness and structure of MCDA weighting

mechanisms provide a method that can improve the accuracy of the study.

AHP, a commonly used method in flood risk mapping, operates on weighted aggregation and
is widely recognized for its seamless integration into GIS environments (Cai et al., 2021).
However, its application comes with implications worth noting. AHP relies on subjective
pairwise comparisons, introducing the potential for bias. Moreover, conducting extensive
pairwise comparisons, especially for large-scale assessments, can be resource intensive.
Nevertheless, its strength lies in the flexibility to adjust criteria weights, allowing for the
adaptation of evaluations as needed (Mokhtari et al., 2023). This methodology operates by
assigning weights to criteria and alternatives through pairwise comparisons, following
decision-maker preferences (Saaty, 1990). Despite its recognized limitations, its user-friendly
implementation within GIS environments makes it a preferred choice (De Brito and Meyers,
2016). AHP offers the advantage of a straightforward decision-making process, allowing
decision-makers to easily adjust criteria weights or add and delete crucial criteria, enabling
the updating of evaluations without starting from scratch (Mokhtari et al., 2023). Nonetheless,
AHP has its limitations, including subjectivity, extensive pairwise comparisons, and high
processing demands (Munier and Honoria, 2021). Researchers have sought to address these
limitations by integrating AHP with mathematical approaches, such as fuzzy logic (Cai et al.,
2021).

While MCDA methods are applicable in flood risk assessment, their combination with other
techniques, like FAHP or GIS, is still relatively rare (Ekmekcioglu et al., 2021). For instance,
Hategekimana et al. (2018) developed a framework that integrated FAHP, GIS, and bivariate
statistics to determine flood hazard, identifying flood-prone areas with a high level of reliability.
Other studies have explored various MCDA methods in the context of water-related natural
disaster events (Abdullah et al., 2021). For instance, Sepehtri et al. (2020) used Interval Rough
AHP and Fuzzy logic to assess flood-prone areas, demonstrating the adaptability of MCDA in
diverse applications. Haghizadeh et al. (2017) employed Shannon's entropy model, a form of
Multi-criteria Analysis (MCDA), to predict flood-prone areas in the Madarsoo watershed in
North-eastern Iran. Notably, this approach is distinct in its ability to handle uncertainties
without the need for explicit criteria weighting, making it a valuable choice in addressing
limitations related to uncertainties often encountered in Geographic Information System-based
MCDA studies. However, weighting is a crucial step in MCDA for flood risk assessment as it
allows decision-makers to account for the varying importance of different criteria in the

decision-making process.
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2.6.3.1. Challenges with MCDA
Although MCDA offers numerous advantages, such as the ability to consider multiple

objectives and alternatives, the ability to combine quantitative and qualitative factors during
the evaluation process; and the ability to figure out complex issues, it additionally comes with
several drawbacks (Zavadskas et al., 2014). The literature also confirms that there are
numerous difficulties involved with the assignment of criteria weights as it has also been
indicated that this step is the primary source of controversy and uncertainty in MCDA outputs
out of a variety of input elements (Feizizadeh and Blaschke, 2013; Chen et al., 2009; de Brito
et al., 2019). Specifically, when using subjective approaches like AHP due to the limitations of
its pairwise comparison method. For instance, several studies concur that AHP’s pairwise
comparison is vulnerable to subjectivity in comparison judgments because it is based on
expert opinions (Rincon et al., 2018; Cai et al., 2021; Feizizadeh et al., 2014; Saaty, 1990;
Chen et al., 2011; de Brito and Meyer, 2016). This is a challenge because decision-makers
can be biased, resulting in incorrect and inconsistent weighting judgments, which can affect
the outcomes. Overall, all decisions are subject to some degree of uncertainty, and the more

confusion there is, the harder it will be to deal with it and come to the best option.

Furthermore, when the number of criteria to be compared is large, there may be uncertainty
in the comparisons, resulting in inconsistency because decision-makers may find it
challenging to consistently examine and compare all criteria (Sakhardande and Prabhu
Gaonkar, 2022). Moreover, the process of conducting and managing pairwise comparisons, a
fundamental aspect of AHP, can be a bit difficult and complicated, requiring significant time
and effort (Munier and Hontoria, 2021). Lastly, AHP is dependent on the expertise of decision-
makers, and the accuracy of results hinges on the knowledge and precision of those involved

in the decision-making process (Drescher et al., 2013).

Similarly, navigating through FAHP presents several difficulties. First, the method involves
more complex mathematical modelling compared to traditional AHP, leading to increased
computational intensity, especially with larger decision matrices (Lima Junior et al., 2014).
Making it more complicated, interpreting the results of FAHP may be difficult, as the added
fuzziness makes it hard for stakeholders to easily understand the outcomes (Karam et al.,
2021). Additionally, FAHP also relies on fuzzy pairwise comparisons, introducing subjectivity
and uncertainty, and experts need to evaluate the degree of membership between linguistic
terms (Cai et al., 2021). In the midst of these challenges, Zozaya et al. (2018) highlight the
importance of effectively managing uncertainty in Multi-Criteria  Analysis (MCDA),
emphasizing that recognizing and dealing with inherent uncertainties is crucial for making the

best decision possible.
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Generally, the weights of the assessment criteria have a significant impact on the evaluation
process of an MCDM problem, and if the weighting process of an analysis is not completed
properly, the inaccurately generated weights can have an impact on the outcome (Bayram,
2020). Subjectivity, as already indicated is also another challenge that MCDA approaches
present. Some of these challenges, however, may be overcome if decision-makers identify
the decision problem and ensure that the criteria are established and relevant. In addition,
using appropriate methods to assign weights and doing sensitivity analysis to assess the

results' robustness to other inputs (Malczewski, 2018).

2.7. The concept of weighting
Weighting is a method of ranking criteria that might be subjective, especially when it depends

on participants' opinions (Alemi-Ardakani et al., 2016). And yet, MCDA does include subjective
procedures, but it is not primarily a subjective decision-making approach where participants'
opinions are the deciding factor. In MCDA, there are two aspects to consider when discussing
weighting: criteria scores and criteria weights. The process involves both criteria scores, which
assess alternative performance on specific criteria and can be subjective, and criteria weights,
which determine the relative importance of these criteria in the decision-making process.
Assigning criteria weights can be challenging, particularly in MCDA techniques that
incorporate them directly into aggregation. Despite that, Vanolya and Jelokhani-Niaraki (2021)
indicate that the flood hazard mapping method depends on the accurate calculation of the

criteria scores, as these scores influence the flood hazard scores.

The emphasis on precise criteria weighting highlights the complexity of the process, which is
further compounded by the fact that several multi-criteria decision-making techniques struggle
with determining criteria weights since they frequently employ the weights in their aggregation
process (Yin, 2020). As a result, multi-criteria techniqgues sometimes call for the involvement
of experts with unigue expertise and experience, as well as varying judgments and evaluations
(Zagonari and Rossi, 2013). According to Zardari et al. (2015), there are two types of weighting
techniques which are "objective weighting methods" and "subjective weighting methods".
Weighting in subjective methods is determined by decision-makers' priorities and judgment
(Vanolya and Jelokhani-Niaraki, 2021). The decision-maker's values and priorities regarding

the evaluation criteria are reflected in these weights.

Contrary to this, an objective weighting method places more emphasis on the mathematical
analysis of the criteria values (Wang et al., 2009; Vanolya and Jelokhani-Niaraki, 2021). Deng
et al. (2020) pointed out that the objective weighting approach is especially useful when
reliable subjective weights are impossible to determine, such as when decision-makers or

stakeholders cannot reach an agreement. Whereas subjective weights can be used when the
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objective parameters of interest are extremely undefined. In comparison, subjective weighting
methods are less complicated and easier in terms of computation than objective weighting
methods. However, the main disadvantage of subjective weighting methods is that the
subjectivity of the decision maker in each evaluation situation can frequently bias the
evaluation outcomes (Zoraghi et al., 2013; Suh et al., 2019). Thus, the objective weighting

method can be used in this case.

On the contrary, for example, while researching the effects of floods on communities, an
objective technique for evaluating the effects may not be as effective as a subjective approach;
thus, subjective measures will be preferred over objective approaches. Moreover, consider an
extreme circumstance in which floods compelled community members to evacuate due to the
destruction of their property. In that instance, the total number of observed impacts would be
fewer and would not provide a good indication of the extent of the effects that exist. Despite
this, the objective weighting method can overcome the drawbacks of the subjective approach
by reducing uncertainties caused by decision-makers and producing more realistic results
(Mohsen and Fereshteh, 2017). Some of the examples of MCDA methods that use objective
methods include Technique for Order of Preference by Similarity (TOPSIS) and Entropy
Weighting Method, whereas AHP, Analytic Network Process, and Best Worst Method use
subjective approaches based on matrices and also employ pairwise comparisons of the

criteria to determine the weights (Arslan, 2017).

2.7.1. Evaluating the effect of subjective weighting on different approaches
Subjective weights are increasingly being employed in empirical studies of an extensive

variety of economic issues where objective data is difficult to get (Jahedi and Mendes, 2014).
Their evaluation is based on expert opinion, and the analysts typically ask the decision-makers
a series of questions to obtain the judgments (Cai et al., 2021). However, this often results in
bias. For example, in some of MCDA studies, these weights are assigned to each criterion,
ideally reflecting the decision-maker's preferences. To rank alternatives, an overall score is
calculated for each option using the weighted total of the various criteria. As a result, MCDA
is frequently criticized for being influenced by personal feelings, particularly regarding its
weighting process, which is based on the participants' and decision-makers' perceptions. The
outcomes are often imprecise and transparent in their predictions due to subjectivity in their
weightings (Balasubramaniam et al., 2007). Moreover, the imprecision caused by the
subjectivity of weightings in MCDA pairwise comparison influenced the integration of AHP with
Fuzzy sets to improve the accuracy of the traditional AHP method since fuzzy sets do not rely

on experts’ or decision-makers opinions (Liu et al., 2020).

In some applications, the fact that various experts' opinions may differ while making judgments

in a group decision-making process presents one difficulty with using subjective values (Liu et
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al., 2020). Their viewpoints must therefore be combined to arrive at a final decision, and this
might be time-consuming (Odu, 2019). Then again, potential uncertainty in expert judgment is
another drawback of subjective approaches (Alemi-Ardakani et al., 2016), because if the
judgments are not based on scientific evidence or factual information then the subsequent
conclusions may be incorrect. Hence, neglecting uncertainty can lead to incorrect predictions
or recommendations, which might have negative implications and weaken the trust among
decision-makers (Chen et al., 2011). For that reason, Sun et al. (2020) were able to
successfully reduce the uncertainty induced by anthropogenic factors in criteria weightings by
combining probability distribution negation with evidence theory. The study rectified subjective
inaccuracy to some extent through quantitative evaluation of the fuzzy degree, enhancing the

level of multi-criteria decision-making.

Despite their negative effects, subjective weights are fairly useful due to their characteristics,
particularly in studies where objective data is difficult to obtain. To elaborate, since their
weights are based on the opinions of experts, they can quickly allow decision-makers to adjust
the weights allocated to different criteria based on the circumstances or context. In conclusion,
subjective weightings can be useful in decision-making processes; however, they should be
used cautiously and in combination with objective data and other decision-making tools to

ensure that judgments are transparent, reasonable, and based on scientific evidence.

2.7.2. The concept of sensitivity analysis
There are so many definitions of sensitivity analysis in literature. For example, Munoz et al.

(2016), define sensitivity analysis as “a systematic process that is used to evaluate the stability
or behaviour of the solution to small changes in preferences that occurred during the resolution
process or to small changes in the values taken for the parameters”. On the other hand,
Boghani et al. (2021), defines sensitivity analysis as “a method for analysing the effect of
uncertainty in the output of a system, subject to uncertainties in the inputs”. However,
according to relevant sources, the main purpose of sensitivity analysis is to evaluate how the
selection of alternatives changes when the relative weighting of the selection criteria or project
requirements is altered (Munoz et al., 2016; Chen et al., 2009). This method demonstrates the
effects of applying changes to particular input parameters on evaluation results, which can
assist in minimizing uncertainty in how an MCDA method operates and the stability of its
outputs (Crosetto et al., 2000).

Despite its utility in assessing the influence of changes in input variables on model or
simulation output, sensitivity analysis has numerous drawbacks that should be noted. For
example, in their thorough review of the literature, Saltelli et al. (2019), demonstrated how
many studies typically confuse sensitivity analysis and uncertainty analysis and how most

papers do not correctly use sensitivity analysis techniques due to technical issues like the
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assumption of linearity and the inefficiency of the procedure. This confusion can be a limitation
because it is likely to increase the challenge of promoting good practice of sensitivity analysis,
so it is crucial to know the difference between the two to avoid incorrect interpretation of
results. Also, the sensitivity analysis methodology is dependent on local procedures, which

are often incorrect for nonlinear models (Saltelli et al., 2019).

2.7.2.1. Using sensitivity analysis to test
Sensitivity analysis can be used as a tool for testing the robustness of models to changes in

parameter values (Broeke et al., 2016). Robust in this case implies that the index estimate
does not change considerably when computed over a different sample of model simulations
(Pianosi et al., 2015). According to Broeke et al. (2016), a set of model parameter values
correlates to a set of assumptions, which leads to certain conclusions. However, for these
conclusions to be reasonable, they should not be based on a limited and uncertain set of
assumptions. As a result, it is critical to demonstrate that the conclusions are robust to
parameter changes. For that reason, Sayl et al. (2020), performed a sensitivity analysis on
FAHP and Rank Order Method (ROM) to assess the uncertainty and robustness of the results.
The results were then compared using the variance inverse (VI). Consequently, it has been
found that the ROM and VI methods affected the ranking priority and considered all the criteria
that were sensitive to impact in the ranking process at different levels as compared to FAHP.
Importantly, this approach will similarly be employed to comprehensively compare AHP and

Triangular FAHP in this study.

Then again, a considerable amount of literature also shows that sensitivity analysis can be
used in the calibration and validation of numerical models. Examples of such studies include
Cai et al. (2021) and Zhang et al. (2022). Sensitivity analysis has been successfully used in
studies to systematically adjust the values of each input variable and assess the consequent
changes in output. In the study by Cai et al. (2021), Chongging municipality is used as an
example to test the validity of the FAHP method and effectively identify flood-prone locations.
The findings of the sensitivity analysis show that the weights of various components have
varying sensitivity, emphasizing the importance of weight consistency. However, it has been
indicated that the calculation of the weights with less precision may result in higher
inaccuracies in the evaluation results, influencing the judgments made by decision-makers
(Cai et al., 2021). Generally, sensitivity analysis can assist in testing the validity of a model by
altering the input parameters and comparing the output to observed data. If the model output
is sensitive to changes in input parameters, this indicates that the model accurately captures

the key variables of the process.

Saltelli et al. (2019), pointed out that while many sensitivity analysis studies tend to copy

techniques from widely cited works, some of them lack methodological rigor, which can affect
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the quality of the sensitivity analysis. Therefore, if correctly implemented and based on
accepted procedures, sensitivity analysis has the potential to contribute to risk analysis (da
Silva et al., 2022). For example, analysts can use sensitivity analysis to find areas for

improvement, enhance their models, and increase the accuracy of their estimations.

2.8. Conclusion
This chapter provides a comprehensive review of the literature related to floods and their

impacts, particularly in the context of South Africa. It shows that flood impacts have become
increasingly severe because of human activities such as urbanization and development in
flood-prone areas. However, the factors contributing to floods in Southern African regions are
largely undocumented and this results in a lack of preparedness and increased vulnerability.
For that reason, more flood risk research is needed in Southern Africa and could be essential
for enhancing our understanding of the factors that lead to flooding and establishing effective
flood management and mitigation techniques. This should focus more on effective flood
management strategies to limit the dangers of flooding and preserve the safety and well-being
of impacted populations. Additionally, there is a need to increase the application of GIS-based
multi-criteria analysis for flood risk mapping as it has been shown that the approach can
provide a comprehensive and accurate method of determining flood risk by taking into account

multiple factors such as topography, land use and land cover, and rainfall data.

Despite many efforts to combine MCDA methods to improve the accuracy of single MCDA
approaches, the majority of the studies used AHP for assigning weights. The review has
identified limitations in GIS-MCDA flood risk mapping, particularly in terms of uncertainty and
subjectivity. To address these challenges, there is a clear need to enhance the application of
mixed MCDA techniques, moving beyond the constraints of single methodologies.
Specifically, integrating both subjective and objective methods holds promise for mitigating
inconsistencies and enhancing result accuracy. In the context of this study, the chosen
approaches for future research, namely AHP and Triangular FAHP, emerge as effective
means to minimize the limitations of MCDA, thereby elevating precision, and accuracy in flood
risk mapping. The utilization of AHP and Triangular FAHP is strategic in balancing subjective
and objective considerations. Moreover, while sensitivity analysis is gaining traction across
various fields, it is crucial to acknowledge and clarify the distinction between sensitivity
analysis and uncertainty analysis to avoid any potential confusion in their application. Overall,
by examining the sensitivity analysis of multi-criteria analysis methods and the concept of
weighting, this chapter contributes to understanding how to prioritize flood risk management

strategies.
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3. Chapter Three: Methodology

3.1. Introduction
This chapter presents the methodological approach that was employed to achieve the aim of

the study. A quantitative research approach using a multi-criteria analysis was employed to
address the aim, which was to assess the sensitivity of the AHP, and FAHP in mapping flood
risk zones. The eThekwini Metropolitan Municipality was selected as study area and will now

be discussed.

3.2 Study area description
The eThekwini Metropolitan Municipality is situated in the KwaZulu-Natal province, South

Africa (Figure 3). It is located on the south-eastern coast of the province at coordinates -29°
52’ S and 31° 01’ E. The majority of this region, encompassing an approximate geographical
area of 2,556 km?, is characterized as rural and peri-urban. The municipality comprises 103
wards and is seamlessly integrated into the city of Durban. The municipality is the third-largest
metropolitan region in South Africa and boasts the busiest port on the African continent
(eThekwini Municipality, 2013). The population of the region is approximately 3.9 million and
the majority of the population is of African origin (Statistics South Africa, 2022). According to
Sutcliffe and Banister (2015), the Gross Domestic Product (GDP) of eThekwini was roughly
$20 billion in 2012, with an estimated growth of 3.1% in 2013. Additionally, it constitutes 65%
of the province's GDP and 10.7% of the national GDP. These statistics illustrate that in the
event of a severe flood hazard affecting the region, its detrimental economic consequences

are experienced not only at a local level but also on a national scale.

The municipality is also characterized by a subtropical climate with a mean annual minimum
temperature of 13.9° C and a maximum temperature of 24° C (Zungu et al., 2018). The
summers are hot and humid, and winters are sunny and moderate. The average annual rainfall
is 1,054 mm, with about 80% occurring in the warmer months from October to March,
predominantly in summer (Royal Haskoning DHV, 2014). Due to the high average rainfall, the
area is often subjected to severe flooding, resulting in significant economic losses and fatalities
(Mashao et al., 2022). Additionally, the terrain of the region is mostly rugged, featuring
numerous canyons and ravines. Nevertheless, it also boasts a prominent and scenic coastal
region along the Indian Ocean. The municipality encompasses 18 major river systems,
including notable ones like the Umlazi and Umgeni rivers. The Umgeni River stands as the
largest watercourse in Durban, contributing to the coastal city's diverse aquatic landscape
(Gairola et al., 2016).
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The geological structure of the region is made up of clastic sedimentary sandstone which
allows water to percolate, as a result moistening the soil. This metropolitan region is also home
to a variety of flora types, such as woody vegetation, shrubs of various sizes, and a medley of
grasses (Hlanguza, 2015). The dense shrub and indigenous forest subtypes that make up the
bush in the region belong to the Indian coastal belt vegetation type (Zungu et al., 2018; Mucina
and Rutherford, 2006; GeoTerralmage, 2014). The bush includes a wide variety of species, a
complex of topography, and well-informed tree layers in the canopy and understory, but poorly
developed herbaceous layers (Cucina and Rutherford, 2006).

The choice of study area was driven by multiple factors, including its significant susceptibility
to recurrent flooding and the urgent requirement for enhanced risk assessment methods.
Additionally, the vulnerability of the area to floods, exacerbated by its geographical and climatic
attributes, also forms a compelling basis for this research. Moreover, the accessibility of
relevant data within the region provides a solid foundation for the application and validation of

the methodology in refining flood hazard mapping accuracy. Figure 3 displays the map of the

study area.
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Figure 2: Map of the study area.
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3.3 Overview of the methodology
This section provides an overview of the methodology employed in this study; subsequent

sections will delve into the individual steps in more detail. The methodology utilizes a GIS-
based MCDA framework to assess flood risk. The assessment concentrates solely on
evaluating flood hazard without incorporating considerations of social vulnerability and
exposure to estimate the overall flood risk. The multi-criteria process follows the steps outlined
in the multi-criteria analysis method by Buckley (1985). Furthermore, to determine the
appropriate weights for each criterion, two distinct multi-criteria analysis techniques are
employed, namely: the AHP and FAHP. These techniques help to assign relative importance

to the various criteria used in assessing flood risk.

The criteria used in the study are based on factors that have been identified as significant
contributors to flooding (Cai et al., 2021; Rincon et al., 2018; Allafta and Opp, 2021; Feloni et
al., 2019). To be sure, these criteria were derived from a thorough review of relevant literature,
ensuring that the assessment incorporates well-established factors influencing flood risk. For
creating flood hazard maps, a widely used GIS program developed by ESRI called ArcGIS
has been used. This software offers a comprehensive suite of tools and capabilities for
managing, analysing, and visualizing spatial data. It also provides the necessary
functionalities to process the input data and generate accurate flood hazard maps. The input
data required for the creation of the flood hazard maps in this study includes a soil type map,
digital elevation data obtained from the Shuttle Radar Topography Mission (SRTM), monthly
rainfall data from weather stations, Landsat 8 TIRS/OLI satellite images, and the boundary of
the eThekwini municipality. Eventually, this methodology allows for a comprehensive
assessment of flood hazard in the study area by integrating the GIS-based multi-criteria
decision analysis framework, employing appropriate weighting techniques, and utilizing

ArcGIS software.

Moreover, each criterion map transformed the corresponding projected coordinate system,
specifically the WGS_1984 _UTM_Zone_35S and was subsequently converted into a raster
format. All datasets were subjected to a reclassification process, utilizing the Reclassify Tool
within ArcMap, where a scale ranging from 1 to 5 was employed. This scale was used to assign
values to each class, with: 1 representing a very low level of risk; 2 representing low risk; 3
representing moderate level of flood risk; 4 representing high risk; and 5 indicating a very high
level of flood risk (Swain et al., 2020). Following the reclassification of the maps, the Weighted
Overlay Tool in ArcMap was employed to perform a spatial overlay of the individual maps. As
a result, two flood risk maps were generated: one depicting the results of AHP, while the other
illustrating that of FAHP. Subsequently, sensitivity analysis for both MCDA methods was

carried out by individually adjusting the weights of the criteria, increasing and decreasing each

40



criterion by 20%, utilizing the one-at-a-time method. As a result, a total of twenty-eight
simulations were carried out to analyze the sensitivity of the MCDA methods. The simulations
were conducted for each method based on the seven criteria. Subsequently, the outcomes of

these simulations are depicted through the presentation of maps.

Lastly, a comparison analysis was done to examine the effectiveness of the two methods. This
focused on two aspects: the extent and location of high flood zones and the results of the
sensitivity analysis. To elaborate, the flood hazard maps generated by the original weights of
both methods were compared in terms of the scope and geographical distribution of areas
prone to severe flooding; and secondly, the evaluation of outcomes derived from the sensitivity

analysis. The methodological framework for the study is presented in figure 3.
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Figure 3: The methodological framework
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3.4 Data Collection and Preparation
This section provides an in-depth discussion of the datasets and the data processing methods

used for preparing the data for use in this study.

3.4.1 The Shuttle Radar Topography Mission (SRTM) Digital Elevation Model (DEM)
Elevation data is essential for understanding an area's topography, with Allafta and Opp (2021)

noting it as the primary indicator of topographic features. Topography impact on flood depths
as well as the direction that surface water flows (Tehrany et al., 2014; Tang et al., 2018; Rafiei-
Sardooi et al., 2021). Moreover, the hydrological response of different zones in an area is
greatly influenced by elevation. According to Veerappan et al. (2020), low-elevation locations
typically have a gentle or flat slope, making them more vulnerable to flooding and water
logging since steep slopes generate greater velocity than flat or gentle slopes and may

therefore remove runoff more quickly.

Research shows that slope data is significant for assessing the terrain's gradient and how it
influences water flow (Rincon et al., 2018; Allafta and Opp, 2021; Cai et al., 2021). For
example, Talukdar et al. (2020) explain that flooding is directly correlated with slope because
it affects the water's vertical percolation and runoff velocity. Hence, flooding risks rise as a
result of the water infiltration rate and water velocity increasing and decreasing, respectively,
with the slope's decline (Chen, 2022).

The SRTM DEM dataset was obtained from the United States Geological Survey (USGS) as
shown in table 2 and has seen wide used in flood risk studies (Sharma et al., 2018; Bhuyian
et al., 2018; Adesina et al., 2021; Courty et al., 2019). This key dataset holds a particular
relevance in the domain of flood hazard mapping. One of its key characteristics is its high-
resolution portrayal which captures complex surface details at intervals of approximately 30
meters (Sepuru, 2018). This attribute is important for flood risk mapping, as it allows for a
precise understanding of the topography and elevation changes within a given area. Such
accuracy is crucial for identifying low-lying regions prone to flooding and assessing the
potential extent of floodwaters. As stated in the study by Olusina and Okolie (2018), enhanced
resolution in SRTM data contributes to heightened accuracy in input data for applications such
as flood mapping, sea level rise models, and volcano hazard assessments, among others.
Consequently, the SRTM DEM was employed in this study to extract information on slope,

elevation, and drainage density.

SRTM DEM is important for calculating drainage density, as it provides crucial elevation data
necessary for delineating watersheds, extracting stream networks, and ultimately determining
the density of drainage within a given area. According to Horton (1945), drainage density is

defined dimensionally as the inverse of a length, or more specifically, as the proportion of the
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network's overall length to its watershed area. Drainage density has a significant impact on
the concentration time and, consequently, the peak flow magnitude in the river network
because flow velocity is higher there (Pollard et al., 2009). Consequently, increasing drainage
density indicates increasing flood peaks. Undoubtedly, this proves that drainage density data
is crucial for this study as it indicates the concentration of natural water channels and their

ability to manage water flow.

3.4.2 Validation data
Validation data from the South African National Space Agency (SANSA) was used to confirm

the high flood risk zones on the maps generated in this study, taking the 2022 flood incident
records of the eThekwini Municipality as a point of reference. This data was provided in the
form of coordinates which serve as spatial markers, indicating the specific locations of flood-
affected regions within the study area. They typically consist of latitude and longitude values,
pinpointing precise positions where flood events have occurred. For that reason, the data is
essential for the validation process which involves comparing the coordinates data with the
flood hazard maps generated during the study. Figure 4 shows the map of flood incidents

which is employed for validation of the two MCDA methods.
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Figure 4: Floods incidents in 2022 used for validation purposes.
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3.4.3 Rainfall data
Monthly average rainfall data from 2016 to 2022 was acquired from the eThekwini Data feeds

as presented in Table 2. The data holds significance in understanding and predicting flood
occurrences as it is commonly known that flash floods happen when excessive rainfall
exceeds the ground's capacity to absorb it (Sauka, 2016). In addition, Allafta and Opp (2021)
indicate that rainfall plays a significant role in both the frequency and severity of flooding
disasters. Moreover, to understand hydrological processes and identify places that are likely
to flood, rainfall data can be used to study the patterns, intensities, and duration of rainfall
(Allafta and Opp, 2021). Consequently, rainfall data was selected as a fundamental factor in
the study due to its significant impact on flood formation. Notably, rainfall data shows variations
in precipitation levels across different months, directly influencing the potential for flooding.
Despite that, this data helps to delineate potential flood-prone areas on the map, as areas with
consistently higher long-term average rainfall are more likely to experience intense runoff and

saturation of the ground, which can lead to flooding (Rincon et al., 2018).
3.4.4 Landsat 8 OLI/TIR Imagery Land Cover Analysis

The Landsat 8 Operational Land Imager (OLI) and TIRS (Thermal Infrared Sensor) satellite
image obtained from the United States Geological Survey (Table 2) is a valuable tool for
diverse applications, particularly in land cover analysis (Sepuru, 2018). The multispectral data
captured across a range of wavelengths, from visible light to infrared, provides information on
various factors such as land use and land cover, water bodies, and vegetation health (Sepuru,
2018), but it becomes valuable only when subjected to analysis rather than being considered
in its raw form. The moderate spatial resolution of Landsat 8 images, typically around 30

meters, enables detailed analysis of land cover and changes over time.

Moreover, Landsat 8's ability to capture near infrared and shortwave infrared data facilitates
applications such as flood hazard mapping (Elkhrachy, 2015). This capability allows for the
identification of inundated areas and changes in water content within landscapes (U.S
Geological Survey, 2023). In this study, the focus is specifically on land cover, which involves
the physical characteristics of the Earth's surface, including vegetation, structures, and other
features. Land use, referring to human activities on a specific piece of land, is distinct from

land cover.

According to Elkhrachy (2015), Land Use Land Cover (LULC) is often categorized based on
the quantity and type of vegetation, which directly or indirectly influences flood occurrences
and peaks by affecting infiltration, evapotranspiration, and runoff generation. Landsat 8

OLI/TIRS data was chosen for this study due to its superior signal-to-noise levels compared

44



to Thematic Mapper (TM) and Enhanced Thematic Mapper Plus (ETM+) images. Claverie et
al. (2018) note that Landsat 8 OLI/TIRS is a leading platform for moderate-resolution land
imagery, offering cost-effective tools for describing landscape processes at large scales. Its
application is crucial for creating timely and precise maps, as highlighted by Inglada et al.
(2016).

3.4.5 Soil type
Soil data was obtained from DIVA-GIS (Data Interpolating Variational Analysis Geographic

Information System) at a global scale as shown in table 2. This data provides information
about the composition and properties of soils across different locations including details on
soil texture, colour, drainage, and fertility. Additionally, the data usually comes with spatial
information, allowing it to be mapped and visualized. That is essential in flood hazard mapping
because soil types help to predict how quickly rainwater will be absorbed into the ground,
affecting the amount of runoff that can lead to flooding. According to Rahmati et al. (2016),
soil properties play an important role in identifying the region’s water-holding properties, and
hence affect water infiltration. The most important elements of soil are its moisture content and
texture (Tariq et al., 2022). For example, sandy soil quickly absorbs water and provides little
runoff, soil textures have a substantial impact on floods. In contrast, clay soils are more water-
retentive and less permeable than sandy soils. Hence, areas with clay soils have a higher risk
of flooding. As a result, soil type data has been used in this study due to the significance of

soil texture in determining the drainage characteristics of the soil (Feloni et al., 2019).

3.4.6 Rivers network data
The river shapefile data originating from the South African Department of Water and Sanitation

website was also used in the study. The data is often provided in vector format which is
compatible with ArcGIS, allowing for precise representation and visualization of river networks.
This shapefile data typically contains attributes such as river names, flow direction, and even
information on water quality or usage. Moreover, it is crucial for this study because mapping
the distance to rivers helps to identify flood-prone areas based on their proximity to water
bodies (Rincon et al., 2018). It has been shown that floods are particularly prevalent in areas
adjacent to rivers because water flows from higher altitudes and gathers at lower altitudes in
the river basin (Tariq et al., 2022). Moreover, the velocity and extent of floods in a region are
influenced by the region's distance to rivers, which measures the distance between each cell
or pixel and the river (Khosravi et al., 2016; Xu et al., 2018; Chen, 2022). As a result, flooding
is common in areas that are near rivers, and as the index value decreases, the likelihood of a
flood rises (Rafiei-Sardooi et al., 2021). Due to that, the distance to streams is another
important consideration because the susceptibility of an area to flooding is directly influenced

by the presence of streams and rivers nearby. Therefore, river data was incorporated as part
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of the methodology to help find areas that are more likely to flood because of their proximity

to bodies of water. A representation of the data sources is presented in Table 2.

Table 2: Data types and sources

Data type Source

Average eThekwini Datafeeds
annual (https://data.ethekwinifews.durban/ ) accessed on 13

precipitation October 2023

SRTM Digital US Geological Survey (https://earthexplorer.usgs.gov/,

Elevation accessed on 30 March 2023)

Model

(DEM)

Landsat 8 US Geological Survey (https://earthexplorer.usgs.gov/,
OLI/TIRS accessed on 30 March 2023)

Soil texture DIVA-GIS (https://www.diva-gis.org/Data, accessed on
30 March 2023)

Geographic  SANSA

coordinates
(https://www.sansa.org.za/research/,accessed on 17

November 2022)

Rivers data Department of Water and Sanitation

(https://www.dws.gov.za/iwgs/gis data/river/All.html,
accessed on 30 March 2023)

3.5. Data Processing
The data utilized in the analysis were standardized to a consistent spatial resolution of 30

meters. This decision was made to ensure uniformity across different datasets and maintain
the coherence of the analysis. The 30-meter resolution was deemed appropriate for the study
area, allowing for a detailed examination of the various criteria influencing flood risk while

aligning with the available data sources.

3.5.1. Elevation
Elevation significantly influences the extent of flooding, particularly in managing the direction

of water flow and determining flood depth (Stieglitz et al., 1997; Allafta and Opp 2021). For
this study, an elevation map was created using SRTM DEM data in ArcGIS software. The

elevation map was reclassified into five categories as follows: Very high (0 — 20 m), High (20
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— 50 m), Moderate (50 — 100), Low (100 — 150 m), and (>150) (Souissi et al., 2019; Swain et
al., 2020). Each category was assigned a numerical value for use in the weighted overlay
analysis, aligning with their elevation characteristics: Very High = 5, High = 4, Moderate = 3,
Low = 2, and Very Low = 1. These numerical values were instrumental in the analysis, guiding
the software to prioritize areas with certain elevation characteristics based on their assigned

weights in the overall flood hazard mapping process.

The studies by Souissi et al. (2019) and Swain et al. (2020) hold significant relevance to flood
risk mapping research employing Multi-Criteria Decision Analysis (MCDA) techniques. The
studies not only identified and examined key factors contributing to flood risk, but they also
assigned weights to these factors and introduced predefined thresholds and intervals for flood
susceptibility zones, which served as valuable reference points for this research. This provided
a structured approach to understanding the significance of each factor in flood risk assessment
and it also facilitates a more precise and standardized assessment of flood risk, enhancing
the comparability and accuracy of flood risk mapping projects across different regions and

contexts.

3.5.2. Slope
The data was processed using a spatial analysis tool found within the "Surface Tools" category

in ArcGIS. Specifically, the "Slope" tool was utilized to generate this map. Through the use of
this tool and the SRTM DEM data, the software was able to determine the slope across the
area of study. The slope of the terrain was assessed in degrees and then categorized into
three specific risk levels concerning the study of Swain et al. (2020): low (>35°), low (15.1°-
35.0°) Moderate (5.1° — 15°) High (2.1° — 5.0°) Very high (0.0° — 2.0°). This categorization
helped assess the possible effects of floods, with different levels of flood risk being associated
with different slope measures in different places. Each slope category was assigned a
numerical value to facilitate its integration into the weighted overlay analysis: Very Low (>35°)
=1, Low (15.1° = 35.0°) = 2, Moderate (5.1° — 15°) = 3, High (2.1° — 5.0°) = 4, and Very High
(0.0°-2.0°) = 5. These numerical values align with the inherent characteristics of slope, where

higher values correspond to higher degrees of slope.

3.5.3 Drainage density
Drainage density data were processed in ArcGIS using the SRTM DEM dataset and were

done so for the entire catchment. After carefully processing the georeferenced SRTM DEM,
the flow direction and flow accumulation tools were employed to derive essential flow
characteristics from the terrain. The flow accumulation output, representing the number of
cells contributing to each location, served as the basis for delineating a stream network. As a
result, the areas considered part of the stream network were identified by applying a defined

threshold of 500 to the flow accumulation raster, which means that any cell with a flow
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accumulation of 500 or more would be classified as part of the stream network, while cells with
values below 500 would be excluded. Subsequently, the drainage density for the study area
was calculated. Moreover, to assess flood risk, the drainage density values were segmented
into three categories. The first category, the very high hazard class (2 — 2.45 km/km?), is
defined by a notably elevated drainage density and is significantly susceptible to flooding. This
is followed by the high class (1.5 — 2 km/km?) and moderate hazard class (1 — 1.5 km/km?)
respectively, while the fourth category falls under the low hazard class (0.5 — 1 km/km?) and
lastly, the very low class (0 — 0.5 km/km?) concerning Souissi et al. (2019) and Swain et al.
(2020). This classification is pivotal in identifying areas prone to flooding, where higher
drainage density indicates a greater potential for flooding due to increased water flow
accumulation. To incorporate these drainage density categories into the weighted overlay
analysis, each class was assigned a numerical value: Very High Hazard Class = 5, High
Hazard Class = 4, Moderate Hazard Class = 3, Low Hazard Class = 2, and Very Low Hazard

Class = 1.

3.5.4. Land use land cover
The 2023 Landsat 8 OLI/TIRS satellite image underwent pre-processing in QGIS before

generating composite bands in ArcGIS. Initial QGIS preprocessing involved radiometric and
geometric corrections, atmospheric correction, and noise removal. Subsequently, composite
bands were generated in ArcGIS using the processed image. The study area was precisely
extracted from the image using the "Extract by Mask" tool, ensuring the precise delineation of
the area of interest from the source image (Sepuru, 2018). This extraction method focused
subsequent image classification and analysis exclusively on the study area, enhancing result
accuracy. Supervised image classification procedures were implemented, leading to the
creation of distinct training samples for each land use category, including settlement, bare
land, water bodies, vegetation, and agriculture (Allafta and Opp, 2021). The supervised
classification process, performed in ArcGIS, leveraged these training samples to establish

robust classification rules.

Post-classification, five distinct land use categories were derived, each assigned risk levels:
water bodies as very high, agriculture as high, settlement as moderate, while bare land and
vegetation were classified as low and very low, respectively (Swain et al., 2020; Souissi et al.,
2019). To integrate these land use categories into the weighted overlay analysis, each
category was assigned a numerical value: Very High (Water bodies) = 5, High (Agriculture) =
4, Moderate (Settlement) = 3, Low (Bare land) = 2, and Very Low (Vegetation) = 1. For
accuracy assessment, the Kappa coefficient provided a statistical measure of agreement
between the classified land use categories and reference data (Verma et al., 2020).

Additionally, the validation process included a comparison with Google Earth imagery,
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ensuring independent verification of the accuracy of classified results. Post-classification, the

error matrix derived from the confusion matrix was analyzed.

3.5.5. Rainfall
The monthly precipitation data, measured in millimetres, was gathered from five weather

stations located within the study area. This dataset underwent processing in ArcGIS through
the application of the Inverse Distance Weighted Interpolation tool to create an annual average
rainfall map (Allafta and Opp, 2021). This interpolation technique was utilized to estimate
rainfall values at locations without direct measurements, relying on the spatial patterns and
relationships observed among the available data points. This approach facilitated the
development of a continuous surface that represents the distribution of seasonal rainfall
across the study area. Monthly average rainfall data from 2016 to 2022 was utilized in the

analysis.

Consequently, the resulting rainfall map was categorized into five risk levels: "very high" (300
mm), "high" (250 mm), "moderate" (200 mm), "low" (150 mm), and "very low" (100 mm). These
classifications were determined based on historical flood events triggered by heavy rainfall,
which have been documented for the KwaZulu-Natal region and are supported by previous
research findings from various studies (Mashao et al., 2022; Rincon et al., 2018; Cai et al.,
2021; Allafta and Opp, 2021; Swain et al., 2020; Souissi et al., 2019; Cabrera and Lee, 2019).
To facilitate the integration of these rainfall categories into the weighted overlay analysis, each
category was assigned a numerical value: '"Very High' (300 mm) = 5, 'High' (250 mm) = 4,
'Moderate' (200 mm) = 3, 'Low' (150 mm) = 2, and 'Very Low' (100 mm) = 1. These numerical
values, reflective of the historical and research-supported risk levels, were instrumental in
guiding the software to appropriately weigh and prioritize areas based on their susceptibility

to flooding in response to varying rainfall intensities.

3.5.6 Distance to rivers
The distance to rivers plays a crucial role in identifying flood risk zones. To elaborate,

Fernandez and Lutz (2010) demonstrated that flood hazards have a significant impact on
regions in close proximity to the river network, with the influence of this factor gradually
diminishing as one moves farther away from the riverbed. As result, to create a distance to
rivers map that highlights places at risk of flooding, the rivers data was processed in ArcGIS
using Euclidean distance analysis (Cai et al., 2021). Subsequently, a gradient was built, with
values decreasing as the distance to rivers gets closer through determining the Euclidean
distance between each cell and the closest river cell. The thresholds for this data were
categorized into five levels of risk, very high (<500 m), high (500 — 1000 m), moderate (1000
— 1500 m), low (1500 — 2000 m) and very low (>2000 m) as per (Souissi et al., 2019;

Chaulagain et al., 2023). To facilitate the integration of these distance to rivers categories into
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the weighted overlay analysis, each category was assigned a numerical value: 'Very High'
(<500 m) = 5, 'High' (500 to 1000 m) = 4, 'Moderate' (1000—1500 m) = 3, 'Low' (1500—-2000 m)
= 2, and 'Very Low' (>2000 m) = 1.

3.5.7. Soil data
For this dataset, the data processing procedure consisted of modifying a pre-existing global

soil map to suit the exact study location. In ArcGIS software, the study area was separated
from the larger map using a clipping technique (Allafta and Opp, 2021). Subsequently, the soll
data was improved to match the study's specific focus by organizing it into different categories
based on distinct soil texture classes. This classification was achieved by adjusting attributes
within the ArcGIS software, where texture attributes were assigned based on the relative
proportions of sandy loam, clay loam, and clay. As a result, a personalized map displaying soil
textures for the study area was produced. The soil textures were classified into very high (clay),
moderate (clay loam) and low (sandy loam) (Souissi et al., 2019; Chaulagain et al., 2023;
Swain et al., 2020). To enable seamless integration into the weighted overlay analysis, each
soil texture category was assigned a numerical value: 'Very High' (Clay) = 3, 'Moderate' (Clay
Loam) = 2, and 'Low' (Sandy Loam) = 1. These numerical values, reflecting the specific soll
textures and their associated risk levels, played a pivotal role in the analysis, aiding the

software in capturing the influence of soil characteristics on flood risk within the study area.

3.6. Data Analysis

3.6.1. Analytical Hierarchy Process
AHP, which was developed by Saaty is a decision-making methodology that provides a

structured approach for evaluating and prioritizing alternatives based on a set of criteria
(Saaty, 1977). It allows users to establish a hierarchical arrangement of criteria and produce
informed evaluations of flood hazards and risk assessments by incorporating local knowledge,
expert opinions, and literature-supported prioritization of influencing factors (Wondim, 2016).
Furthermore, it breaks down complex decisions into a hierarchical structure consisting of an
object layer, index layer, and sub-index layer according to Cai et al. (2021). Furthermore, the
pairwise comparison approach is used in AHP to evaluate the relative relevance or preference
of elements using integer values from 1 to 9. According to Saaty (1980), the verbal evaluations
should be converted into numerical values that represent the values of judgement using a 9-

point scale.

As a result, a set of relative weights is developed by comparing all the criteria and alternatives.
These pairwise comparison assessments are used by the mathematical model of AHP, which
determines the total relevance of each criterion and alternative, to determine the final priorities.
Ultimately, a set of matrix calculations and eigenvalue calculations are performed to determine

the consistency of the judgements. The definition of a 9-point scale is listed in Table 3.
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Table 3: Saaty’s scale of relative importance (Adapted from Saaty, 1977)

Scale Numerical | Reciprocal | Description
Evaluation

Equally important 1 1 Both elements have equal importance or
preference.

Slightly more 2 1/2 One element is approximately equal to or

important slightly more important than the other

Moderately more 3 1/3 One element has moderate importance or

important preference over the other.

Significantly more 4 1/4 One element is between moderately and

important strongly more important or preferred than the
other.

Very strongly more 5 1/5 One element has strong importance or

important preference over the other.

Absolutely more 6 1/6 One element is between strongly and very

important strongly more important or preferred than the
other.

Strongly more 7 1/7 One element has very strong importance or

important preference over the other.

Demonstrated 8 1/8 One element is between very strongly and

importance extremely more important or preferred than
the other.

Extremely more 9 1/9 One element has extreme importance or

important preference over the other

i. Pairwise comparison

The first step in determining the weights of the criterion using AHP is to create a matrix for
pairwise comparisons of the criteria selected (Rincon et al., 2018), as shown in Table 4, where
the factors are listed both in rows and columns. The pairwise comparison judgments were
then assigned to each factor to evaluate the relative importance of one criterion in comparison
to another using Saaty’s scale of relative importance ranging from 1 to 9. These judgements
were adopted from different flood risk mapping studies which used almost a similar criterion
(Rincon et al., 2018; Cai et al., 2021; Allafta and Opp, 2021; Swain et al., 2020; Souissi et al.,
2019; Cabrera and Lee, 2019). For instance, in their research, Rincon et al. (2018) evaluated
nearly identical criteria, including rainfall, distance to the river, digital elevation model (DEM),
slope, land use/land cover (LULC), drainage density, soils, and lithology. These criteria were
integral to their multi-criteria analysis for flood risk mapping in the Greater Toronto Area. The
study resulted in a flood hazard map categorizing the area into four zones: high, intermediate,
low, and very low flood hazard zones. The decisions made in this study were informed by
relevant prior research works, including those by Rincon et al. (2018), Cai et al. (2021), Allafta
and Opp (2021), Swain et al. (2020), Souissi et al. (2019), and Cabrera and Lee (2019), which

provided valuable insights and served as the basis for comparison.
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Table 4: Pairwise comparison scores of the selected criteria

Matrix Rainfall | Slope Elevation | DD Soil LULC DFR
Rainfall 1 3 4 2 3 4 3
Slope 1/3 1 2 % 1 3 2
Elevation Y 1/2 1 1/3 1/2 2 1
DD % 2 3 1 2 3 2
Soil 1/3 1 2 % 1 2 2
Land use Land cover Y 1/3 1/2 1/3 1/2 1 1/2
DFR 1/3 1/2 1 % 1/2 2 1
Sum 3 8.333 13.5 5.167 | 8.5 17 11.5

The pairwise comparisons were then used to create weighted scores that represent the
relative importance of each factor. In the calculations, the pairwise comparison matrix was
normalized by dividing each factor of the matrix by the sum of its respective column. This
normalization process ensures that the values are relative to each other and facilitates
comparison as shown in Table 5. The weighted average of the columns was then calculated,
and the primary eigenvector was determined. These calculations produced a set of weights

that represents the relative importance each factor in determining flood risk.

i.  Normalization
The pairwise comparisons were then used to create weighted scores that represent the

relative importance of each factor. In the calculations, the pairwise comparison matrix was
normalized by dividing each factor of the matrix by the sum of its respective column. This
normalization process ensures that the values are relative to each other and facilitates
comparison as shown in Table 5. The weighted average of the columns was then calculated,
and the primary eigenvector was determined. These calculations produced a set of weights

that represents the relative importance each factor in determining flood risk.

Table 5: Normalized pairwise comparisons of the selected criteria.

Matrix Rainfall | Slope | Elevation | Drainage | Soil Land use | Distance | Criteria

density Land from Weights
cover rivers

Rainfall 0.333 0.360 | 0.296 0.387 0.353 | 0.235 0.261 0.318

Slope 0.111 0.120 | 0.148 0.097 0.118 | 0.176 0.174 0.135

Elevation | 0.083 0.060 | 0.074 0.065 0.059 | 0.118 0.087 0.078

Drainage | 0.167 0.240 | 0.222 0.194 0.235 | 0.176 0.174 0.201

density

Soil 0.111 0.120 | 0.148 0.097 0.118 | 0.118 0.174 0.127

Land use | 0.083 0.040 | 0.037 0.065 0.059 | 0.059 0.043 0.055

Land

cover

Distance | 0.111 0.060 | 0.074 0.097 0.059 | 0.118 0.087 0.087

from

rivers
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iii. Determining the Consistency Index

The next crucial step is to assess the level of inconsistency using the Consistency Index (Cl)
to ensure the reliability of the judgments made during the pairwise comparisons. According to
Saaty (1977), it is essential for the CI to be less than 0.1 for the pairwise comparisons to be
considered reasonably consistent. This is because the AHP method may introduce
inconsistencies when establishing values for the pairwise comparison matrix (Rincon et al.,
2018). Hence, by assessing the CI, decision-makers can obtain an understanding of the
general coherence of the decision-making process and implement any required modifications
if deemed necessary. As a result, to calculate the Cl, the initial step involves calculating the
weighted sum vector. This is achieved by multiplying the criteria weights with the values

obtained from pairwise comparisons (Cai et al., 2021).

Amax—n
n—-1

The expression for Cl is defined as equation 1 (Saaty, 1976): Cl is equal to , whereby

the symbol "Amax" represents the maximum eigenvalue of a matrix. This matrix is obtained by
summing up the column totals of the correlation matrix of each parameter, multiplied by the
normalized value of the corresponding parameters as shown in table 6. Additionally, "n" refers

to the dimension or order of the matrix.

Table 6: Calculating the CI for the criteria.

Criterion Weighted Sum Value Consistency Vector
Rainfall (1*0.318)+(3*0.135)+(4*0.078)+(2*0.201) | 2.299 7009
+(3*%0.127)+(4*0.055)+(3*0.087) =2.299 | 0.328
Slope 0.964 7.141
Elevation 0.554 7.103
DD 1.437 7.149
Soil 0.909 7.157
LULC 0.394 7.164
DFR 0.614 7.057
Consistency Index = M::l_xl_", (3.1)
7.009+7.141+7.103+7.149+7.157+7.164+7.057
Amax = >
=7.111
Therefore,
Cl = Amax—n
n-1
_ 7.111-7
To71
=0.019233
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To proceed, the Random Index (RI) and the Consistency Ratio (CR) must be determined to
assess the consistency of the judgments made during the pairwise comparisons. As explained
by Saaty (1980), the RI depends on the number of criteria used in the pairwise comparison.
Ghosh and Kar (2018) define Rl as the mean value of the resulting Cl. On the other hand,
according to Chen et al. (2013), CR represents a measure of how the consistency index of a

given matrix compares to that of a purely random matrix. Table 7 presents the Rl values.

Table 7: The RI values.

Matrix Size 1 2 3 4 5 6 7 8 9 10
Random Consistency 0.00 [0.00|0.58 {090 (1.12 [1.24|1.32 |1.41|1.45|1.49
Index

To proceed, CR is calculated using Saaty's equation (Saaty, 1980):

. . Consistency Index
Consistency Ratio = =2— 2

(3.2)

Random Index

_ 0.019

1.32

=0.014

Since the CR is less than 0.1, this indicates that the level of inconsistency in the pairwise
comparisons made during the AHP calculations is within an acceptable range. Due to that, it
can be concluded that the judgments provided for the criteria or alternatives are relatively

consistent and reliable since the value CR represents a high level of consistency.

3.6.2. Triangular Fuzzy Analytical Hierarchy Process
Previous research has demonstrated that the traditional AHP method often faces criticism for

its inadequate ability to effectively handle the uncertainties associated with decision-making
processes (Li et al., 2021; Wu et al., 2018; Deng et al., 2014). To address this concern, the
application of Triangular FAHP has been incorporated in this research to determine the
weights. The objective is to evaluate the sensitivity and compare the effectiveness of using
each of these two methods individually in addressing the uncertainties faced by decision-
makers. Using crisp numbers, or discrete values, traditional AHP often illustrates the
significance of factors. However, in this approach, triangular fuzzy numbers are employed to
take into consideration the inherent uncertainty in the decision-making process (Buckley,
1985). These values are ambiguously defined and are indicated by |, m, and u, where |
indicates the lower bound, m the most likely value, and u the upper bound, where < m <u
(Caietal., 2021). Moreover, in a study by Cai et al. (2021), it can be seen that the incorporation
of triangular fuzzy numbers in factor representation allows for greater flexibility and ambiguity

rather than relying on a single exact value. As a result, this approach enables researchers to
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consider a range of potential hazards, leading to a comprehensive and realistic assessment
of the various aspects involved in the decision-making process. The definition of triangular

fuzzy numbers is shown in Table 8.

Table 8: FAHP Scale relative of importance (Adapted from Ayhan, 2013)

Linguistic term Triangular fuzzy numbers Reciprocal Fuzzy number
Equally Important (1,1,1) (1,1,1)
Moderate Importance (2,3,4) (1/4,1/3,1/2)
Strong Importance (4,5, 6) (1/6, 1/5, 1/4)
Very Strong Importance (6,7,8) (1/8,1/7,1/6)
Extremely Strong Importance (9,9,9) (1/9, 1/9, 1/9)
Intermediate Values (1, 2, 3) (1/3,1/2,1)
(3,4,5) (1/5,1/4,1/3)
(5,6,7) (1/7,1/6,1/5)
(7,8,9) (1/9,1/8,1/7)

The triangular membership function can be utilized to illustrate the level of risk or susceptibility
associated with specific factors related to flooding. For instance, to model a fuzzy relationship
between the value of a factor and the degree to which it contributes to flood risk, the triangular
membership function is used as shown in figure 5. This allows decision-makers to make better-
informed decisions and promoting the implementation of appropriate flood risk management

measures based on the degrees of risk associated with various factors (Zadeh, 1965).

Had A

Figure 5: Triangular fuzzy membership
function

i. Pairwise comparisons

As part of the methodology of the study based on the Triangular FAHP to determine the
weights, the first step involved performing pairwise comparisons of the criteria. As a result, the

relative importance of each criterion was established using fuzzy preferences. Thereafter, the
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linguistic terms used in the comparisons were transformed into triangular fuzzy numbers,
encompassing lower bound, midpoint, and upper bound values (Tripathi et al., 2022). To
illustrate, Table 9 indicates the relative importance of criteria based on fuzzy preferences

transformed into triangular fuzzy numbers.
The formula for determining the reciprocal values is presented as follows (Tariq et al., 2020):

A" (-1) = (I, m, u) ~ (-1)

111

Q@D (3.3)

Where, 'I' signifies the lower bound, 'm' denotes the midpoint, and 'u' represents the upper
bound of this fuzzy number. The fuzzy reciprocal, A* (-1), can be understood as a way to deal
with imprecision and uncertainty in data. It provides a representation of values in the form of
fuzzy intervals, acknowledging the fact that a precise value may not be available, but rather,

the value is bounded by a lower and upper limit.

1/u represents the reciprocal of the upper bound, 'u,' in the fuzzy number. It quantifies the

degree to which the upper limit influences the reciprocal value.

1/m is the reciprocal of the midpoint, 'm," which characterizes the central or most probable
value within the fuzzy number. It conveys the degree to which the central value impacts the

reciprocal outcome.

1/l corresponds to the reciprocal of the lower bound, 'l," in the fuzzy number. This component

assesses the influence of the lower limit on the reciprocal result.

Similarly, the pairwise comparison judgements of the criteria shown in table 9 were drawn from
a variety of flood risk mapping studies that employed similar assessment parameters, as
documented in the works of Cai et al. (2021), Allafta and Opp (2021), Swain et al. (2020),
Souissi et al. (2019), and Cabrera and Lee (2019).
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Table 9: FAHP Pairwise Comparison of the selected criteria

Matrix Rainfall Slope Elevation | Drainage Soil Land Distance
Density use/land | from
cover rivers
Rainfall (1,1,2) (2,3,4) (3,4,5) (1,2,3) (2,3,4) (3,4,5) (2,3,4)
Slope (1/4,1/3,1/2) | (1,1,1) (1,2,3) (1/3,1/2,1) | (1,1,1) (2,3,4) (1,2,3)
Elevation (1/5, (1/3, »,1) (1,1,2) (1/4,1/3, (1/3,1/2,1) | (1,2,3) (1,1,2)
1/4,1/3) %)
Drainage (1/3, %, 1) (1,2,3) (2,3,4) (1,1,2) (1,2,3) (2,3,4) (1,2,3)
density
Soil (1/4,1/3,%) | (1,1,1) (1,2,3) (1/3,%,1) |(1,1,1) (1,2,3) (1,2,3)
Land use (1/5, %, 1/3) | (%4, 1/3,%) | (1/3,%,1) | (1/4,1/3, (1/3,1/2,1) | (1,1,1) (1/3, %,
land cover %) 1)
Distance (1/4,1/3,%) | (1/3,%.1) | (1,1,1) (1/3,%,1) |(1/3,1/2,1) | (1,2,3) (1,1,2)
from rivers

ii.  Determining the weights

The next step is to determine the FAHP weights. In this approach the weights are calculated

by normalizing the fuzzy geometric mean values using the reciprocal of the summation of the

geometric means. The fuzzy geometric mean is a method for combining the triangular fuzzy

numbers that come from pairwise comparisons (Buckley, 1985). The formula for calculating

the fuzzy geometric mean (r;) is as follows (Tariq et al., 2020):

r=(x,Y, z)

where:

x= (I, 1, % ...

y=(my*m;* ..

* *

z=(u; *u,

*1) A (1/n)

.. *u) A (1/n)

*m) A (1/n)

(3.4)

(3.5)
(3.6)

(3.7)

The aforementioned calculations involve determining the n root of the result after multiplying

relevant components from the triangular fuzzy numbers of each criterion. To calculate the

weights, the formula is present as (Buckley, 1985):

Wi=ri * (r+ rz+....4m) * (-1),

To proceed, the fuzzy geometric mean values have to be added using the formula:

ri+ rae r7=(ly, mq, ug) + (l, my, ux)+...+(lz, mz, uz)

= (/1+/2+...+/7, mq+mo+...+my, U1+U2+...+U7)
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(3.8)

(3.9)

(3.10)




=(1.842 + 0.774+...40.512, 2.627+1.104+.....40.701,3.357+1.511+...+1.060)
= (5.681, 8.223, 11.365)
The reciprocal of the geometric mean sum is presented as follows:

(rs + ra+r3+_+r;) N=1) = (I, m, u) * (-1) (3.11)

~ |k

) (3.12)

11
=(a,;,

=( 1 1 1 )
11.365’8.223’ 5.681

In the next step, each fuzzy geometric mean value must be multiplied with the reciprocal of

the geometric mean sum to get the weights using the formula (Buckley, 1985):
Wi=ri * (ri+ ro+...4m) M (-1), (3.13)

For instance, the FAHP weight for rainfall was calculated as follows:

1 1 1

Wi=(1.842, 2.627, 3.357)* 11.365,8.223,5.681)

= (0.162, 0.319, 0.591),

Similarly, the calculation of the weights for the other criteria followed the method presented in
Table 10.

Table 10: Fuzzy Geometric Mean and Fuzzy Weights of different selected criteria

Criteria Fuzzy Geometric Mean Fuzzy Weights

Rainfall (1.842, 2.627, 3.357) (0.162,0.319, 0.591)
Slope (0.774,1.104, 1.511) (0.068, 0.134, 0.266)
Elevation (0.476, 0.635, 0.906) (0.042,0.077,0.159)
DD (1.042, 1.669, 2.380) (0.092, 0.203, 0.419)
Soil (0.701, 1.042, 1.450) (0.062, 0.127, 0.255)
LULC (0.334, 0.445,0.701) (0.029, 0.054, 0.123)
DFR (0.512,0.701, 1.060) (0.045, 0.085, 0.187)

iii.  Defuzzification

After calculating the weights using FAHP, the defuzzification process was applied. This
process plays a crucial role in facilitating the ranking of alternatives and reaching a decision.
This process involves converting the initially fuzzy calculated numbers into crisp numeric
values, allowing for precise comparisons and evaluations (Buckley, 1985). In this study, the
Centre of Area (COA) defuzzification method proposed by Zadeh (1965) was employed to
achieve this transformation, allowing decision-makers to gain a clearer understanding of the

data and make well-informed choices. Moreover, the ambiguity inherent in the triangular fuzzy
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numbers is effectively resolved, resulting in a set of crisp values that can be readily compared
and ranked. This transformation ensures a more straightforward and intuitive decision-making
process, as it provides concrete and interpretable data. To defuzzify the weights using COA,

the following formula was used:

COA: w;=(“2%) (3.14)

Proceeding with the defuzzification of the fuzzy weight for rainfall using the COA method, the

crisp numeric value was obtained as shown below.

Where, I=0.162, m = 0.319 and u = 0.591,

0.162+0.319+0.591
COA; wy = (sz0a1w0591)

3

= 0.357

iv.  Normalizing the fuzzy weights

Similarly, for the rest of the criteria, the weights were defuzzified as presented in Table 11.
Weights were normalized by dividing each crisp weight by the sum of all crisp weights. This
step ensures that the sum of all weights equals 1 to represent a valid set of normalized

weights.

Table 11: Defuzzified and normalized weights

Criteria Defuzzified Weights Normalized Weights
Rainfall 0.357 0.306
Slope 0.157 0.134
Elevation 0.093 0.080
Drainage density 0.238 0.204
Soil 0.148 0.127
LULC 0.069 0.059
Distance to rivers 0.106 0.091

3.7. Identifying flood risk zones
After assigning weights to each factor in accordance with their relevance to flood risk—guided

by literature (Rincon et al., 2018; Cai et al., 2021; Allafta and Opp, 2021; Swain et al., 2020;
Souissi et al., 2019; Cabrera and Lee, 2019) and historical flood event data in the study area-
the research progressed to delineate flood hazards zones. This was achieved through a
weighted overlay analysis using ArcGIS, where each factor's weight, determined by the AHP
and Triangular FAHP methods, played a pivotal role in the spatial identification of these zones.
In ArcGIS, these weight scores (Tables 5 and 11) were assigned to the thematic layers and

their respective classes for each criterion. To compute the overall risk score for every pixel on
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the resulting flood hazard map in ArcGIS, a weighted overlay analysis method was used. This
method combines multiple raster layers by applying weights to each layer to generate a
composite output raster. The formula for the weighted overlay equation in ArcGIS is as follows
(Weighted Overlay Spatial Analyst—ArcGIS Pro | Documentation, n.d.)

Weighted Overlay Output = (w1xR1) + (Ww2xRz2) +...+(WnXRn) (3.15)
where,
Weighted Overlay Output is the final composite raster representing the weighted overlay result,
w1, Wz,...,Wn are the normalized weights assigned to each input raster (factor),
R1, Re,..., Rn are the raster layers representing the different criteria

Table 12 shows the parameters employed in this study and how they were assigned weights.
The ranking was substantiated by literature (Swain et al., 2020; Souissi et al., 2019;
Chaulagain et al., 2023; Mashao et al., 2022; Grab and Nash, 2023). After carefully conducting
weighted overlay analysis of the two MCDA methods, two flood hazard maps were produced

showing risk categories ranging from 1 to 5 (Very low to Very high).
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Table 12: Criteria and sub-criteria for assessing flood susceptibility include flood risk.

Flood Unit Class Susceptibility AHP FAHP
causative class or levels | Weight | Weight
factor of risk
Rainfall mm >300 mm Very high 0.318 0.306
250 mm High
200 mm Moderate
150 mm Low
100 mm Very Low
0.0°-2.0° Very high 0.135 0.134
Slope Degrees 21°-50° High
5.1°-15.0° Moderate
15.1°-35° Low
>35° Very low
Clay High 0.078 0.080
Clay Loam Moderate
Soil Level Sandy Low
0-20m Very high 0.201 0.204
20-50m High
Elevation m 50-100m Moderate
100—-150m Low
>150 Very low
2.00 - 2.45 km/km? Very high 0.127 0.127
Drainage 1.5 —2.00 km/km? High
density km/km? 1.0 — 1.5 km/km? Moderate
0.5 - 1.0 km/km? Low
0-0.5 km/km? Very low
Distance from <500 m Very High 0.055 0.059
rivers 500 m — 1000 m High
m
1000 m — 1500 m Moderate
1500 m —2000 m Low
>2000 Very low
Land use Land | Level Waterbody Very High 0.087 0.091
cover Agriculture High
Settlement Moderate
Bare land Low
Vegetation Very Low

The table above resulted in two flood hazard maps from the two MCDA methods showing
flood risk as values ranging from 1 to 5 (Very low to very high).
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3.8. Performing sensitivity analysis
As outlined in Chapter 1, the study's objective was to assess the sensitivity of the Analytic

Hierarchy Process (AHP) and FAHP methods. Specifically, it examined how variations in the
individual weighting parameters influence the final output — the flood hazard maps. As a
result, One-At-A-Time (OAT) sensitivity analysis method was used to examine the impacts of
small changes in the criteria weights in both MCDA methods (Fildes, 2022). This method
involves changing the weights of individual criteria, one at a time while keeping all other factors
constant to observe how these changes affect the final rankings of the alternatives. However,
according to Xiao et al. (2017), in order to satisfy the requirement that the sum of all the
weights equals one, the remaining criteria weights should be proportionally adjusted as one
criterion weight was changed. As a result, the criteria were normalized after every adjustment.
Normalizing the increased weight ensures that the overall weighting structure remains valid
and proportional, as it should sum up to one as per the sensitivity analysis principle (Cai et al.,
2021). This is a valid approach to maintain consistency in the weights after performing

sensitivity analysis.

Initiating the analysis, the study began by employing the initial weight values assigned to each
criterion, as provided in the flood risk assessment study. These initial weights represented the
relative importance of each criterion within the assessment framework. A total of 28 sensitivity
simulations were performed to evaluate the sensitivity of the AHP and FAHP methods. In each
simulation, one specific criterion's weight was increased by 20% and decreased by 20% in
relation to its initial weight value. This choice of 20% variation was based on common practice
in sensitivity analysis (Sharifi and Dinpashoh, 2014) allowing an examination of the impact of

moderate changes in the criteria's importance on the overall decision-making process.

The adjustment formulas were as follows:
Increasing the weight of a factor by 20%: Wn = Wc + (Wc * 0.2) (3.16)
Decreasing the weight of a factor by 20%: Wn = Wc - (Wc * 0.2) (3.17)

Here, "Wc" represented the initial weight of the factor, while "Wn" denoted the modified weight
after the adjustment. This formula is a general method for conducting sensitivity analysis by
adjusting the weight of a factor by + any percentage. This technique is commonly used in
various studies and analyzes involving weighted criteria or decision-making processes,
particularly in the field of multi-criteria decision analysis (MCDA) or spatial analysis (Cai et al.,
2021). However, these simulations facilitated a comprehensive exploration of the impact of

variations in criteria weightings on flood risk assessments.
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3.8.1. Weight simulations for Rainfall

Table 13 illustrates the sensitivity simulation results for the AHP method, examining both

increased and decreased values for the rainfall criterion.

Table 13: AHP weight simulations for Rainfall

Criteria Original Weight Increased Decreased
(Normalized) (Normalized)
Rainfall 0.318 0.359 0.271
Slope 0.135 0.127 0.144
Soil 0.078 0.073 0.083
Elevation 0.201 0.189 0.215
Drainage density 0.127 0.119 0.136
Distance to rivers 0.055 0.052 0.059
LULC 0.087 0.082 0.093

Similarly, table 14 displays the sensitivity simulation results for the FAHP method, considering

both increased and decreased values for the rainfall criterion.

Table 14: FAHP weight simulations for Rainfall

Criteria Original Weight Increased Decreased
(Normalized) (Normalized)
Rainfall 0.306 0.346 0.323
Slope 0.157 0.126 0.137
Soil 0.148 0.075 0.079
Elevation 0.093 0.192 0.204
Drainage density 0.238 0.120 0.129
Distance to rivers 0.106 0.056 0.056
LULC 0.069 0.086 0.071

3.8.2. Weight simulations for Slope

The sensitivity table for slope values explores how changes in slope affect the decisions made

by the AHP method, considering both increased and decreased values.

Table 15: AHP weight simulations for Slope

Criteria Original Weight Increased Decreased
(Normalized) (Normalized)
Rainfall 0.318 0.309 0.326
Slope 0.135 0.158 0.111
Soil 0.078 0.076 0.080
Elevation 0.201 0.196 0.206
Drainage density 0.127 0.124 0.130
Distance to rivers 0.055 0.054 0.056
LULC 0.087 0.085 0.089
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Similarly, this table shows the sensitivity simulation results for the FAHP method with both

increased and decreased values for the slope criterion.

Table 16: FAHP weight simulations for Slope

Criteria Original Weight Increased Decreased
(Normalized) (Normalized)
Rainfall 0.306 0.298 0.314
Slope 0.157 0.157 0.110
Soil 0.148 0.078 0.082
Elevation 0.093 0.198 0.209
Drainage density 0.238 0.124 0.130
Distance to rivers 0.106 0.057 0.061
LULC 0.069 0.089 0.093

3.8.3. Weight simulations for Soil

Table 17 presents the sensitivity analysis outcomes for the AHP method, considering both

increased and decreased values for the soil criterion.

Table 17: AHP weight simulations for Sall

Criteria Original Weight Increased Decreased
(Normalized) (Normalized)
Rainfall 0.318 0.313 0.323
Slope 0.135 0.133 0.137
Soil 0.078 0.092 0.064
Elevation 0.201 0.198 0.204
Drainage density 0.127 0.125 0.129
Distance to rivers 0.055 0.054 0.056
LULC 0.087 0.086 0.088

Similarly, table 18 displays the sensitivity simulation results for the FAHP method, considering

both increased and decreased values for the soil criterion.

Table 18: FAHP weight simulations for Soil

Criteria Original Weight Increased Decreased
(Normalized) (Normalized)
Rainfall 0.306 0.301 0.311
Slope 0.157 0.132 0.136
Soil 0.148 0.094 0.065
Elevation 0.093 0.201 0.207
Drainage density 0.238 0.125 0.129
Distance to rivers 0.106 0.058 0.060
LULC 0.069 0.089 0.092
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3.8.4. Weights simulations for Elevation

Table 19 demonstrates the sensitivity of the AHP method to both increased and decreased

values for the elevation criterion.

Table 19: AHP weight simulations for Elevation

Criteria Original Weight Increased Decreased
(Normalized) (Normalized)
Rainfall 0.318 0.305 0.331
Slope 0.135 0.130 0.140
Soil 0.078 0.075 0.081
Elevation 0.201 0.232 0.168
Drainage density 0.127 0.122 0.132
Distance to rivers 0.055 0.053 0.057
LULC 0.087 0.084 0.091

On the other hand, table 20 explores the sensitivity of the FAHP method to both increased and

decreased values for the elevation criterion.

Table 20: FAHP weight simulations for Elevation

Criteria Original Weight Increased Decreased
(Normalized) (Normalized)
Rainfall 0.306 0.294 0.319
Slope 0.157 0.129 0.140
Soil 0.148 0.077 0.083
Elevation 0.093 0.235 0.170
Drainage density 0.238 0.122 0.132
Distance to rivers 0.106 0.059 0.061
LULC 0.069 0.087 0.095

3.8.5. Weights simulations for drainage density

Table 21 shows the sensitivity analysis for drainage density values, evaluating their impact on

decisions made by the AHP method.

Table 21: AHP weight simulations for drainage density

Criteria Original Weight Increased Decreased
(Normalized) (Normalized)
Rainfall 0.318 0.310 0.326
Slope 0.135 0.131 0.138
Soil 0.078 0.076 0.080
Elevation 0.201 0.196 0.206
Drainage density 0.127 0.149 0.105
Distance to rivers 0.055 0.054 0.056
LULC 0.087 0.085 0.089
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Similarly, table 22 shows the sensitivity simulation results for the FAHP method, considering

both increased and decreased values for the drainage density criterion.

Table 22: FAHP weight simulations for Drainage density

Criteria Original Weight Increased Decreased
(Normalized) (Normalized)
Rainfall 0.306 0.298 0.314
Slope 0.157 0.131 0.137
Soil 0.148 0.078 0.082
Elevation 0.093 0.199 0.209
Drainage density 0.238 0.148 0.105
Distance to rivers 0.106 0.058 0.060
LULC 0.069 0.089 0.093

3.8.6. Weights simulations for Distance to rivers

Table 23 presents the sensitivity analysis results for the AHP method, considering both

increased and decreased values for the distance to rivers criterion.

Table 23: AHP weight simulations for Distances to rivers

Criteria Original Weight Increased Decreased
(Normalized) (Normalized)
Rainfall 0.318 0.314 0.321
Slope 0.135 0.133 0.136
Soil 0.078 0.077 0.079
Elevation 0.201 0.199 0.203
Drainage density 0.127 0.125 0.128
Distance to rivers 0.055 0.065 0.044
LULC 0.087 0.086 0.088

On the contrary, table 24 explores the sensitivity of the FAHP method to both increased and

decreased values for the distance to rivers criterion.

Table 24: FAHP weight simulations for Distance to rivers

Criteria Original Weight Increased Decreased
(Normalized) (Normalized)
Rainfall 0.306 0.302 0.309
Slope 0.157 0.132 0.135
Soil 0.148 0.079 0.081
Elevation 0.093 0.201 0.206
Drainage density 0.238 0.125 0.128
Distance to rivers 0.106 0.070 0.048
LULC 0.069 0.090 0.092
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3.8.7. Weight simulations for Land use land cover
Table 25 presents the sensitivity analysis for land use land cover values considers both

increases and decreases, assessing their impact on decisions made by the AHP method.

Table 25: AHP weight simulations for Land use land cover

Criteria Original Weight Increased Decreased
(Normalized) (Normalized)
Rainfall 0.318 0.312 0.323
Slope 0.135 0.133 0.137
Soil 0.078 0.077 0.079
Elevation 0.201 0.197 0.204
Drainage density 0.127 0.125 0.129
Distance to rivers 0.055 0.054 0.056
LULC 0.087 0.102 0.071

Similarly, table 26 explores the sensitivity of the FAHP method to both increased and

decreased values for the land use land cover criterion.

Table 26: FAHP weight simulations for Land use land cover

Criteria Original Weight Increased Decreased
(Normalized) (Normalized)
Rainfall 0.306 0.300 0.311
Slope 0.157 0.132 0.134
Soil 0.148 0.079 0.080
Elevation 0.093 0.200 0.204
Drainage density 0.238 0.125 0.129
Distance to rivers 0.106 0.058 0.060
LULC 0.069 0.107 0.074

3.9. Comparative analysis

According to Rincon et al. (2018), validation is a crucial step in the modelling process, as it
verifies whether the model accurately represents the real world or observations. Given the
absence of prior studies in the study area that specifically delineated flood risks that would be
essential for validating the generated maps within this study, the validation process for the
mapped areas in this study relied on data from SANSA concerning regions that experienced
floods in 2022 April. The comparison between the two MCDA methods was conducted based
on sensitivity analysis to assess how changes in input data affect the resulting flood hazard
maps, and the extent and location of elevated flood risk zones with reference to the data
provided by SANSA to look for areas of agreement and disagreement. To achieve this, the
Zonal Statistics tool in ArcGIS was used to generate the total area of locations that has been

classified as elevated flood risk zones which is the moderate, high and very high-risk zones.

67



According to Chang and Fabri (2003), the absence of validation renders any interpretation
unattainable and prevents the provision of support for the method or the input data. Therefore,
in this study, the ROC-AUC method was used to evaluate the accuracy of flood risk maps.
Darabi et al. (2020) and Mashao et al. (2022) have demonstrated that the AHP and Fuzzy
logic methods can be readily assessed and justified using the AUC curve. This approach
enabled to validate the precision of the flood hazard maps generated using the AHP and FAHP
methods. Furthermore, as a comprehensive assessment of model performance, the results
were compared on the basis of AUC (Area Under the ROC Curve) (Mashao et al., 2022),
providing an additional quantitative measure to evaluate the accuracy of the AHP and FAHP

flood hazard maps and their sensitivity in detecting areas with elevated flood risk.

For the ROC-AUC analysis, a binary classification approach was employed to evaluate the
flood risk assessment (Mashao et al.,, 2022). The flood hazard maps categories were
consolidated into two classes, where 'very high,' 'high," and 'moderate' were considered as the
positive class, and 'low' and 'very low' were treated as the negative class. This classification
scheme was chosen to assess the model's performance in distinguishing areas with elevated
flood risk from those with lower flood risk. The twenty-eight weight simulations were also
compared using this method. The AUC graphs were derived using the ArcSDM plugin in
ArcGIS, a tool that has been previously utilized in studies such as those by Sengani et al.
(2022) and Mashao et al. (2022), highlighting its significance and robustness in the field of
flood risk mapping and modelling. This approach enabled the study to make data-driven
conclusions regarding the model's effectiveness in delineating areas susceptible to flooding
and validate its accuracy in accordance with established methodologies and past research.

The table below provides a general guideline for interpreting AUC values (Irawan, 2018).

Table 27: AUC Value Interpretations (Adapted from Irawan, 2018)

AUC Range Interpretation

0.5 Unsatisfactory
0.5-0.7 Poor

0.7-0.8 Fair (Acceptable)
0.8-0.9 Good (Very Good)
>0.9 Excellent
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4. Chapter Four: Results and Discussion

4.1. Introduction
In this chapter, the results are presented and discussed. The resulting maps depict the spatial

distribution of flood risk across the study area. Moreover, beyond the depiction of these maps,
the chapter delves into the results of a sensitivity analysis for both methodologies. This
analysis sheds light on how changing input parameters affects the results and emphasizes

the resilience of the outcomes.

4.2. Flood hazard maps
The flood hazard maps revealed five distinct risk levels: very low, low, moderate, high and very

high. The 'very high' risk category cover only a small fraction, representing a minuscule portion
of the overall classification. This scarcity of 'very high' risk areas in the study can be attributed
to several important variables. Firstly, the study area typically encounters substantial rainfall,
primarily concentrated during specific periods each year, rather than being a consistent
occurrence throughout the year. This pattern of intense rainfall is supported by precipitation
data from the eThekwini Data feeds and is responsible for the occasional occurrence of major
flooding disasters. Secondly, the analysis employed strict criteria for defining 'very high' risk,

with thresholds set at levels that are exceptionally uncommon within the study area.

4.2.1. AHP-Generated flood hazard map
The depicted map illustrates the outcomes of the results of using AHP weights. The resulting

flood hazard map effectively categorizes distinct regions within the study area into five well-
defined flood risk classifications. Among these classifications is the '"Very High Risk' category,
occupying a mere 0.003% of the total study area. Furthermore, the 'High Risk' category
encompasses an area of 85.03 square kilometres which is equivalent to 3.92% of the overall
study area. This category encompasses locales such as Durban Harbour, Congella, Bayhead,
Demat, and others, strategically positioned in proximity to low-lying regions, shorelines, and
rivers. The specific factors that contribute significantly to the classification of these areas as
high flood risk zones are the proximity to rivers, which are the Umlazi River and Umgeni River.
The presence of Durban Harbour and the surrounding regions also amplifies this risk due to
their close proximity to the water bodies and are mostly in the low-lying areas near the
shoreline. Moreover, some of these areas are as close as approximately 500 meters from the
Umlazi River and Umgeni River, rendering them highly susceptible to substantial flood risk. As
such, immediate attention is imperative in terms of flood mitigation and risk management,

particularly in light of their heightened vulnerability to heavy rainfall.
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Additionally, the 'Moderate Risk' category spans a significant 82.86% of the entire study area,
characterizing regions with a moderate level of flood risk. These regions warrant risk reduction
measures, albeit to a lesser extent when compared to the high-risk areas previously
discussed. In contrast, the 'Low Risk' category extends over 13.15% of the area, signifying
regions with comparatively lower flood risk levels. Consequently, a reduced priority is
attributed to flood risk management initiatives within these areas. Finally, the 'Very Low Risk'
category encompasses a mere 0.074% of the study area, designating it as the safest region
in terms of flood risk within the study region. In order to illustrate the results of flood risk
assessment and enable a comparative analysis with the FAHP approach, the AHP-generated

flood hazard map is presented in figure 6.

AHP Flood hazard map
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Figure 6: AHP flood hazard map
4.2.2. FAHP-Generated flood hazard map
The flood hazard maps generated by both methods display distinct categorizations and
patterns. These differences and similarities shed light on the influence of the selected method
and the associated sensitivity of criteria weighting on flood risk assessments. The FAHP flood
hazard map classifies flood risk into five distinct levels: very low, low, moderate, high, and very

high. These categories highlight specific areas within the study region and are a result of the
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FAHP method's sensitivity to criteria variations. In particular, the very high flood risk zones,
covering only 0.003% of the study area, are characterized by their extreme vulnerability to
flooding (Mashao et al., 2022). Proximity to water bodies and a history of flooding events make

them highly susceptible to inundation during heavy rainfall and overflow events.

On the other hand, the FAHP flood hazard map showcases its own unique categorization of
flood risk levels. In this case, high flood risk zones cover an area of 3.84% of the total study
area, which is slightly lower that of the AHP, and are primarily situated in close proximity to
water bodies, particularly rivers. This proximity to water bodies significantly heightens the flood
risk for residents during periods of heavy rainfall. Consequently, residents residing near these
water bodies are facing a significantly greater flood risk compared to those living farther away
(Mashao et al., 2022). Furthermore, factors such as high drainage density and specific land
use and land cover characteristics played substantial roles in designating these areas as high

flood risk zones.

The comparison between the two methods reveals that while the FAHP map highlights a small
percentage of very high flood risk zones, the AHP map identifies a slightly larger area as high
risk. This difference may be attributed to variations in criteria weighting and sensitivity to
different factors. Additionally, the moderate flood risk areas, covering 82.10% of the total area,
are recognized by both methods and are influenced by complex factors such as slope, soil
type, elevation, and land use and land cover characteristics. In summary, the comparison of
AHP and FAHP flood hazard maps shows fairly similar results. The extent to which changes
in weighting might alter the results will, however, provide insights into the sensitivity of the two

methods.
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FAHP Flood hazard map
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Figure 7: FAHP flood hazard map

4.3. Accuracy of the assessment
Accuracy, a fundamental concept in assessing the quality of predictive models and

methodologies, is a critical element that underpins the reliability and credibility of research
findings (Carson, 2002). It plays a central role in examining the precision and effectiveness of
models, predictions, or classifications by comparing them to external or reference data. In this
context, accuracy takes centre stage in the examination of the two MCDA methods, and their
ability to predict flood incidents. To complement this assessment, the ROC-AUC (Receiver
Operating Characteristic - Area Under the Curve) graphs are presented in the section below.
These graphs visually represent the accuracy and performance of the AHP and FAHP

methods in mapping flood risk zones (Figure 8-9).
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Figure 8: Validation of the AHP method using the ROC- AUC Method
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Figure 9: Validation of the FAHP method using the ROC-AUC Method

The AUC curve graphs in figure 9 and figure 10 illustrates the performance of both the AHP
and FAHP methods in flood hazard mapping. With AUC values of 0.944 each, at a 95%
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confidence level, these methods excel in distinguishing areas prone to flooding from those
less vulnerable. Notably, these AUC values place both the AHP and FAHP models within the
"Good (Very Good)" range, as shown in Table 27, which means that the methods are making
highly accurate predictions. The curves exhibit a steep ascent, highlighting the rapid and
precise identification of moderate, high and very high-risk zones when compared to the
validation data by both methods. As the ROC curve is traversed, the consistently high upward
trajectory reaffirms the capability of both models to deliver accurate classifications. This strong
upward slope highlights the reliability of both the AHP and FAHP models, when evaluated
against flood incidents data from SANSA. The considerable distance from the diagonal line
(representing random guess) further confirms the proficiency of these methods (Mashao et
al., 2022). In summary, the AUC curve graph provides unequivocal evidence of the robust
performance of the AHP and FAHP models, establishing them as valuable tools for effective

flood risk assessment and management.

4.4. Sensitivity analysis of AHP and FAHP
This section presents the results of sensitivity analysis for each parameter in the study using

the two MCDA methods.

4.4.1. AHP Sensitivity analysis for rainfall

Sensitivity analysis of Rainfall
100 94,4 94,4 94,6

80

60

40

Percentage score

20

0
AHP Rainfall +20% B FAHP Rainfall +20% & AHP Rainfall -20% B FAHP Rainfall -20%
Figure 10: Rainfall sensitivity analysis for AHP and FAHP (red line indicates the baseline
accuracy score)

When examining the sensitivity to changes in rainfall, it becomes apparent that both AHP and
FAHP are slightly responsive to variations in this criterion. Increasing the rainfall parameter by
20% had no effect on the flood risk scores. Both the AHP and FAHP models yielded the same

flood risk score of 0.944 when rainfall is increased by 20%. However, the impact of decreasing
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rainfall by 20% is more pronounced in the AHP method, resulting in a substantial decrease in
flood risk scores to 0.741. In contrast, FAHP displays a more stable response to reduced
rainfall, with a score of 0.946. These findings indicate that AHP exhibits a heightened

sensitivity to reductions in rainfall compared to FAHP.

4.3.2. AHP Sensitivity analysis for Slope

Sensitivity analysis for Slope
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0,834
0,8
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AHP Slope +20% ® FAHP Slope +20% AHP Slope -20% ® FAHP Slope -20%

Figure 11: Slope sensitivity analysis for AHP and FAHP (red line indicates the baseline
accuracy score)

The sensitivity analysis for slope indicates that both AHP and FAHP respond to changes in
this parameter. When the slope is increased by 20%, AHP demonstrates a more pronounced
sensitivity, resulting in a reduced flood risk score of 0.834, while FAHP maintains a relatively
stable score of 0.929. Conversely, with a 20% decrease in slope, both AHP and FAHP exhibit
sensitivity, but AHP scores 0.933 compared to FAHP's 0.936, showcasing a slightly higher
sensitivity for AHP. The magnitude of sensitivity in response to slope changes varies, but AHP

consistently shows slightly higher sensitivity.
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4.3.3. AHP Sensitivity analysis for Soil

Sensitivity analaysis for Soil
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Figure 12: Slope sensitivity analysis for AHP and FAHP (red line indicates the baseline
accuracy score)

The sensitivity analysis for soil parameter using both AHP and FAHP methods reveals limited
changes in flood risk scores, suggesting a high degree of stability in response to variations.
When the soil parameter is increased by 20%, AHP shows a minimal decrease in flood risk
score to 0.93, while FAHP remains relatively stable at 0.94. Similarly, a 20% decrease in soll
parameter results in slight variations, with AHP scoring 0.934 and FAHP scoring 0.928. Both
methods exhibit very little responsiveness to soil changes. The responses to changes in soll
parameters are similar for both methods, suggesting balanced sensitivity in this context
indicating a consistent behaviour in relation to this specific parameter. This consistency
suggests that the soil parameter had a relatively stable and predictable influence on the flood
risk scores in both AHP and FAHP, making it one of the more consistent parameters across

the methods in your sensitivity analysis.
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4.3.4. AHP Sensitivity analysis for Elevation

Sensitivity analysis for Elevation
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Figure 13: Elevation sensitivity analysis for AHP and FAHP (red line indicates the baseline
accuracy score)

The sensitivity analysis for elevation indicates that both AHP and FAHP exhibit higher
sensitivity when the parameter is increased (+20%) compared to when it is decreased (-20%).
In both cases of an elevation increase, both methods show a substantial decrease in flood risk
scores, aligning at 0.824. However, when elevation is decreased by 20%, both methods
display relatively more stable sensitivity with AHP at 0.953 and FAHP at 0.954.

4.3.5. AHP Sensitivity analysis for Drainage density

Sensitivity analysis for Drainage density
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Figure 14: Drainage density sensitivity analysis for AHP and FAHP

The sensitivity analysis for drainage density reveals that AHP shows higher sensitivity to
increases in this parameter compared to decreases, while FAHP exhibits a more stable
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response. When drainage density is increased by 20%, AHP demonstrates a substantial
decrease in flood risk scores to 0.823. In contrast, FAHP displays a less pronounced response,
with a flood risk score of 0.945. However, with a 20% decrease in drainage density, AHP and
FAHP both show relatively stable flood risk scores, with AHP at 0.944 and FAHP at 0.943

4.3.6. AHP Sensitivity analysis for distance to rivers

Sensitivity analysis for Distance from rivers
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Figure 15: Distance from rivers sensitivity analysis for AHP and FAHP (red line indicates the
baseline accuracy score)

When the distance from rivers is increased by 20%, AHP shows sensitivity with a decrease in
flood risk scores to 0.936, while FAHP demonstrates a slightly less pronounced response with
a score of 0.949. However, the significant difference emerges when the distance from rivers
is decreased by 20%. AHP exhibits heightened sensitivity with a flood risk score of 0.845,
emphasizing a substantial impact on risk assessments. In contrast, FAHP, while still

responsive, shows a more stable response with a score of 0.947.
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4.3.7. AHP Sensitivity analysis for land use land cover

Sensitivity analysis for Landuse land cover
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Figure 16: Land use land cover sensitivity analysis for AHP and FAHP (red line indicates the
baseline accuracy score)

In the sensitivity analysis for land use land cover parameters, both AHP and FAHP show very
slight sensitivity. A 20% increase in land use land cover parameters results in higher flood risk
scores, with AHP scoring 0.938 and FAHP scoring 0.942. A 20% decrease in land use land
cover parameters leads to sensitivity in both methods, with AHP scoring 0.946 and FAHP
scoring 0.95. The responses to changes in land use land cover are similar for both methods,

suggesting balanced sensitivity in this context.

In summary, AHP generally display slightly higher sensitivity to criteria changes compared to
FAHP, a finding consistent with the outcomes observed across various parameters subjected
to sensitivity analysis. Notably, both methods demonstrate robust sensitivity to changes in
rainfall when it is increased, with AHP showing a more pronounced response to reductions in
this criterion. However, for other parameters, such as soil and land use land cover, both AHP
and FAHP display balanced and consistent responses to variations, with similar sensitivity
profiles and scores. In contrast, AHP display more pronounced sensitivity in specific instances,
such as with the rainfall parameter, where it demonstrates a substantial decrease in flood risk
scores when rainfall is decreased. Overall, the key finding is that FAHP proves to be the more
stable method. AHP, on the other hand, exhibited the most significant drops in accuracy in
instances where the drop was notable, such as -20% Rainfall, +20% Slope, +20% Drainage
density, and -20% Distance to rivers. Consequently, one could argue that AHP is more
sensitive than FAHP, marking a valuable insight for this study. While FAHP generally provides

more consistent responses across various parameters, the selection between AHP and FAHP
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should consider specific criteria and data characteristics of the flood hazard mapping project,

along with the required level of sensitivity for the analysis.
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Chapter Five: Conclusion and Recommendations

5.1. Introduction
This chapter presents the conclusion of the study, summarizing the key findings drawn from

an in-depth evaluation of the sensitivity of AHP and FAHP in flood hazard mapping within the

eThekwini municipality.

5.2. Concluding remarks
The study sought to evaluate the sensitivity of AHP and FAHP to changes in weightings of the

flood risk parameters in mapping flood risk zones within eThekwini municipality. Sensitivity
analyzes were conducted for various criteria, revealing that FAHP is more stable and less
sensitive to changes in weightings than AHP, aligning with the outcomes observed across
multiple parameters. However, AHP exhibited a more pronounced response to a 20%
decrease in rainfall compared to FAHP, indicating higher sensitivity to reductions in this
parameter. Conversely, for parameters such as soil and land use land cover, both methods
displayed balanced and consistent responses to changes, maintaining similar sensitivity
scores. However, FAHP showed that it is less sensitive. These findings demonstrate the
suitability of FAHP as a more stable and reliable method for accurate flood risk assessment
and management within the context of eThekwini municipality. In comparison, AHP exhibited
greater sensitivity, with significant drops in accuracy under specific conditions. These insights
highlight the recommendation for FAHP as a preferred choice, providing consistent responses
and minimizing the impact of variations in the input parameters on the accuracy of the analysis.
The choice between these methods should be made considering the specific criteria and data
characteristics of the flood hazard mapping project and the required level of sensitivity for the

analysis.

5.3. Recommendations
¢ A recommendation can be made in favour of FAHP when deciding which method to

choose for the flood hazard mapping project. The analysis indicates that FAHP exhibits
more stability in accuracy across various parameters, suggesting a consistent and
reliable performance. Conversely, AHP shows greater sensitivity, with significant drops
in accuracy under specific conditions. Therefore, if a more stable and reliable method
is preferred for the flood hazard mapping study, FAHP would be a recommended
choice.

e Future studies should expand their focus by conducting detailed vulnerability and
exposure analyzes, encompassing an in-depth investigation into factors associated
with identified flood hazards. This involves understanding the specific vulnerabilities of

communities, infrastructure, and ecosystems to flooding, enabling the development of
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targeted mitigation strategies. Socio-economic factors, community resilience, and the
adaptive capacity of exposed elements should be thoroughly examined. Additionally,
a comprehensive exposure assessment is essential for a holistic understanding of
flood risk, involving the identification and evaluation of elements at risk, such as
population, infrastructure, and economic assets. Using FAHP in mapping flood hazard
will lead to improved risk mapping when combined with information on vulnerability
and exposure.

There is a compelling need to expand the application of mixed MCDA techniques in
the domain of flood hazard mapping. This recommendation stems from the observed
potential of integrating subjective and objective methods, demonstrating the capacity
to minimize inconsistencies and improve result accuracy. Future research endeavours
should consider adopting mixed MCDA approaches to overcome the limitations
associated with single techniques. This integration has the potential to enhance the
precision and accuracy of flood hazard mapping, ultimately contributing to more robust
and reliable assessments in diverse geographic and environmental settings.

It is recommended that researchers and decision-makers carefully consider the
specific characteristics of the study area before selecting a methodology. The findings
of this study highlight the suitability of FAHP for flood hazard assessment in eThekwini
municipality. However, it is essential to highlight that the efficacy of this method may
not universally apply to regions with differing characteristics. Therefore, future studies
are strongly advised to conduct a thorough evaluation of the unique features of their
study areas.

Ultimately, the choice between AHP and FAHP should be driven by the specific
requirements of the flood hazard mapping project and the desired level of sensitivity.
Researchers need to carefully weigh the advantages and trade-offs associated with
each approach based on the characteristics of the study area and the importance of
accurately reflecting changes in flood risk parameters. The discussion should consider
how the observed sensitivity aligns with the practical needs of flood risk assessment

and management within the context of the research areas.
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