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Abstract

The increasing number of refugees and the impacts of climate change necessitate improved flood

vulnerability assessments for refugee camps. Refugee camps, often located in hazardous areas with

inadequate infrastructure, usually face high vulnerability. However, approaches to spatially assess

flood vulnerability within these camps are currently lacking. This thesis presents the development

of a Humanitarian Flood Vulnerability Index (HFVI) tailored to refugee camps, incorporating ex-

pert knowledge through the application of the Fuzzy Analytical Hierarchical Process (FAHP). The

methodology takes into account the inclusion of expert judgment in weighting the indicators and in-

tegrates uncertainty analysis. A novel approach combines fuzzy logic with the One-at-a-Time (OAT)

sensitivity method, providing a spatially explicit representation of weight uncertainties, with the aim

of enabling more informed decision-making and better-targeted interventions to ultimately improve

the protection of refugees from flooding. The HFVI incorporates multiple vulnerability indicators,

including physical and social dimensions, to create a composite raster-based index quantifying flood

vulnerability in refugee camps. A case study of the Mahama refugee camp in Rwanda illustrates the

application of the HFVI using global and local datasets. The results demonstrate the e↵ectiveness

of the HFVI in identifying vulnerability hotspots. However, limitations are discussed concerning the

reproducibility and validity of the results, highlighting areas for improvement, ultimately aiming to

enhance targeted flood risk mitigation strategies and resilience of refugee camps to increasing flood

risks.

Keywords: Flood Vulnerability Assessment, Refugee Camps, Humanitarian Flood Vulnerability In-

dex (HFVI), Fuzzy AHP, Weight Uncertainty
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1 Introduction

This introduction highlights the relevance of assessing flood vulnerability within refugee camps and

summarises the key research gaps related to the issue. Building on this foundation, the research

questions and objectives are presented, providing a clear road map for the investigation. An overview of

the thesis structure is provided at the end of this introduction to guide readers through the subsequent

chapters and sections.

1.1 Research relevance: Interlinking refugee and climate crisis

Over the past decade, the number of refugees has increased alarmingly. As of the end of 2023,

the number of forcibly displaced people worldwide reached an estimated 117.3 million, marking a

significant increase from previous years. This includes refugees, asylum-seekers, internally displaced

people, and others forced to flee due to persecution, conflict, violence, and human rights violations,

many of whom are living in refugee camps. This upward trend has continued into 2024, with estimates

indicating that the number of forcibly displaced people exceeded 120 million by summer 2024 (UNHCR,

2024). As a result of climate change, the number of displaced people will continue to rise, which will

further increase the need for refugee camps that provide temporary shelter. At the same time, climate

change is projected to lead to more frequent and severe floods with greater impacts on a↵ected regions

(Seneviratne et al., 2021). Understanding flood vulnerability as an integral part of flood risk assessment

is a primary objective for mitigating rising flood risk (Chan et al., 2022) and enables decision-makers

to reduce potential damage and fatalities (Fernandez et al., 2016). The interlinked perspective of

refugee and climate crises emphasises the relevance of this study.

The importance of reducing social and material losses caused by water-related disasters is underscored

by the United Nations, emphasizing the protection of the most vulnerable groups to achieve the Sus-

tainable Development Goals (SDGs). Goals 1, 11, and 13 focus on reducing disaster vulnerability

and enhancing resilience to extreme events. Flooding poses an increasing challenge for cities, dispro-

portionately a↵ecting marginalized communities (UNISDR, 2015). Residents of refugee camps and

informal settlements are particularly susceptible to the impacts of climate change, as highlighted by

numerous researchers. Factors contributing to this increased risk include their location on hazardous

land, including flood-prone areas, inadequate urban planning, insu�cient infrastructure and services,

and elevated levels of socioeconomic vulnerability (Akola et al., 2019; Anwana & Owojori, 2023; Has-

san et al., 2018; Owen et al., 2023). Socioeconomic vulnerability is thereby increased due to a higher

proportion of young, elderly, malnourished, and individuals with health or disability issues. Legal and

bureaucratic constraints limit their mobility. Being new to the location, camp residents often lack

normal coping mechanisms and resources (ARSET, 2024).
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Quantifying vulnerability proves challenging. Definitions of vulnerability found in the literature range

widely, including aspects from physical exposure to socioeconomic and sociological factors (Yi & Xie,

2010). Given the multi-dimensionality of vulnerability as a concept, assessing vulnerability necessitates

considering various relevant factors. With the increasing availability of high spatial and temporal

resolution in-situ data and the emergence of precise flood hazard models, flood vulnerability assessment

on a regional or sub-regional scale has advanced in recent years. However, socio-economically or

geographically marginalized population groups are generally not taken into account in such regional

assessments, as is the case with refugees housed in refugee camps (Owen et al., 2023). Due to the

temporary nature of the camps and their particular built environment, their remote location, and high

population density, those camps are by nature highly vulnerable to increasing flood risk (Bernhofen

et al., 2023), considering physical as well as socioeconomic vulnerabilities (Kaufmann et al., 2022;

Yi & Xie, 2010). The absence of adequate support and guidance for camp managers in assessing

potential flood vulnerability, compounded by insu�cient knowledge and, above all, the lack of local

data and the understanding of associated uncertainties, contributes significantly to this ignorance of

potential flood risk in refugee camps (Bernhofen et al., 2023). Consequently, the existing strategies to

mitigate flood risks within most refugee camps fall short of adequacy (Sphere Association, 2018). As

flood events intensify and impact vulnerable communities, particularly due to their limited coping and

adaptive capacities (Malgwi et al., 2021), an urgent requirement emerges for tailored flood vulnerability

modelling within refugee camps. Such models are essential to facilitate e↵ective flood risk mitigation

strategies (Owen et al., 2023).

In response to the pressing need to accurately assess flood risk in refugee camps, the United Nations

High Commissioner for Refugees (UNHCR) has launched a project in close collaboration with the

ETH Zurich. The ”Sustainable Humanitarian Settlements” project aims to develop a GIS tool that

supports the UNHCR sta↵ in decision-making for flood risk mitigation in refugee camps. The project

is described in more detail in Section 2.3. This thesis is part of the ongoing project, explicitly aiming

to propose a refined vulnerability index which can be incorporated into the flood risk mapping GIS

tool to improve the understanding of spatial vulnerability in refugee camps.

1.2 Key research gaps and problem statement

To date, only a few studies have concentrated on assessing the vulnerability of refugee camps to

natural hazards, particularly floods (Bernhofen et al., 2023; Owen et al., 2023; Tschirpig, 2022). This

gap emphasizes the need to develop flood vulnerability models specifically designed for the context of

refugee camps. There is little scientific literature on methods that support spatial modelling of flood

vulnerability in areas with limited data, which are based on GIS or remote sensing techniques (An

et al., 2022; Ganji et al., 2022; Malgwi et al., 2020; Ramkar & Yadav, 2021). Malgwi et al. (2021),

for example, demonstrate the potential of indicator-based flood vulnerability methods incorporating

expert-based data collection to counteract the lack of empirical data. Such approaches hold promise for

adaptation within the specific context of refugee camps. However, to date, no standardized model or

index quantifies flood vulnerability in refugee camps. Also, general urban vulnerability models tailored

to the local scale are still missing accuracy assessment, as there has been no standardized workflow

for model validation and quantification of uncertainty (An et al., 2022). Given the limited data

availability and the multifaceted nature of vulnerability within refugee camp settings, quantifying flood

vulnerability becomes a complex task. Hence, sensitivity analyses and uncertainty assessments are
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necessary to address this complexity in quantifying vulnerability to floods in refugee camps. However,

as emphasized by An et al. (2022), the existing literature lacks applications of uncertainty analyses

specifically in the context of refugee settlements, which is why this thesis aims to address this gap.

1.3 Research questions and objectives

1.3.1 Research questions

The problem statement and the associated research gaps in the current literature give rise to the

following key research question (RQ) and its subordinated questions (RQ1.1. and RQ1.2).

RQ1: How can flood vulnerability as a multi-dimensional concept be modelled to

fit the context of refugee camps?

RQ1.1: Which key factors contribute to the flood vulnerability within refugee camps?

RQ1.2: What are the main challenges in spatially modelling flood vulnerability in refugee

camps, and how can those challenges be overcome?

1.3.2 Research objectives

Given the defined research questions and the need for methodologies to quantify flood vulnerability

in refugee camps, this thesis aims to develop a conceptual model and construct a standardized flood

vulnerability index specifically tailored to the unique circumstances of refugee camp environments,

hereafter referred to as the Humanitarian Flood Vulnerability Index (HFVI). This index accommo-

dates the inherent structural limitations and data scarcity prevalent in such settings. A key focus lies

in evaluating multi-criteria vulnerability components and their relative influences by incorporating

expert knowledge. Physical and social dimensions of the vulnerability within refugee camps are exam-

ined individually and in combination using a composite index approach. Further, the index addresses

the sensitivity and uncertainties of these vulnerability components stemming from subjective concep-

tual decisions. Rather than disregarding these uncertainties, the developed index aims to uncover and

quantify them, thereby facilitating a more transparent communication of the index outcomes. This

work’s objectives align with the ”Flood Risk Mitigation for Humanitarian Settlements” project and

aim to improve the flood vulnerability assessment as an essential part of the developed ”Risk Miti-

gation Strategy GIS Tool”. Ultimately, the expanded view of flood vulnerability using the developed

Humanitarian Flood Vulnerability Index (HFVI) should help local UNHCR camp managers make

more informed decisions, considering potential areas of uncertainty, to mitigate future flood risks in

refugee camps.

To address the research goal, this thesis applies the following methodological measures, all aiming to

answer the key research question (RQ1) and the subordinated questions (RQ1.1 and RQ1.2):

a) A literature review to select relevant factors influencing flood vulnerability in refugee camps, b)

expert surveys to explore the relative importance of influential factors, c) the conceptual development

of an index called HFVI and d) a case study approach applying and testing the HFVI.

3



1.4 Structure of the thesis

The thesis is organized as follows: Chapter 2 briefly describes the thematic background, providing

definitions of flood risk and vulnerability and introducing the project on ”Flood Risk Mitigation for

Humanitarian Settlement”. Chapter 3 reviews the related work in the context of spatial flood vulner-

ability assessment and implementation in refugee camps. The methodology in Chapter 4 summarizes

the steps followed to construct the conceptual model of the HFVI, including the experts’ weighting

methodology and the incorporation of uncertainty using fuzzy logic. In addition, the methodological

steps of applying the developed HFVI and the subsequent sensitivity analysis are described using a

case study in Rwanda, Mahama. Chapter 5 describes the results of developing, applying and spatially

mapping the HFVI for the Mahama refugee camp. These results are critically discussed in Chapter 6.

Finally, the conclusion in Chapter 7 summarises the key findings for answering the research questions,

highlighting potential future work.
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2 Background

This chapter outlines the essential components of flood risk assessment, the complexities of defining

and quantifying flood vulnerability, and the unique challenges refugee camps face in managing flood

risks. Additionally, it introduces the ”Sustainable Humanitarian Settlements” project and its e↵orts

to develop a GIS tool for enhancing flood risk mitigation in these vulnerable settings.

2.1 Flood risk and vulnerability assessment

Flood risk assessment is a crucial process in natural hazard research. Generally, risk is defined as the

anticipated likelihood of harmful consequences or losses arising from the interplay between natural or

human-induced hazards and vulnerability conditions, along with human exposure (Kienberger, 2013).

Flood risk assessment involves three main components: flood hazard, exposure and vulnerability

assessments. However, in flood risk management, the exposure term is often regarded as part of the

hazard component, leading to a risk concept based on the interplay of flood hazard and vulnerability

(Nasiri et al., 2016). Flood hazard assessment focuses on determining the probability of the occurrence

of a flood event, described by the time frame and location, while flood exposure refers to the measure

of susceptible elements within a region threatened by a hazard, indicating the likelihood of impact

by flooding on humans and physical items (Kienberger, 2013; Nasiri et al., 2016). Vulnerability

assessment evaluates the susceptibility of specific targets to damage in the event of a flood (Apel

et al., 2008). Vulnerability can be considered the most important element of risk assessment as it

determines whether the exposure of a system or community will actually lead to a disaster (Ouma &

Tateishi, 2014).

It is crucial to recognize that while flood hazard may be consistent for a particular area in terms of

intensity, the actual risk can vary based on specific conditions described through the flood vulnerability

(Baky et al., 2019). Consequently, flood vulnerability can vary significantly in space and time, greatly

influencing the overall flood risk. Hence, vulnerability and its spatial behaviour are key factors in flood

risk management, playing a central role in assessing and mitigating the impacts of floods to guarantee

the safety and well-being of people in flood-prone areas. To mitigate flood risk, vulnerability reduction

is crucial, increasing the resilience of communities (Nasiri et al., 2016).

2.1.1 Definition of flood vulnerability

Given the lack of a universal definition of vulnerability, researchers from diverse backgrounds have

presented various interpretations, underscoring the absence of a common language on this topic (Birk-

mann et al., 2013). Consequently, the definition of vulnerability is not straightforward due to its

multidimensional and contextual aspects. In the scientific literature, vulnerability often refers to the
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likelihood of harm and the potential for damage or loss in elements that are exposed, including phys-

ical or economic assets, as well as individuals and their livelihoods, when a↵ected by either single or

combined hazard events (Birkmann et al., 2013; Cutter et al., 2003). Vulnerability research, therefore,

typically integrates societal resilience and physical susceptibility for a specific place and context (Cut-

ter et al., 2003; Ouma & Tateishi, 2014), combining natural and social science perspectives (IPCC,

2012). Natural science researchers often concentrate on quantifying vulnerability factors, aiming to

define damage ranges through vulnerability curves to establish acceptable levels of potential losses

(Kienberger et al., 2009; Papathoma-Köhle et al., 2019). On the other hand, social science approaches

have a broader focus, examining the likelihood of harm or losses to individual households or com-

munities from environmental hazards, along with the economic contextual factors influencing social

vulnerability (Birkmann et al., 2013). However, while substantial research has focused on explor-

ing the physical vulnerability and the vulnerability of engineered structures (Ford et al., 2015), the

understanding of socio-economic vulnerability remains limited. The aspects of vulnerability arising

from social factors are often disregarded, primarily due to the quantification challenges. Consequently,

social losses are frequently omitted in post-disaster evaluations, contributing to a lack of attention to-

wards socially created vulnerabilities (Cutter et al., 2003). Especially in the context of humanitarian

settlements, special attention should be paid to including socio-economic factors for flood vulnerability

assessment (Ouma & Tateishi, 2014).

The framework employed in flood vulnerability assessments can greatly a↵ect the results of vulner-

ability methodologies, underscoring the importance of carefully considering conceptual decisions in

the assessment process (J. S. Lee & Choi, 2018). Given the absence of a universally accepted def-

inition of vulnerability, it becomes essential to adopt a framework suitable for the specific context

in which the assessment is conducted. Within the scope of this thesis, the conceptualization of vul-

nerability will follow a modified version of the widely accepted MOVE framework (Methods for the

Improvement of Vulnerability Assessment in Europe), also adapting elements from the holistic BBC

(Bogardi-Birkmann-Cardona) conceptual framework (Bogardi & Birkmann, 2004; Cardona, 2004).

Constructing a simplified vulnerability framework tailored to refugee camp conditions is further de-

scribed in the Methods Chapter 4.1.3 building on the Flood Risk in Humanitarian Settlements project.

In the here developed ”Framework for Flood Vulnerability Assessment in Refugee Camps”, risk is de-

fined as the product of hazard and vulnerability, where the flood exposure term is regarded as an

integral part of the flood hazard. Therefore, vulnerability can be quantified independently of the

exposure (Cutter et al., 2003). Vulnerability is a dynamic concept and can be a↵ected by various

factors such as livelihoods, access to resources, resilience or assets (Barclay et al., 2022; Ullah, 2016).

Accordingly, vulnerability assessment should incorporate both social and physical dimensions to com-

prehensively analyze and address natural hazard risks (Guillard-Gonçalves & Zêzere, 2018). Therefore,

the framework developed for this study takes up this two-dimensionality in defining vulnerability as

the proneness of social and physical elements at risk of experiencing harm due to flooding events.

– Social dimension: The likelihood of harm to human well-being caused by disturbances to the

individual (mental and physical health) and collective (health, education services, etc.) social

systems, including their characteristics like gender and marginalization of social groups.

– Physical dimension: The likelihood of harm to physical assets, e.g., infrastructure, buildings or

open spaces.
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Birkmann et al. (2013) further describe vulnerability’s economic, cultural, ecological, and institutional

dimensions. Nevertheless, these dimensions are of negligible significance within the particular context

of vulnerability assessment in refugee camps or are not considered due to a lack of su�cient data and,

thus, are not further elaborated upon here.

2.2 Refugee camps vulnerability to flooding

Recently, thousands of refugees have been su↵ering due to El Niño-triggered heavy rains and severe

flooding across East Africa in late 2023 and early 2024. In Kenya, nearly 20,000 people in the Dadaab

refugee camps have been displaced, facing collapsed latrines and the associated risk of water-borne

diseases. In Burundi, around 32,000 refugees are in flood-a↵ected areas, causing an increase in food

and service prices. In Tanzania, over 200,000 refugees have been impacted, with damaged shelters

and a flooded UNHCR o�ce in Kigoma (United Nations, 2024). These events highlight the urgent

need for immediate assistance and reduced vulnerabilities within refugee camps to support the a↵ected

populations.

Refugee camps are temporary facilities established to o↵er immediate aid and protection to individuals

forced to flee their homes due to violence, conflict, or persecution. Although these camps are initially

designed as short-term solutions for specific emergencies, the duration of ongoing crises can extend,

leading to people living in camps for years or even decades (UNHCR, 2023b). While not intended

to be permanent solutions, these camps function as safe havens for refugees by providing essential

necessities such as food, water, shelter, medical care, and other basic services during emergencies.

When displacement becomes prolonged, the range of services is expanded to include educational

and livelihood opportunities and materials for constructing more permanent homes, thereby helping

individuals rebuild their lives (UNHCR, 2021). As highlighted by Anwana and Owojori (2023), refugee

camps are particularly vulnerable to natural hazard risks, such as flood events, due to the locations on

hazardous land, poor planning and lack of infrastructure and increased socioeconomic vulnerability of

the marginalized community. Political considerations and available land often influence refugee camp

placement rather than optimal, low-risk locations. Camps are commonly situated near international

borders, away from main populated areas, leading to their establishment in remote regions with

minimal infrastructure and limited location data. These decisions may not fully account for the risks

associated with the sites (ARSET, 2024). Moreover, Bernhofen et al. (2023) points out that inadequate

shelter structures in camps may not o↵er su�cient protection from extreme weather events like floods.

The temporary structures in camps are particularly susceptible to floods, and high population density

increases the criticality of support infrastructure. Additionally, many camps lack adequate drainage

systems, exacerbating flood risks (ARSET, 2024).

Given the importance of assessing flood vulnerability to mitigate flood risk and the emerging scientific

interest in developing methods to quantify flood vulnerability in urban areas, there still is a lack of

risk assessments for rural or remote locations and specifically for informal settlements and refugee

camps (Anwana & Owojori, 2023; Bernhofen et al., 2023; Mwalwimba et al., 2024). This research gap

could be explained by the fact that top-down national assessments often overlook remote regions. In

addition, data for flood risk assessment is strongly limited as the areas made available for refugee camps

are generally far from urban centres. The lack of su�cient local flood risk data and the inaccuracy of

available global datasets for such remote areas hampers e↵ective adaptation and mitigation measures

for refugee camps (Bernhofen et al., 2022, 2023).
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2.3 Project on Flood Risk Mitigation for Humanitarian Settlements

The work of this thesis is part of the Humanitarian Planning Hub project on ”Sustainable Humanitar-

ian Settlements” (Kaufmann et al., 2022). The project is led by the Planning Landscape and Urban

Systems (PLUS) research group from the ETH Zurich in a collaborative e↵ort with the United Nations

High Commissioner for Refugees (UNHCR) and the Swiss Development Cooperation (SDC) through

the Geneva Technical Hub (GTH) and focuses on developing innovative technologies to address chal-

lenges faced by displaced people. The ongoing aim of the project is to create a GIS tool for flood

risk mitigation in refugee camps, ultimately proposing a catalogue of flood risk measures to assist

UNHCR sta↵ in mitigation e↵orts and decision-making. The project aims to enhance natural hazard

risk management and environmental sustainability in humanitarian settlements, supporting long-term

resilience and sustainability (Kaufmann et al., 2022; Rohling et al., 2023). The current GIS tool, along

with its guidelines and information, is made available online as part of a comprehensive compendium

and can be accessed via the following link: https://www.humanitarian-risk.org/index.php.

2.3.1 Risk Mitigation Strategy GIS-tool

The Risk Mitigation Strategy GIS Tool is designed as a QGIS and ArcGIS plugin and aims to help

UNHCR field sta↵ to assess and manage flood risks in refugee settlements. Using global data and local

knowledge, the tool integrates hazard and vulnerability into a final risk map. The tool enables users

to create detailed risk maps by defining settlement extents and uploading relevant data, allowing for

manual adjustments of flood zones and elements at risk. The tool then calculates and visualizes flood

risks for a given refugee camp under examination. The flood risk calculation in the Risk Mitigation

Strategy Tool involves a multi-step process as illustrated in Figure 2.1.

Figure 2.1: Concept of the Risk Mitigation Strategy Tool from Kaufmann et al. (2022).

First, hazard mapping is conducted to identify flood hazards using global or, if available, local pluvial

data (Kaufmann et al., 2022). The global data used for the hazard assessment is the riverine flood

dataset provided by the Joint Research of the European Commission, containing information about

the frequency and magnitudes of flood events worldwide. With a resolution of 30 arcseconds, each

cell indicates water depth in meters calculated for di↵erent return periods, enabling flood hazard

assessment in any global location (Dottori et al., 2016). Next, vulnerability mapping assesses the

susceptibility of assets, namely buildings, transport infrastructure, and technical infrastructure, to

flood damage. Vulnerable assets in refugee settlements are defined as elements likely to su↵er in the

event of a flood. These assets face damage that impacts humans, infrastructure, and ecosystems while

constraining social, economic, and operational processes (Kaufmann et al., 2022). The vulnerability
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assessment combines automated global data with manual inputs and local data collected through

participatory workshops. The tool then integrates these hazard and vulnerability maps to create a final

risk map. A risk matrix is used to determine the overall risk levels, combining the physical and social

vulnerabilities with the hazard levels to assign a risk score, showing the levels of flood risk for di↵erent

assets (Gairing et al., 2024). The resulting assessment helps prioritize mitigation measures and aims to

improve the resilience of refugee settlements by providing tailored risk mitigation strategies, including

structural and non-structural measures (Rohling et al., 2023).

The existing procedure for vulnerability mapping uses a simple risk matrix to assess vulnerability.

Primarily, it employs vector-based data of camp assets, assigning vulnerability ranks to the physical

assets for risk calculation (Gairing et al., 2024). This method may not fully capture the complexity

and nuances of the multi-dimensional vulnerability present in refugee camps, as some components

contributing to the vulnerability may have varying influences on the overall flood risk. Furthermore,

the method lacks techniques like sensitivity analyses and uncertainty quantification, which are essential

for robust vulnerability modelling. To expand the GIS tool developed by ETH Zurich, this work on

creating an index specifically designed for refugee camps can be integrated by incorporating expert-

derived multi-criteria indicator weights. Therefore, a refined and raster-based index is developed

tailored to refugee camps’ conditions, illustrating physical and socioeconomic vulnerability dimensions

as standalone and composite indices. The final index leverages expert knowledge to address the

complexity of di↵erent flood vulnerability components and their influence on the overall vulnerability.

Embedding this raster-based index into the GIS tool aims to allow for a better understanding of the

spatial behaviour of vulnerability within refugee camps and its associated uncertainties.
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3 Literature Review

This literature review synthesizes existing research on general flood vulnerability assessment, culminat-

ing in a focused examination of flood vulnerability assessment specific to refugee camps. It provides

a comprehensive overview of current methodologies, particularly focusing on index-based methods,

which are typically developed for application in urban areas. This chapter also highlights the unique

challenges associated with these approaches. Additionally, it identifies key areas for future research,

emphasizing the need for tailored models to accurately assess flood vulnerability in refugee camps lo-

cated in remote and data-scarce regions. The review underscores the critical gap in appropriate flood

risk assessment tools for these vulnerable populations and calls for innovative solutions incorporating

local knowledge and context-specific factors.

3.1 Methods for assessing flood vulnerability

More comprehensive assessment methods and a better understanding of flood vulnerability can help

decision-makers to reduce damage and fatalities. However, measuring vulnerability is a complex pro-

cess, especially when limited by data availability and is influenced by various environmental, economic,

social, and even political factors at the local scale, including, for example, settlement conditions, in-

frastructure, social inequities and coping capacities or economic factors (Gao et al., 2007).

Numerous methods for assessing flood vulnerability have been developed over the past few decades

(Nasiri et al., 2016), which can be quantified into distinct groups: vulnerability curves, disaster loss

data methods or computational modelling methods and vulnerability indicators (Malgwi et al., 2020).

Papathoma-Köhle et al. (2019) discusses the use of vulnerability curves, also named damage-grade

models, as an approach for assessing the physical vulnerability of the built environment to floods.

The method depicts the relationship between flood hazards, particularly predicted flood depth and

degree of damage, quantified by damage grades or values for monetary loss. It is commonly used to

predict flood damage. Zhang et al. (2021), for example, uses disaster loss data obtained from high-

quality field survey data to establish spatial flood loss models, assessing direct economic losses from

flood disasters. However, applying such a method requires empirical data on flood depth and related

building damage patterns gained from damage surveys or statistical data about monetary losses after

historical flood events (Totschnig & Fuchs, 2013). Further studies, such as Baky et al. (2019), have

also indicated the importance of identifying elements at risk through land use mapping approaches to

enhance flood vulnerability assessments using flow models. Moreover, J.-Y. Lee and Kim (2021) utilize

logistic regression and machine learning models like Naive Bayes and random forests to estimate flood

vulnerability and detect areas prone to flooding e↵ectively. Given the scarcity of data in regions of

refugee camps, significant challenges in developing accurate damage-grade models are posed (Niang

et al., 2014). Since the damage data are also very location- and event-specific, the transferability to
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other regions or camps is limited (Nasiri et al., 2016), this method is not suitable for application to

refugee camps.

3.1.1 Vulnerability indicators

Another method which is commonly used to assess vulnerability to floods is based on the application

of vulnerability indicators. Such indicators are used, for example, in the studies of Birkmann (2013),

Chan et al. (2022), H. Chen et al. (2011), and J. S. Lee and Choi (2018). Indicator-based methods

are the most common approach used in the literature to assess flood vulnerability (Malgwi et al.,

2020; Nasiri et al., 2016), and aim to measure the level to which a given flood event will impact a

system. Vulnerability indicators are based on aggregated vulnerability factors, depicting the condition

of a system (Birkmann, 2007). Birkmann et al. (2013) propose a manual for constructing composite

vulnerability indices for natural hazards assessment on a local scale, proposing theoretical require-

ments for indicator weighting and aggregation. Composite indices are essential tools for integrating

multiple indicators into a single metric, e↵ectively capturing the multi-dimensional nature of vulner-

ability. They simplify complex and multi-faceted phenomena through a mathematical process known

as aggregation (Fozaie & Wahid, 2022).

3.1.1.1 Multi-dimensionality of flood vulnerability indicators

Vulnerability indicators are commonly applied to model the physical vulnerability of systems and

elements at risk, ignoring other factors contributing to vulnerability (Malgwi et al., 2020). While

some studies concentrate on a specific vulnerability dimension, for example, Dall’osso et al. (2009)),

others explore multiple dimensions, such as Kienberger et al. (2009)). Birkmann (2013) highlighted

that opting for a multidimensional study design is worthwhile only if data of a certain quality and

quantity are available, meeting the scale requirements of the study. Especially, the inclusion of social

vulnerability is still largely lacking in current practices, despite its critical importance for risk analysis

and disaster response reduction (Tate et al., 2021). Tascón-González et al. (2020) highlights the need

for further advances in measuring and incorporating social vulnerability into flood risk assessment.

Cutter et al. (2003) and Houston et al. (2020), for example, developed social flood vulnerability indices,

presenting a measure to capture the vulnerability to floods better, hence underlining the importance

of tailored social indicators in vulnerability assessments. To address this research gap, vulnerability

indicators are particularly useful as they allow for the incorporation of multidimensional components

influencing flood vulnerability.

3.1.1.2 Spatial scale of flood vulnerability indicators

The spatial scale at which a vulnerability indicator approach is applied varies depending on data

availability and the assessment’s objectives (Ruiter et al., 2017). Vulnerability assessments can be

conducted at micro, meso or macro spatial scales. Microscale assessments, as required for the refugee

camp scale, often pose challenges in data collection, especially in developing countries where metadata

on land use, exposure, and population may be lacking. Despite these challenges, microscale assessments

(the smallest spatial scale, focusing on very detailed, localized areas) can provide an overview of

vulnerability hotspots across larger areas, enabling decision-makers to allocate resources e↵ectively

for emergency responses or risk mitigation (Malgwi et al., 2020). Other indicators operate on larger

scales, such as mesoscale (regional to national) and macroscale (international) (Malgwi et al., 2020).

However, it must be considered that since vulnerability indicators are adaptable to a regional context,
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a set of indicators chosen for a specific region may not necessarily apply to another region (Papathoma-

Köhle et al., 2019).

Of the methods analysed, the indicator approach appears to be the most suitable for use in data-scarce

regions and, thus, for assessing micro-scale vulnerability in refugee camps, as its need for empirical

data is comparatively low. Further, by integrating multiple drivers contributing to flood vulnerability,

the indicator approach can be easily tailored to specific conditions, providing a clearer picture of the

overall vulnerability and a holistic view of the individual vulnerability contributing factors (Malgwi

et al., 2020). Further, the vulnerability can be represented in a spatial context, allowing decision-

makers to take more informed mitigation measures in specific regions (Nasiri et al., 2016). This claim

has been justified by H. Chen et al. (2011), who found that the indicator-based approach gives a

better understanding of vulnerability assessment compared to other methods used and additionally

enables the integration of uncertainty communication, operationalizing uncertainty analysis in the

decision-making process.

3.2 Using GIS methods for flood vulnerability modelling

Natural disasters inherently possess a spatial dimension, necessitating access to comprehensive geo-

graphic information concerning hazards and vulnerable areas to prepare for such events (Ouma &

Tateishi, 2014) adequately. Geographic Information Systems (GIS) o↵er enhanced decision-making

capabilities by enabling the identification and assessment of predetermined criteria through overlay

processes. GIS allows comparisons across spatial units and integrates qualitative and quantitative

assessments, enabling dynamic logical and numerical operations. GIS has, therefore, long been an

indispensable tool for analysing natural hazards, which are multidimensional and inherently spatial

(Coppock, 1995). Cutter et al. (2003) highlights the importance of integrating spatial relations into the

vulnerability assessment concept, stressing the vulnerability concept’s strong relationship to the par-

ticularities of a specific place. However, spatial approaches to evaluate vulnerability at a local level in

rural or developing countries are still lacking (Kienberger, 2013), even though it is evident from a con-

ceptual standpoint that vulnerability possesses distinct spatial and temporal dimensions (Kienberger,

2012). Integrating the concept of vulnerability into a GIScience context further helps to understand

better the characteristics of vulnerability, where Kienberger (2013) defines those characteristics using

the following principles:

– WHERE: Vulnerability di↵ers spatially

– WHEN: Vulnerability changes over time

– WHAT: Vulnerability encompasses di↵erent dimensions

– WHY: Vulnerability assessments primarily address policies aimed at minimizing or preventing

the adverse consequences of disasters.

– HOW: Vulnerability is indirectly assessed and characterized by specific indicators that enable

the representation and monitoring of various vulnerability dimensions.

Kienberger (2013) emphasises the strong dependency of vulnerability on the principles of scale where

”vulnerability can exist everywhere at any place, but it depends on its degree, whereby in certain areas

it may be close to zero, while in others it may have a higher degree”. Providing essential responses to
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the questions of ”where”, ”what”, and ”how” are crucial for overcoming challenges in a cooperative

planning context, particularly in the case of disaster risk reduction (Kienberger, 2013), which is why

this thesis attaches the greatest importance to these three questions.

3.2.1 Spatial quantification of flood vulnerability

To answer ”how” vulnerability can be assessed, the abstract flood vulnerability concept and its con-

tributing variables need to be quantified using spatial operations. Due to the multidimensional nature

of vulnerability as a concept, there is a need to condense the potentially available spatial data into a

set of key indicators influencing the vulnerability. This simplification aids in estimating vulnerability

more e↵ectively (Birkmann, 2013). As described by Fozaie and Wahid (2022), aggregation of indi-

cators into a composite index is commonly performed using spatial approaches such as multi-criteria

decision analysis (MCDA).

3.2.1.1 Multi-Criteria-Decision-Analysis for flood vulnerability assessment

Multi-Criteria Decision Analysis (MCDA) is an umbrella term encompassing a collection of meth-

ods used to evaluate multiple conflicting criteria in decision-making processes (Hussain et al., 2021).

MCDA allows for a comparative evaluation of alternatives based on multiple criteria, providing a struc-

tured method to organize information and facilitate confident decision-making (Sadr et al., 2018). The

process typically involves several steps, including formulating the decision problem, developing a model

with hierarchical criteria, selecting a suitable MCDA method, and aggregating information to make

informed decisions (Greene et al., 2011).

Integrating Multi-Criteria Decision Analysis (MCDA) techniques into disaster risk management has

gained prominence in today’s research (Y. Chen et al., 2013). Numerous studies have utilized MCDA in

spatial flood vulnerability assessments, allowing the integration of multiple factors that influence flood

vulnerability from various geographical layers into a single index using GIS (Y. Chen et al., 2010).

As the MCDA can evaluate interactions between numerous components in multi-layered problems

(Nachappa et al., 2020), it is well suited for assessing flood vulnerability. A recent study by Osman

and Das (2023) employed GIS-based MCDA to evaluate flood hazard, vulnerability, and risk in the

Shebelle River Basin in southern Somalia. Their research underscored the e↵ectiveness of MCDA in

examining flood-related factors. Similarly, Gupta and Dixit (2022) utilized MCDA-AHP in flood risk

mapping in Assam, India, highlighting the value of MCDA in identifying and integrating flood risk

assessment factors at regional and administrative levels. The literature also emphasizes the importance

of integrating MCDA in flood vulnerability assessments across diverse geographical contexts. For

example, Hussain et al. (2021) utilized GIS-based MCDA for flood vulnerability assessment in District

Shangla, Pakistan, highlighting the applicability of MCDA in evaluating coping capacities in spatial

vulnerability analyses.

Fozaie and Wahid (2022) stress that the weighting system is the most critical aspect of aggregating

data for a composite index. While some studies employ equal weights, this approach is unsuited for

complex phenomena like flood vulnerability. Further Fozaie and Wahid (2022) conclude that the most

reliable weighting system is the expert weighting method, where a panel of experts in the relevant field

is tasked with selecting the weights for the individual indicators contributing to the flood vulnerability.

Therefore, MCDA often uses the Analytical Hierarchy Process (AHP) to derive expert-based indicator

weights (Y. Chen et al., 2010).
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3.2.1.2 Indicator weighting through the Analytical Hierarchy Process (AHP)

Within the GIS-based MCDA, the Analytical Hierarchical Process (AHP) is the most frequently

used method in today’s literature to determine criteria weights (Y. Chen et al., 2010; Nachappa

et al., 2020; Torfi et al., 2010). As introduced by Saaty (1977), AHP is a methodology based on

pairwise comparisons, intending to derive weights (also called priorities) for a set of criteria of a

given multiple-criterion decision problem. The approach uses expert judgments to establish priority

measures to obtain criteria weights by generating a pairwise comparison matrix (Saaty, 1977, 1987,

2008). A detailed description of the mathematical procedure of the AHP-criteria weights calculation

is given in Chapter 4.1.8.1. Within the particular case of flood risk modelling, AHP is a widely

implemented geospatial method due to its ability to combine heterogeneous data extensively and the

ease of acquiring weights for numerous criteria (Y. Chen et al., 2010). AHP is, for example, used in

recent studies from Ganji et al. (2022), Lyu et al. (2018), Ramkar and Yadav (2021), and Xie et al.

(2011). Further, Ramkar and Yadav (2021) highlight that AHP is a highly suitable tool for examining

flood vulnerability in data-scarce regions, as it enables the understanding of individual factors that

influence vulnerability by using experts’ knowledge to bridge the lack of data. However, this method

has limitations due to subjectivity, uncertainty, and inconsistency (Fozaie & Wahid, 2022), which are

often ignored in studies using MCDA methods (Y. Chen et al., 2013).

Multiple recent studies have stressed the urgency of addressing this issue by integrating sensitivity and

uncertainty analysis into MCDA and AHP, such as H. Chen et al. (2011), Y. Chen et al. (2010), Y.

Chen et al. (2013), Refsgaard et al. (2007), andWalker et al. (2003). Future studies should acknowledge

the uncertainties arising from AHP for flood vulnerability modelling to enhance the reliability of the

results (An et al., 2022; Ramkar & Yadav, 2021), hence facilitating informed and tailored mitigation

actions.

3.2.2 Uncertainty analysis in flood vulnerability modelling

Generally, two sources of uncertainty in risk assessment are distinguished in academic sources, in-

cluding aleatory uncertainty, which refers to inherent variability or randomness in quantities across

time, space, or among populations, and epistemic uncertainty arising due to human limitations in

understanding, measuring, and describing the system under study, resulting from lack of knowledge,

ignorance, or specification errors (Apel et al., 2008; Xie et al., 2011). For the particular case of this

thesis, modelling flood vulnerability in data-scare regions, the assessment of epistemic uncertainty is

of significant interest. Delavar and Sadrykia (2020) further categorises di↵erent sources of epistemic

uncertainty, namely vagueness and non-specificity, the latter including inconsistency and ignorance of

information.

Epistemic uncertainty within the AHP methodology arises from various sources, including raw data,

data processing, criteria selection, and weighting, whereof the determination of criteria weights tends

to be a primary source of controversy and uncertainty (Y. Chen et al., 2013). This can stem from

decision makers’ incomplete awareness of their criterion preferences or ambiguity surrounding the

nature and scale of the criteria. In cases involving multiple decision makers, deriving a single set

of weights may not be feasible; instead, ranges of weights are obtained, resulting in multiple sets

of outcomes (Y. Chen et al., 2010). Although recognizing uncertainty has increased in the current

literature, e↵ective incorporation of uncertainty analysis in MCDA is rarely performed (H. Chen et al.,

2011).
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Since uncertainty is ignored in the AHP, the Triangular Fuzzy Number (TFN) - AHP, here denoted as

FAHP, is preferred when dealing with complex decision problems with multiple attributes. Instead of

using crisp numbers to assign the degree of importance of an indicator criterion, (Ganji et al., 2022)

suggests using FAHP fuzzy numbers based on triangular fuzzy membership functions. By replacing

crisp numeric weights with fuzzy numbers that encode the most likely value and its spread, the FAHP

can consider subjectivity and vagueness in assigning weights to criteria (Dutta, 2015). Implementing

fuzzy sets into the flood vulnerability quantification using the FAHP approach is a particularly suitable

tool to address epistemic weight uncertainties.

Ouma and Tateishi (2014) highlighted the potential of combining AHP with fuzzy logic techniques in

urban flood vulnerability and risk mapping. By integrating FAHP with GIS techniques, the researchers

have developed a comprehensive flood vulnerability index that considers multiple parameters and

uncertainties in flood risk assessments, using a case study in the Eldoret Municipality in Kenya.

Ganji et al. (2022) conducted a recent study employing the FAHP methodology to the vulnerability

of Aq’Gala, Iran, to riverine floods. The authors quantified flood vulnerability rates using geospatial

data and MCDA, where the weights of the vulnerability criteria were obtained through an AHP-based

questionnaire fuzzification using triangular fuzzy numbers. Additionally, the study compared flood

vulnerability mapping outcomes derived solely from AHP weights with those derived from FAHP, which

incorporates considerations for uncertainty. This comparative analysis revealed a notable alignment

between FAHP-derived results and a specific historical flood event, evidenced by satellite time series

data (Ganji et al., 2022).

3.2.2.1 Sensitivity analysis in spatial flood vulnerability models

Numerous studies have highlighted the impact of weighting on composite indices, raising concerns

about the robustness and validity of the results of flood vulnerability models due to associated uncer-

tainties and doubts (An et al., 2022; Fozaie & Wahid, 2022; Hussain et al., 2021). An approach to

acknowledge the e↵ect of weight uncertainties on flood vulnerability is to include weight sensitivity

analysis to the flood vulnerability assessment process (Mekonnen et al., 2023). Sensitivity analysis is

crucial in improving the robustness and reliability of flood vulnerability modelling methodologies that

incorporate MCDA techniques. Despite its importance, sensitivity analysis is not commonly practised

in the literature, leading to a lack of understanding of the spatial aspects of weight sensitivity (Y.

Chen et al., 2010). For instance, Mekonnen et al. (2023) compared flood hazard zoning in the Upper

Awash River Basin in Ethiopia using AHP and sensitivity analysis. By validating flood hazard maps

through sensitivity analysis, the study showcased the e↵ectiveness of AHP in evaluating flood vulner-

ability and emphasized the role of sensitivity analysis in refining flood risk assessments. Furthermore,

Radmehr and Araghinejad (2015) utilized fuzzy spatial MDCA for flood vulnerability analysis in the

Tehran urban basin and conducted sensitivity analysis by adjusting the weights of decision-making

criteria. This methodology enabled the assessment of various scenarios and the identification of the

most influential criteria in flood vulnerability modelling, thereby enhancing the overall reliability of

the assessment. Addressing the gap of including sensitivity analysis to MCDA flood vulnerability

modelling hampers the ability to visualize spatial change dynamics in relation to decision-making

problems, which is crucial for more accurate and e↵ective assessments (Y. Chen et al., 2010).
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3.3 Flood vulnerability modelling for refugee camps

While considerable research has been conducted on flood vulnerability modelling in urban regions,

there remains a significant gap in literature specifically addressing the unique challenges in modelling

flood risk and vulnerability in refugee camps. A smaller number of studies, such as An et al. (2022),

Anwana and Owojori (2023), Malgwi et al. (2020), and Mwalwimba et al. (2024) focus on the assess-

ment in remote locations, such as humanitarian settlements or refugee camps, where limited data and

minimal infrastructure pose significant challenges.

Given that refugee camps exhibit di↵erent flood vulnerability issues compared to those of a settled

population, it is crucial to assess the flood vulnerability using an approach specifically tailored to

the refugee camp context (ARSET, 2024). Few recent studies have begun to focus on this critical

area, highlighting the importance of tailored flood risk and vulnerability assessments that account

for these temporary settlements’ distinctive socio-economic and physical conditions (Bernhofen et al.,

2023; Owen et al., 2023). Even though several studies have recently stressed the importance of flood

risk assessments for refugee camps (Anwana & Owojori, 2023; Cutter et al., 2003), practical spatial

approaches to quantify the specific in-camp vulnerability are non-existent to date.

Bernhofen et al. (2023) highlight the importance of assessing flood risk in refugee camps, emphasizing

using global flood risk data to understand and manage potential flood hazards. The study quanti-

fies vulnerability as a part of the flood risk model utilizing building footprint data and local camp

population data to estimate flood exposure in Ethiopian refugee camps. Further, Bernhofen et al.

(2023) introduce simple hazard vulnerability thresholds to quantify flood exposure, tailored explicitly

to refugee camps. The hazard vulnerability thresholds are thereby dependent on the flood hazard

intensities (given by flood depth and velocity) corresponding to varying levels of impact. Recognizing

the absence of specific thresholds for refugee camps, the authors developed four flood depth thresholds

based adapted to the refugee camp context. These thresholds categorize risk into four levels: low,

medium, high, and very high, focusing on immediate risks to life. Incorporating these thresholds into

the overall flood risk analysis, the study calculated the flood risk faced by camp inhabitants. To

illustrate that, the results showed that most flood-exposed refugees (80 - 85% of inhabitants of the

analyzed refugee camps in Ethiopia) were exposed to flooding with low risk to life, corresponding

to flood depth of below 0.15 m. However, significant health risks due to flooded latrines, increasing

disease risk, and structural damage to tents and temporary structures are well expected (Bernhofen

et al., 2023). The approach utilized global flood models, enabling cost-e↵ective solutions to mitigate

flood risks in refugee camps. However, the approach primarily addresses the exposure component of

flood risk rather than modelling vulnerability as a standalone concept. Hence, it does not account for

the inherent vulnerability of the elements or systems themselves, which would include multiple factors

such as the physical robustness, socio-economic status, and adaptive capacities of the a↵ected popu-

lation and infrastructure. Further, they ignore the social vulnerabilities of camp inhabitants. Factors

like economic status, age, gender, marital status, flooding experience, and household size can impact

disaster resilience, yet they are not accounted for in this approach. (Bernhofen et al., 2023) con-

clude by addressing the urgency of integrating knowledge of camp planners and managers into refugee

flood risk analysis, highlighting the importance of their understanding of the internal organization

and vulnerability of the camps. Additionally, they emphasize the necessity for a globally applicable

methodology to evaluate flood risks in refugee camps, encompassing all sites housing forcibly displaced

individuals. Such an approach would enable international agencies to comprehend their global risk
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exposure more e↵ectively and provide a standardized initial risk assessment for managers and planners

at each camp (Bernhofen et al., 2023).

A recent NASA project from 2024 uses earth observation data to assess flood risks, heat stress, and

drought impacts in refugee camps, highlighting the topicality of the here-discussed issue. One of

the three-part training lectures on the NASA ARSET training program on ”Earth Observations for

Humanitarian Applications” addresses flood risk mapping for refugee camps, integrating geospatial

and demographic data to quantify climate risks and support decision-making in humanitarian contexts

(ARSET, 2024). Within the frame of the program, an online workshop was conducted in June 2024,

presenting the work done by Bernhofen et al. (2022, 2023) with the aim to government ministries,

international agencies, NGOs, academics, and researchers involved in humanitarian response (ARSET,

2024).

Further, Owen et al. (2023) present a novel methodology to measure climatic and environmental expo-

sure in refugee camps systematically. Using remote sensing and geospatial data, the authors present

an index quantifying the camp’s exposure relative to a simulated population of potential camp loca-

tions within the hosting country. Applying the index to five countries in East Africa, the findings

indicate that seven out of the seventeen camps fall within the upper two quartiles of exposure, imply-

ing that over six hundred thousand refugees live in camps facing higher exposure than other potential

locations. The study highlights the importance of reliable, low-cost, and standardized methods for

collecting and analyzing climatic and environmental data in geographically remote humanitarian set-

tings (Owen et al., 2023). While the approach provides valuable insights into the exposure levels faced

by refugee camps, it does not delve into the detailed spatial assessment of vulnerabilities within the

camps themselves.

3.3.1 Summarizing outlined research gaps

Ultimately, this literature review has pointed out significant research gaps, which this thesis aims

to address. Summarizing these gaps, flood vulnerability modelling in refugee camps faces significant

challenges due to data scarcity and the unique socio-economic conditions of these areas. Existing

vulnerability models often rely on empirical data that is not readily available in these settings, lim-

iting their accuracy and transferability. Furthermore, many methodologies overlook critical social

vulnerability factors essential for a comprehensive flood vulnerability and risk assessment. The need

for tailored vulnerability indices that incorporate local knowledge and context-specific factors is evi-

dent, as current models primarily designed for urban areas fail to address the specific needs of refugee

populations. Additionally, integrating uncertainty and sensitivity analysis into GIS technologies in

these assessments remains underutilized despite their potential to enhance decision-making. Address-

ing these gaps through innovative and inclusive approaches is crucial for developing a robust flood

vulnerability model that can e↵ectively support disaster risk reduction in refugee camps.
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4 Methodology

This chapter covers the methodology for developing a flood vulnerability index tailored to the con-

text of refugee camps in data-scarce regions - the Humanitarian Flood Vulnerability Index (HFVI).

The methodology of this thesis can be divided into two major subsections. The overall methodical

procedure is illustrated graphically in Figure 4.1.

1. Conceptual index development: This section describes the steps to develop and construct

a composite HFVI. The structure of the conceptual index development follows the steps

proposed by the JRC and OECD (2008) to procedure composite indicators. Data and

concepts are also described within this chapter, as their usage is part of the indicator

development.

2. Case Study in Mahama: The case study covers steps related to working with spatial data

and their analysis in more detail by implementing the constructed HFVI into a real-world

application for the Mahama refugee camp in Rwanda. The case study helps to evaluate

the index performance and results.

R Studio and ArcGIS Pro are used to calculate the index weights, perform the spatial mapping

and analysis, and perform the uncertainty analysis using the spatial data from the case study. The

markdown files containing the code used to derive the AHP and FAHP weights and the geospatial steps

for applying the index to the Mahama Case Study are published on the following GitHub repository:

https://github.com/akinnaznuk/HFVI).

4.1 Conceptual index development

Given that vulnerability is a multifaceted concept (Chan et al., 2022), it relies on various parameters,

referred to here as ”vulnerability indicators”. These indicators play a role in influencing and conveying

the extent of harm or damage to a system. Combining di↵erent indicators that significantly indicate

the vulnerability of such systems into a single so-called composite index helps to simplify and quantify

the multidimensional concept of vulnerability (Malgwi et al., 2020).

To establish a composite index, it is essential to develop a conceptual model that addresses the

interconnection of key components of the indicator. For this purpose, the index development process

will follow the guidelines and methodology proposed in the ”Handbook on Constructing Composite

Indicators” prepared by the OECD (Organization for Economic Cooperation and Development) in

collaboration with the Applied Statistics and Econometrics Unit of the Joint Research Centre (JRC)

of the European Commission (JRC and OECD, 2008). As proposed by JRC and OECD (2008),

the conceptual model for a composite index should be adaptable to potential future system changes,

enabling its use in analyzing potential flood risk. This adaptability may involve modifications to
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Figure 4.1: Graphical representation of the methodology.

selected indicators or their weights. The conceptual model encompasses various elements, called

indicator elements, which clearly define the scope of applicability and validity of the derived index.

Fundamental elements that define the conceptual model of a vulnerability index include its objective,

the vulnerability dimension, spatial scale, and the application region (JRC and OECD, 2008; Malgwi

et al., 2020). Birkmann (2013) comprehensively outlines nine pivotal phases for developing indicators.

In developing an index called the Humanitarian Flood Vulnerability Index (HFVI), which is specifically

tailored for the refugee camp setting, these phases are adopted and subtly modified to align with the

research objective of integrating uncertainty arising from the experts’ weighting process (Figure 4.2).

The following sections highlight each of the individual phases, framing the conceptual model of the

HFVI.

4.1.1 Defining the goals for the HFVI

Generally, the initial step in constructing a conceptual model for indices involves defining the purpose,

encompassing various vulnerability dimensions to be evaluated (Birkmann, 2013). This ensures that

the individual vulnerability indicators and the resulting index align with the overarching flood risk

assessment framework (JRC and OECD, 2008; Malgwi et al., 2020), which in this case is dependent

on the Flood Risk Mitigation for Humanitarian Settlements project and its implementation into the
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Figure 4.2: Phases of vulnerability indicator development adopted and adjusted from Birkmann
(2013). Steps marked with (*) are added to fit the research objective.

developed Risk Mitigation Strategy GIS-tool.

The goal of the developed HFVI is to quantify vulnerability in refugee camps to floods in order to

help improve vulnerability assessment and flood risk mitigation in refugee camps. By composing

a refined composite index, which incorporates social and physical flood vulnerability dimensions,

the e↵ect of those dimensions and their associated indicators can be analyzed independently and in

conjunction, forming an overall flood vulnerability index. With that, the e↵ect of various factors

influencing the vulnerability within a given refugee camp could be analyzed to help tailor flood risk

mitigation actions. Further, the HFVI incorporates expert knowledge on flood vulnerability indicator

weights. The importance of individual social and physical indicators to the overall flood vulnerability

can be refined by interrogating a broad field of experts in an interdisciplinary field that combines

natural hazard processes, flood vulnerability modelling, and humanitarian work. The elaborated

experts’ weights and the proposed combination thereof with the selected vulnerability indicators show

a new approach to quantifying flood vulnerability, specially tailored to refugee camps, which could be

integrated into the Risk Mitigation Strategy GIS tool. Additionally, the index also adds a secondary

information source by providing a quantification of weight uncertainty associated with the developed

HFVI. With this add-on, UNHCR sta↵ and decision-makers using the Risk Mitigation Strategy GIS

tool could be enabled to interpret flood vulnerability in a more informed way by providing information

on uncertainty, which in turn should lead to better decision-making (Delavar & Sadrykia, 2020; Ganji

et al., 2022).

4.1.2 Index scoping

In the second step of the index development phase, the scope of the HFVI is defined by identifying

the target group and the purpose for which the HFVI will be used. Further, the spatial and temporal

scope of the index is defined (Birkmann, 2013). For the development of the HFVI, the following scope
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is set:

– Target group: The HFVI is developed for UNHCR sta↵ and camp o�cers operating in refugee

camps. It is designed to be integrated into the Risk Mitigation Strategy GIS-Tool created by the

Flood Risk Mitigation for Humanitarian Settlements project, which aims to enable local sta↵ to

monitor flood risk within their camps and implement associated mitigation measures.

– Purpose: By o↵ering stakeholders a refined and understandable flood vulnerability index, the

HFVI aims to enhance the understanding of the spatial behaviour of flood vulnerability and,

consequently, flood risk (as a combination of vulnerability and hazard) within the local refugee

camp. This involves identifying areas with high vulnerability to flooding events. Additionally,

the index should provide insights into the impact of individual factors and their contributions

to overall vulnerability, allowing for the development of targeted mitigation actions.

– Spatial bound: The HFVI is designed for local-scale implementation, covering the typical

extent of UNHCR refugee camps. Its resolution is detailed enough to identify small-scale spa-

tial di↵erences within a camp, pinpointing vulnerable areas. Additionally, the HFVI ensures

reproducibility, allowing it to be applied to any refugee camp globally.

– Temporal bound: The HFVI reflects the current state of flood vulnerability but is designed

to be easily adjustable to accommodate the dynamic nature of camp settings and evolving

definitions of vulnerability.

4.1.3 Framework for Flood Vulnerability Assessment in Refugee Camps

The third phase involves selecting an appropriate conceptual flood risk framework, which structures

the indicators and integrates the vulnerability part into the broader flood risk assessment framework.

The choice of framework depends on the indicators’ purpose, the definition of the vulnerability concept,

the target audience, and data availability (Birkmann, 2013). A new framework has been elaborated

since no existing framework in the literature is ideally suited for the HFVI’s defined scope and its

incorporation into the Risk Mitigation Strategy GIS-Tool specification. Even though this thesis only

focuses on the flood vulnerability assessment, a broader flood risk framework has been proposed to

guarantee the designed vulnerability index is in line with the work done in the Flood Risk in Human-

itarian Settlements project. The ”Framework for Flood Vulnerability Assessment in Refugee Camps”

is specifically tailored to evaluate the e↵ect of flood vulnerability in refugee camps independently

and facilitates the integration of the HFVI into the GIS Tool for a general flood risk assessment.

The framework adapts elements from the holistic BBC (Bogardi & Birkmann, 2004; Cardona, 2004)

and MOVE Birkmann et al. (2013) conceptual framework, defining risk as the product of hazard

and vulnerability and combines it with the conceptual framework of the Flood Risk in Humanitarian

Settlements project.

Risk = Hazard⇥ V ulnerability

Key components of the risk concept are, on the one hand, the hazard assessment, which is based on

determining the exposure to flooding (use of climate models and geographical information systems

to identify areas at risk of flooding within the camp) and the possible intensity and frequency of

flooding events (Maskrey, 1989). The flood risk exposure term, as defined by Kienberger (2013), is

here regarded as part of the hazard component. On the other hand, vulnerability can be evaluated as
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Figure 4.3: The Framework for Flood Vulnerability Assessment in Refugee Camps. The thesis and
the developed HFVI focus on the vulnerability part of the framework. The framework’s Hazard and
Risk Management parts align with Rohling et al. (2023).

a multidimensional construct, incorporating both social and physical dimensions. The physical vul-

nerability dimension can be described by the exposure and susceptibility, including physical elements

within the camp that are exposed to flooding (e.g., shelters, infrastructure) and the likelihood of dam-

age to these elements based on their location or construction quality. Hence, physical vulnerability

constraints the operational processes in the camps (Birkmann, 2013; Gairing et al., 2024). On the

other hand, the social vulnerability dimension can be described as the social fragility of the camp

population or the negative socioeconomic consequences when an asset or system is damaged due to a

flood event (Gairing et al., 2024). Social vulnerability includes factors such as vulnerable population

groups and access to resources and facilities contributing to the community’s vulnerability (Birkmann,

2013). The adopted framework, adjusted to the scope of the HFVI index, is shown in Figure 4.3. The

physical and social dimensions are described by a series of indicators that quantify the respective

vulnerability of the dimension.

4.1.4 HFVI selection criteria

The fourth phase involves defining selection criteria for potential indicators. While there’s a broad

agreement on what makes a “good-quality” indicator-like being “scientifically valid,” “responsive to

change,” and “based on accurate and accessible data” - there is a need to tailor these criteria to fit

the specific context and goals (Birkmann, 2013). This is especially important when used for refugee
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camps where data is often scarce. Hence, data accuracy and, more importantly, data availability is

essential. Building on the standard criteria for index development evaluated by Birkmann (2013),

criteria for selecting indicator sets are adapted to focus on the defined scope of the HFVI and are

summarized in Table 4.1. Policy relevance and cost-e↵ectiveness as standard criteria, as defined by

Birkmann (2013), are ignored here, as it is di�cult to interpret the fulfilment of these criteria under

the given conditions of the refugee camps.

Table 4.1: Selection of criteria for the HFVI indicators and results, adopted from Birkmann (2013).

Indicator Criteria

– Measurable / Quantifiable
– Relevant (represents an issue that is impor-

tant to the relevant topic)
– Analytically and statistically sound
– Understandable
– Sensitivity (sensitive and specific to the

underlying phenomenon)

– Easy to interpret
– Validity / Accuracy
– Reproducible
– Based on available data
– Data comparability
– Appropriate scope

4.1.5 Review of potential indicator sets

The selection of potential indicators for flood vulnerability in refugee camps is based on an extensive

and broad literature review (see Section 3 in the field of flood-related natural disaster management and

assessment. The elaborate work from the Flood Risk in Humanitarian Settlements project (Kaufmann

et al., 2022; Rohling et al., 2023) and the exchange with the team members further provided refugee

camp-specific information and an understanding of the existing conditions. The resulting set of po-

tentially suitable indicators is categorized according to their vulnerability dimension. The collection

of the potential flood vulnerability indicators is summarized in Appendix A.

4.1.6 Selection of final HFVI indicator sets

Based on the preliminary collection of potentially suitable vulnerability indicators, a final set of in-

dicators is selected based on fulfilling the predefined indicator criteria (Table 4.1). According to

the indicator criteria, the selection process specifically focused on the availability of data and the

indicator’s relevance for the specific context of the refugee camp but also considered the remaining

criteria. Firstly, indicators must be measurable and quantifiable. For categorical indicators, it should

be possible to derive sub-indicators with di↵erent weightings and to calculate counts per area or den-

sity. Secondly, the relevance of each indicator is assessed in exchange with the Flood Risk Mitigation

for Humanitarian Settlements project team, ensuring alignment with the specific conditions and set-

tings of refugee camps. Lastly, reproducibility and data availability are prioritized. This criterion

encompasses the use of both global data and local data, utilizing standard UNHCR camp maps and

incorporating local knowledge. The final selection process resulted in a set of eight flood vulnerability

indicators tailored to the given humanitarian context, summarized in Table 4.2.

4.1.6.1 Definition of the selected HFVI indicators

Based on the proposed framework, the vulnerability indicators are divided into a social and a phys-

ical vulnerability dimension, containing four indicators each. The social indicators are abbreviated
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Table 4.2: Final flood vulnerability indicator set including social and physical flood vulnerability
dimensions.

Dimension Abbr. Indicator name Data Source Description Data Type Ordinal
Encoding

Scope

Social

SOC1 Population Google Open Buildings Dataset (Sirko
et al., 2021)

Population density (derived from
camp population and shelter
count per area)

quantitative continuous global

SOC2 Vulnerable groups PGIS mapping workshop with camp of-
ficers (Gairing et al., 2024)

Presence of vulnerable groups qualitative categorical
> boolean

local

SOC3 Facilities of social
importance

UNHCR camp site layout Frequency of facility type per
area

qualitative categorical
> integer

local

SOC4 Land use Global Land Cover and Land Use
(Potapov et al., 2022) or UNHCR camp
site layout

Land Cover class of social impor-
tance

qualitative categorical
> boolean

global
/ local

Physical

PHY1 Shelter type Google Open Buildings (Sirko et al.,
2021) and PGIS mapping workshop
with camp o�cers

Residential shelter types qualitative categorical
> integer

global
/ local

PHY2 Critical Infrastruc-
ture

PGIS mapping workshop with camp of-
ficers

Presence and type of critical in-
frastructure

qualitative categorical
> integer

local

PHY3 Facilities physical
vulnerability

UNHCR camp site layout Counts of facility type per area qualitative categorical
> integer

local

PHY4 Roads Open Street Map Highways Dataset
(OpenStreetMap contributors, 2017)

Frequency of road types per area categorical categorical
> integer

global

SOC1-4 and include population, vulnerable groups, facilities of social importance, and land use. The

physical dimension includes the indicators PHY1-4, namely shelter type, critical infrastructure, facil-

ities’ physical vulnerability, and roads. The individual vulnerability indicators are described below.

Detailed spatial data processing steps for the individual indicators on a grid layer basis are explained

in more detail using the case study application and its results in Section 4.2.

Population (SOC1): Population density is selected as the first indicator influencing social vulnerability

towards floods. Population density directly influences the level of exposure and potential impact of

floods on individuals residing in refugee camps. A higher population density in an area increases

the number of people at risk during a flood event, intensifying the population’s vulnerability to flood-

related hazards (P. Wang et al., 2022). The population indicator is quantified as the average number of

people per shelter within a camp. Shelters are counted for each raster cell to determine the population

density for each cell within the area of interest.

Vulnerable Groups (SOC2): Vulnerable groups, such as children, women, elderly individuals, and in-

dividuals with disabilities, may be disproportionately a↵ected by floods in densely populated settings,

highlighting the importance of considering demographic characteristics in vulnerability assessments

(Saeedullah et al., 2021). The location of vulnerable groups within a refugee camp is obtained by infor-

mation through participatory mapping workshops with the local UNHCR camp o�cers, as proposed

by Rohling et al. (2023). The presence of vulnerable groups can then be mapped and quantified using

Boolean coding, whereby grid cells that spatially correspond to the location of vulnerable groups are

assigned the value 1, and grid cells in which no vulnerable groups are present or where no information

is known are assigned the value 0.

Facilities of social importance (SOC3): The social importance of facilities, such as healthcare centres,

schools, and community spaces, plays a critical role in enhancing the adaptive capacity of refugee

populations in the face of floods. Access to essential services and infrastructure can mitigate the
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impacts of floods on vulnerable communities and contribute to their overall resilience (Alduraidi et al.,

2021). The social importance of camp facilities is quantified by encoding the categorical data of facility

types using predefined vulnerability ranks and integrating them with spatial data on facility locations.

The ranks used to assess the social vulnerability of these facility types were evaluated as part of the Risk

Mitigation for Humanitarian Settlements project, in collaboration with UNHCR employees (Rohling et

al., 2023). The following facility types are taken into account: Schools (Lower Primary Schools, Early

Child Development facilities), Health Centers (Health Centers, Temporary Health posts, Isolation

center), Cultural facilities (Community centres, Religious centres, Markets), Youth/women centres

(Youth centers, Women/Girls opportunity centre, Child-friendly spaces), Administrative Facilities

(Agencies compound, UNHCR o�ces), Security (Police station), Nutrition Centers, and Distribution

centre.

Land use (SOC4): Incorporating the social importance of specific land uses, such as agricultural land,

tree cover and protected forests, and sensitive ecological areas, into a flood vulnerability index for

refugee camps is essential for understanding the unique vulnerabilities and resilience factors associated

with di↵erent types of land use within the camp setting (Rohling et al., 2023). The socioeconomic

importance of agricultural land in the context of flood vulnerability assessment for refugee camps

could provide valuable insights into food security, livelihoods, and community resilience in the face of

flood events. Especially agricultural land is crucial in enhancing the livelihoods and food security of

refugees living in camps. Studies have shown that refugees often use crop production as a primary

agricultural activity to improve their food security and household incomes (Muhangi et al., 2022). The

classification of land use types includes categories such as built-up areas, agricultural land, vegetation,

water, and open spaces. Among these, only agricultural land is considered highly vulnerable in terms

of its ecosystem services. Since built-up areas are already accounted for in other indicators, they are

not considered vulnerable in this context.

Shelter Type (PHY1): Incorporating shelter type as part of the physical vulnerability towards floods

in a flood vulnerability index for refugee camps is crucial as the type of shelter can significantly impact

its resilience to flood events. Emergency or transitional shelter structures like tents may not have a

foundation slab, making them vulnerable to flooding, especially if refugees sleep on the floor with no

higher ground to move their possessions to during a flood (Bernhofen et al., 2023). Typical shelter

types can be classified into emergency, transitional, durable and abandoned (Rohling et al., 2023):

– Emergency Shelters are habitable covered living spaces designed to provide a secure and healthy

environment with privacy and dignity. Typically, simple one-room structures are implemented

to o↵er critical life-saving emergency assistance.

– Transitional Shelters encompass a range of shelter options that assist populations a↵ected by

humanitarian crises in progressing from initial emergency arrangements to more suitable shelter

solutions better adapted to their needs in terms of habitability.

– Durable Shelters describe shelters beyond the emergency and transitional phases. These shelters

are adapted and contextualized based on elements such as climate, cultural practices and habits,

local availability of skills, access to adequate construction materials, and geographical context.

– Abandoned: Shelters, which are not inhabited but often show fragile structure

Critical Infrastructure (PHY2): The critical infrastructure (CI) indicator includes spatial information

about water and sanitation facilities, drainage systems, communication networks, power stations, and

25



water storage within refugee camps (Rohling et al., 2023). Further, buildings in critical condition

are considered within the CI indicator as to illustrate their enlarged potential for higher physical

vulnerability due to reduced resilience (Nkwunonwo, 2021). It is essential to consider critical in-

frastructure in the physical vulnerability dimension of the HFVI, as these infrastructures are vital

for maintaining health, managing floodwater, coordinating responses, and ensuring essential services.

Evaluating their vulnerability helps prioritize maintenance, upgrades, and resilience-building measures

to safeguard refugees during flood events (Bruijn et al., 2015; Len et al., 2018; Pant et al., 2017).

Facilities physical vulnerability (PHY3): The physical vulnerability of facilities is highlighted as a

critical element at risk during floods (Kaoje et al., 2021). Assessing and mapping the physical vul-

nerability of individual facilities alongside socioeconomic vulnerabilities, a more holistic approach to

flood vulnerability assessment can be achieved (An et al., 2022). Analog to the social vulnerability

ranks of the camp facilities, ranks quantifying the physical vulnerability are adopted from Rohling

et al. (2023).

Roads (PHY4): The roads indicator describes the vulnerability of transport infrastructure for internal

and external mobility, including internal roads and walkways, access roads, bridges, and gas stations

(Kaufmann et al., 2022). Roads and transport elements are often a↵ected by flooding, as they play

a critical role in facilitating access to and from refugee camps, and their vulnerability to floods can

significantly impact the camp’s overall resilience and response capabilities (Balijepalli & Oppong,

2014). Road networks determine access to various areas, including emergency services, hospitals,

and evacuation routes. By incorporating road data into flood vulnerability assessments, planners can

identify areas that may become inaccessible during floods, helping to prioritize response e↵orts in

planning evacuation routes, accessing essential services, and the overall camp infrastructure integrity

(Aahlaad et al., 2021). The roads and respective vulnerabilities are categorized according to the o�cial

OSM tags: residential, service, unclassified, path, footway and ridge (OpenStreetMap contributors,

2017).

4.1.6.2 HFVI decision hierarchy

Based on the selected and defined final HFVI indicators, a decision hierarchy is conceptualized (Figure

4.4, where the index goal represents the highest level of the hierarchy, and subsequent levels contain

the vulnerability dimensions and their associated vulnerability indicators upon which the goal depends

(Saaty, 2008). In a later step, the hierarchy will be used as a basis to develop an appropriate weighting

scheme using the Analytical Hierarchy Process (AHP) through expert consultation.

4.1.7 Data collection

4.1.7.1 AHP survey data

In order to explore the relative importance and the degree of contribution of each individual vulner-

ability indicator to the overall flood vulnerability in a specific area of the refugee camp, the selected

vulnerability indicators were ranked by a selected group of experts. This participatory procedure is

intended to evaluate suitable weights for the individual vulnerability indicators based on the experts’

knowledge using AHP to increase the robustness and reliability of the approach. The ranking is per-

formed by designing and conducting a survey questionnaire, where the participants were asked to

compare the individual indicators pairwisely and assign associated ranks of the relative importance

of one indicator over another. The questionnaires are designed to be easily understandable, and their
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Figure 4.4: HFVI Decision Hierarchy and respective hierarchy levels, including social and physical
vulnerability indicators.

structure is based on the previously developed AHP hierarchy, containing the comparison of the di↵er-

ent vulnerability indicators within their respective dimensions: social & physical vulnerability (Level

2: indicators). Detailed instructions were given to introduce the participants to the topic, define rele-

vant terms, and explain the individual indicators, which are compared repetitively. The questionnaire

template is attached in Appendix A.

Next to comparing the relative importance of the individual vulnerability indicators (Level 2), the

influence of the vulnerability dimensions (Level 1) is also assessed within the experts’ questionnaires.

Initially, the definition of flood vulnerability and its framework encompassed exposure as an integral

part of the vulnerability concept, serving as a secondary domain next to the vulnerability dimensions.

Consequently, exposure and its sub-components, such as proximity to water bodies, slope, and eleva-

tion, were included in the questionnaire and regarded as additional vulnerability indicators. However,

subsequent deliberations led to the decision to exclude exposure from the definition and framework

of vulnerability based on expert feedback, asserting that exposure should be assessed separately from

vulnerability. Hence, exposure is distinctly separated from the vulnerability definition and framework,

aligning with the perspective of disaster and climate risk experts. Therefore, only the pairwise com-

parison of the importance of the social and physical vulnerability dimensions is assessed, neglecting

the exposure component. Hence, the weights of the social and physical vulnerability dimensions are

later re-scaled to show their relative importance.

A total sample size of fifty-five questionnaires was distributed among experts specializing in flood risk

management and modelling, refugee climate risk research, and humanitarian aid. Of these, twenty-five
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questionnaires were sent to UNHCR o�cials in refugee camps around the world, while the remaining

questionnaires were sent individually to researchers and experts in the fields mentioned. The dis-

tribution of these questionnaires to UNHCR o�cers was added to a larger survey conducted by the

ETH research team, focusing on flood risk in refugee camps. The questionnaire was designed as an

online survey for UNHCR o�cers and as an interactive PDF file for the remaining experts; however, it

showed the same structure. Its design aimed for simplicity and clarity, ensuring that participants did

not need prior knowledge of the AHP methodology. Every participant was then requested to assess

the indicator pairs using a numerical scale from 1 to 9. A priority rank of 1 means that two indicators

are indi↵erent regarding their influence on the flood vulnerability in an area within any given refugee

camp, while a score of 9 illustrates extreme priority to one indicator over another (Saaty, 1977). Eleven

responses were received out of the total sample size, yielding a response rate of 20%. Unfortunately, no

responses were yielded from the UNHCR camp o�cers’ expert group. The experts who participated

in the questionnaire can be categorized into two groups, as summarized in Table 4.3 based on the

field of expertise: the ”Hazard Modelling Group” (Expert IDs: 01-06) and the ”Humanitarian Group”

(Expert IDs: 07 - 11). A list of the experts and their areas of expertise can be found in Appendix A.

Table 4.3: List of expert groups for the AHP weighting.

Categorization of expert groups and their respective fields of expertise

Hazard Modelling Group:
Expert IDs: 01-06

– Natural Hazards Modeling and GIS
– Climate Change research
– Disaster Management

Humanitarian Group:
Expert IDs: 07-11

– Refugee Climate Risk
– Humanitarian Aid
– Interdisciplinary fields

For the subsequent analysis, each participant received a unique ID, and their questionnaire results

were transformed into three separate pairwise comparison matrices (PCM). These matrices illustrate

the hierarchical structure of the AHP, depicting indicator components and their levels, whereby two

matrices are created for level 2 comparisons and one for level 1 comparisons, respectively. Each cell

in a PCM thereby indicated the degree to which one indicator outweighs another concerning their

importance towards the defined target (Saaty, 1977), here the overall flood vulnerability. Within

this AHP matrix, the factor on the vertical axis is considered more important than the one on the

horizontal axis, leading to scores ranging from 1 to 9. Conversely, the reciprocal values, ranging from

1/2 to 1/9, are assigned to the horizontal axis factors. The relative scale of importance is summarized

in Table 4.4, showing the Linguistic scale of importance as well as the assigned priority ranks.

Table 4.4: Scale of Relative Importance of AHP ranks, their reciprocals and respective Triangular
Fuzzy Number (TFN) scale (for further explanation see Chapter 4.1.8.7).

.
Linguistic Scale of Importance AHP Priority Rank Reciprocal TFN scale

Equal importance 1 1 (1, 1, 1)
Moderate importance 3 1/3 (2, 3, 4)
Strong importance 5 1/5 (4, 5, 6)
Very strong importance 7 1/7 (6, 7, 8)
Extreme importance 9 1/9 (9, 9, 9)
Intermediate values 2,4,6,8 1/2, 1/4, ... (1, 2, 3), (3, 4, 5), ...
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4.1.7.2 Geospatial datasets

Based on the index development phases and, in particular, the selection of the eight final flood vulner-

ability indicators based on the predefined selection criteria, data is collected to quantify the indicator

values. These geospatial datasets can be categorised into global and local data. As summarized in

Table 4.2, global data is used to derive values for indicators SOC1, SOC4 and PHY1, whereas local

data is used for SOC2, SOC3, PHY1, PHY2 and PHY3.

4.1.7.3 Global data

The initial data search prioritized open-source global datasets that align with the defined indicator

criteria (Table 4.1). These datasets are chosen because they support the reproducibility of the index

at a global scale, facilitating the comparison of data across di↵erent regions. Additionally, the use of

freely available and global datasets aligns with the goals of the Flood Risk Mitigation for Humanitarian

Settlements project (Rohling et al., 2023), which aims to map flood risk in refugee camps worldwide.

By employing these datasets, the index ensures both the accessibility and comparability of the data.

Buildings: The Open Buildings dataset (v3 polygons) from 2023 is used, which is created from satellite

imagery of 50 cm resolution, where deep learning algorithms are used to detect building footprints. The

outputs were trained and tested for di↵erent housing categories, including rural, urban, and towns, as

well as settlements for refugees or internally displaced people. The resulting dataset contains building

polygon geometries and information about the confidence score assigned to each detected building.

The accuracy of the dataset is thereby influenced by the completeness and actuality of the data as

well as the detection errors of the model (Sirko et al., 2021).

From the Open Buildings dataset, the following indicators are derived as described:

– SOC1: Population density

– SOC3 and PHY3: Geometries of facility buildings

– PHY1: Geometries of shelters

Population density: Rasterized global population maps are commonly used to quantify the e↵ects of

population density on flood vulnerability in national or regional flood risk assessments (Bernhofen

et al., 2022). However, Bernhofen et al. (2023) demonstrate in a recent paper that such global

population datasets do not accurately capture the camp populations. In fact, they claim that even

the most accurate global population datasets available, on average, overlook three-fifths of the actual

camp population exposed to flooding. To counteract this mismatch, Bernhofen et al. (2023) propose

an alternative method for representing the exposed camp population by integrating reported camp

population estimates with building footprints, which is used here to map the dynamic camp population

most accurately. Therefore, the Open Buildings global dataset is used as the camp building footprint,

filtered to contain only residential shelters, and augmented with the latest UNHCR camp reports

information on the actual camp population. The camp population is thereby distributed evenly across

the shelters within the camp boundary.

Roads / Transport: To quantify the roads and transport vulnerability indicator, the OpenStreetMap

(OSM) Highways dataset is used. OSM provides open-access road data, which is frequently updated

by a global community of contributors (OpenStreetMap contributors, 2017). This makes it a valuable

resource for conducting flood vulnerability assessments, especially in areas where o�cial data may be
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limited or outdated. OSM refers to any road, route, or path on land that connects di↵erent locations

as ”Highways”. It includes any route that has been paved or improved, even if just by frequent use,

allowing travel by motorized vehicles, cyclists, pedestrians, horse riders, and more (excluding trains,

which are covered under Railways). The highway dataset is further classified into di↵erent highway

categories. Within the refugee camp environment, the classes ”Roads” and ”Paths” are of main

interest, including road tags such as:

– Roads: motorway, trunk, primary, secondary, tertiary, unclassified, residential, service

– Paths footway, cycleway, bridleway, path, steps, escalator

The OSM Highways dataset is used to derive indicator layer PHY4.

Land Use: The land use indicator can be derived from the Global Land Cover and Land Use

(GLCLUC) dataset (Potapov et al., 2022). This dataset, sourced from the Landsat archive, pro-

vides comprehensive global coverage of land cover and land use changes from 2000 to 2020. The

open-source dataset contains gridded data with a resolution of 30 meters. It includes detailed classifi-

cations of various land use types such as agricultural land, tree cover, protection forests, and sensitive

ecological areas. Integrating this dataset helps to accurately quantify and analyze the socioeconomic

significance of di↵erent land uses within the study area. Alternatively, o�cial UNHCR camp layout

maps can be used for additional spatial land use information or the validation of the GLUCLUC data

in the given study area.

4.1.7.4 Local data

Integrating local data alongside global datasets is crucial for enhancing the accuracy and relevance

of flood vulnerability assessments. Bernhofen et al. (2023) emphasize the importance of augmenting

global data with local information to comprehensively evaluate flood risks and flood vulnerability in

refugee camps. To construct the HFVI, local data is used to derive categorical indicators, such as the

existence of Vulnerable Groups (SOC2) or Facilities of physical vulnerability (PHY3). However, as

local datasets are in general not (freely) available for refugee camp areas due to their remote locations

and rapid changes in camp conditions and environment (Bernhofen et al., 2023; Owen et al., 2023),

local information is gained from o�cial UNHCR camp site maps or from local knowledge through

interviews or participatory mapping with experts, sta↵ or residents of refugee settlements.

Local data and participatory knowledge are used for the following vulnerability indicators:

– SOC2: Presence of especially vulnerable groups

– SOC3: Classification of facilities of social importance

– PHY1: Classification and location of shelter types

– PHY2: Presence of critical infrastructure

– PHY3: Classification of facilities of physical importance

4.1.8 Weighting and uncertainty incorporation

The weights obtained through the AHP questionnaires serve as critical inputs for weighting and

aggregating the individual indicators to form the HFVI. This process ensures a robust and balanced

portrayal of vulnerability factors based on expert opinions. Subsequent sections elaborate on detailed
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insights into the AHP methodology, the weight calculation and the fuzzification procedure.

4.1.8.1 The Analytical Hierarchy Process (AHP)

The Analytical Hierarchy Process (AHP) stands out as an ideal methodology for prioritising multi-

attribute decision problems due to its ability to handle both qualitative and quantitative data, ac-

commodating various criteria, here also called indicators. Its popularity stems from its simplicity in

obtaining criterion weights and its capability to integrate heterogeneous data, particularly in situa-

tions where specifying exact relationships among numerous evaluation criteria is challenging (Y. Chen

et al., 2013; Yang et al., 2013), as is the case for flood vulnerability in refugee camp settings. AHP’s

reliance on pairwise comparisons enhances the reliability of criterion weight determination compared

to direct weight assignments, as it simplifies the process by facilitating attribute comparisons (Torfi

et al., 2010).

The AHP commonly involves four operational steps to systematically make decisions and establish

priorities (Ganji et al., 2022; Ouma & Tateishi, 2014; Saaty, 1977, 2008; Zahedi, 1986). In the first

step, a decision hierarchy is conceptualized based on the defined goal of the underlying problem at

the highest level, with further criteria and sub-criteria defined on lower levels upon which the goal

depends (Saaty, 2008). This hierarchical structure has already been established for the HFVI during

the conceptual index development phases as a subsequent step of the final indicator selection. The

second step of the AHP involves pairwise comparisons of these criteria to assign relative importance

values, as previously discussed in the AHP survey section. Following this, the ”eigenvalue” method

is used in the third step to calculate the relative weights of all indicators. Finally, these values are

aggregated in a fourth step to derive a final set of indicator weights (Zahedi, 1986).

4.1.8.2 Mathematical derivation of AHP weights

This section focuses on the mathematical steps to calculate the indicator weights based on the con-

structed AHP hierarchy. The following derivation is guided by the research from (Ouma & Tateishi,

2014; Saaty, 1987, 2008). All processing steps to assess the final indicator weights based on the AHP

survey data are performed in R using the ”ahpsurvey” package (Cho, 2019), developed for AHP survey

data analysis. The code can be found in the HFVI repository in the ”AHP.Rmd” file.

As a first data processing step, each participant’s collected individual priority scores from the com-

pleted AHP questionnaires are analyzed, where C is the evaluated set of indicator components per

AHP hierarchy level, here denoted as criteria.

C = {Cj | j = 1, 2, ..., n} (4.1)

Each criterion j in the set of C is compared to every other criterion i. Consequently, three independent

positive reciprocal pairwise comparison matrices (PCMs) are constructed for each participant, depict-

ing the respective AHP hierarchy levels (SOC, PHY and DOM), where n is the number of criteria.

The resulting PCM can be presented as an n x n matrix A.
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A =

C1 C2 · · · Cn

C1

C2
...

Cn

2

66664

a11 a12 · · · a1n

a21 a22 · · · a2n
...

...
. . .

...

an1 an2 · · · ann

3

77775

with aii,= 1, aji = 1/aij , aij 6= 0 (4.2)

Each element aij (where i,j = 1,2, ..., n) in the matrix represents the importance or priority assigned to

criterion Ci compared to criterion Cj . These matrix elements, denoted as aij , represent the quotients of

relative importance and inherently possess positive values (Ouma & Tateishi, 2014). In case criterion

i, which is stored in the row, is believed to have higher priority compared to the criterion j in the

column, the quotient is noted as an integer value aij 2 [1,9]. In contrast, a lower priority of the row

criterion compared to the column will be noted as reciprocal value aji = 1/aij 2 [12 ,
1
9 ]. In case of

equal importance (main diagonal elements), the quotient will be given the value 1 (Saaty, 1977). As a

further step, the column values are normalized using the following formula (Ouma & Tateishi, 2014)

so that all columns add up to 1:

rij =
aijPn
i=1 aij

(4.3)

4.1.8.3 Individual and aggregated criteria weights

Next, the relative criteria weights are analyzed for each participant and PCM. The individual criteria

weights are derived by computing the right eigenvector (v), which corresponds to the largest eigenvalue

(� max) as given in Equation 4.4, where Aw depicts the weighted matrix.

Aw = �maxv (4.4)

To calculate the right eigenvector v, the normalized matrix elements rij are averaged across each

row (Torfi et al., 2010) using the ahp.indpref function. The result is a set of 11 individual criteria

weights for each vulnerability indicator of each comparison level. The individual criteria weights

can be compared in a later step to assess di↵erences in participants’ priorities and inconsistencies.

Additionally, the aggregated criteria weights are computed by aggregating the individual priorities

of all participants. The aggregation is done by calculating the arithmetic mean of the individual

responses using the ahp.aggpref function from the ahpsurvey package.

4.1.8.4 Consistency analysis

Saaty (1980) has demonstrated that the eigenvalue � max is always higher or equal to n, which is the

number of indicators components (at one level of the hierarchy). Smaller deviation of � max and n

indicate a higher consistency of the weighting results. In the case of total consistency of the pairwise

comparison results, � max equals n (Ouma & Tateishi, 2014; Zahedi, 1986). With this assumption,

the consistency of the pairwise comparison judgement can be estimated to analyse the quality of the

results. The consistency is determined by the relationship among the entries of a matrix A (Ouma &

Tateishi, 2014), and hence by the answers of the pairwise comparison questionnaire. To evaluate the

consistency of a PCM, the Consistency Index (CI) as given in Equation 4.5 (Saaty, 1980) has been
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computed as a first step, depicting the coherence of the experts’ judgment during the questionnaire

evaluation (Aguarón et al., 2003).

CI =
�max � n

n� 1
(4.5)

Having determined the CI, the final Consistency Ratio (CR) is computed using the ahp.cr function

to conclude the overall consistency of the individual evaluation results. The CR is the ratio of the CI

and the Random Consistency Index (RI). The RI is an average index for randomly generated weights

developed by Saaty (1980). The reference values for the RI with n  10 can be extracted from Table

4.5. The CR value for each individual evaluation result is calculated using Formula 4.6:

CR = CI/RI (4.6)

The value of CR is then compared to a predefined threshold, which depicts the interval in which

the experts’ judgment is accepted to fluctuate in consistency (Torfi et al., 2010). In the literature,

a threshold of CR = 0.1 is widely accepted, where smaller values close to zero illustrate higher con-

sistency. Therefore, here the consistency threshold is also set to CRT = 0.1. In case of a threshold

exceedance, the results should be ignored or reevaluated to resolve inconsistencies in the pairwise

comparison (Aguarón et al., 2003; Zahedi, 1986).

Table 4.5: Reference table for RI values, adopted from Saaty (1980).

n 1 2 3 4 5 6 7 8 9 10

RI 0 0 0.58 0.90 1.12 1.24 1.32 1.41 1.45 1.49

4.1.8.5 Dealing with inconsistency

After evaluating the consistency of the rank values, inconsistencies are identified in the individual

PCMs to analyse the source of these inconsistencies and improve the overall weighting results. To

identify such inconsistent responses, the sample matrices are compared with a perfectly consistent

Saaty matrix generated from preference weights calculated using the dominant eigenvalue method to

identify those inconsistencies in pairwise comparisons. This comparison is facilitated by the ahp.error

function, which iterates through all individual PCMs, providing a list of error consistency matrices and

the mean consistency error for each matrix. The function ahp.pwerror automates the process further

by extracting the pairwise comparison with the maximum inconsistency error, thereby returning a list

of each participant’s most inconsistent pairwise comparisons. Additionally, it generates a data frame

highlighting the top three most inconsistent pairwise comparisons for each participant, which helps to

find criteria pairs with the most frequent judgment errors (Cho, 2019).

4.1.8.6 Transforming inconsistent PCMs

Having identified the data inconsistencies, the next step involves transforming inconsistent PCMs to

derive more reliable criteria weights. While some studies suggest reevaluating survey results based

on inconsistent participant feedback (Brito et al., 2018), such reassessment was deemed too time-

consuming for the experts within the context of this thesis. Alternatively, other studies have developed

methods to autonomously adjust inconsistent PCMs for rectifying inconsistencies in AHP studies when
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direct interactions aren’t feasible (Pascoe, 2022). Through stochastic simulation, (Finan & Hurley,

1997) discovered that adjusting the pairwise comparison matrix post hoc to enhance consistency also

enhanced the reliability of preference weights. Subsequently, several algorithms have been devised to

adjust the preference matrix to minimize inconsistency.

Saaty (2003), for example, proposes the so-called Harker’s algorithm. Harker’s algorithm aims to

improve the consistency of pairwise comparison matrices in the Analytic Hierarchy Process (AHP). It

starts by identifying the entry in the matrix that is farthest from ideal consistency (pairwise comparison

with max. error). To identify such entries, Harker suggests calculating a new matrix where each

element is the result of dividing the original matrix element by the product of the corresponding row

and column weights. Once the entry with the largest value in this new matrix is found, the algorithm

focuses on improving the judgment associated with this entry by replacing the max. error by 0,

eliminating the influence of the inconsistent judgment on the overall comparison. The corresponding

diagonal entries are replaced with 2. In a pairwise comparison matrix, the diagonal entries should

indicate perfect consistency as those entries represent the comparison of each criterion with itself.

Assigning a value of 2 to the diagonal entries ensures that each criterion remains consistent with itself,

maintaining the relative importance of criteria in the overall comparison process Harker (1987).

To compute the Harker’s adjustment, the ahp.harker function from the ahp.survey package (Cho, 2019)

is used to transform inconsistent PCMs by iterating through the individual PCMs. The ahp.harker

function thereby replaces inconsistent PCMs by iterating through the most inconsistent comparison

pairs. The iteration parameter determines the number of pairwise comparisons to be modified. For

instance, when iterations = 3, ahp.harker adjusts the top three most inconsistent pairwise comparisons.

The number of maximum iterations is thereby based on the number of matrix elements n and can be

determined by calculating

nmax,iter =
n ⇤ (n� 1)

2
(4.7)

However, it should be considered that each adjustment leads to some loss of information. Therefore,

after a comparative analysis of the iteration results, the number of iterations is set to the minimum

value, at which the number of inconsistent values did not change. Also, the algorithm is set to stop the

iteration when a consistency ratio of CR = 0.1 is reached (Cho, 2019). Essentially, Harker’s method

involves pinpointing the most problematic comparison, adjusting it to match the overall comparison

pattern better, and recalculating weights to ensure consistency.

After optimizing the individual PCMs using Harker’s adjustment, new CR values are calculated and

compared to the consistency threshold of CRT = 0.1. Answers that are still inconsistent are filtered

out and not considered when calculating the aggregated criteria weights.

4.1.8.7 The Fuzzy Analytical Hierarchy Process

Despite the e↵ectiveness and popularity of the AHP to handle multi-criteria problems, the method

has been criticised in the current literature for its inability to deal with uncertainty and imprecision.

Using the traditional AHP approach for pairwise comparison and criteria weighting evaluation assumes

that the experts can make a numerically unambiguous judgement, whereas in reality, their preferences

are uncertain or imprecise. Given the already vague definition of flood vulnerability, the underlying

decision problem is di�cult to evaluate using crisp numbers of priority ranks. In fuzzy logic, crisp
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numbers refer to values that are not fuzzy or uncertain but rather deterministic. Fuzzy logic allows

for representing degrees of truth, enabling statements to be partially true or partially false rather than

strictly true or false. This multi-valued approach in fuzzy logic contrasts with the traditional binary

logic, providing a more nuanced and flexible framework for reasoning and decision-making (Metzger

et al., 2018). The concept of crisp values is fundamental in understanding the transition from classical

logic to fuzzy logic, where the boundaries between truth values become blurred, allowing for a more

realistic representation of uncertainty and vagueness in various applications (Pinheiro et al., 2018).

Therefore, an extended method of the traditional AHP is used to represent the fuzzy multi-attribute

environment of the flood vulnerability concept through fuzzy logic, called the Fuzzy Analytic Hierarchy

Process (FAHP) (Torfi et al., 2010). The R code containing the FAHP weight calculations can be

found in the ”FAHP.Rmd” file on the HFVI repository.

In contrast to the traditional AHP method, the FAHP is able to tolerate inherent uncertainty and

vagueness stemming from human decision-making, potentially enhancing the accuracy and reliability

of the results (Roy et al., 2023). The FAHP methodology was introduced by Chang (1996) and is

based on the Fuzzy set theory developed by Zadeh (1965). A fuzzy set is thereby defined as a group

of objects with an associated degree of membership between 0 and 1. The degree is described by a

membership function, which expresses how strongly an object belongs to the set (Yang et al., 2013).

On the contrary, crisp set objects have a membership degree of either 0 or 1 (Delavar & Sadrykia,

2020). Within the Fuzzy set theory, a Triangular Fuzzy Number (TFN) is expressed by a lower bound

(l), a modal value (m), and an upper bound (u) and denoted as A = (l, m, u). The upper and lower

bounds thereby specify the interval fuzzy degree, while m depicts the most probable risk value. The

associated membership function is defined as in Equation 4.8 and can be plotted as illustrated in

Figure 4.5.

µA(x) =

8
>>><

>>>:

(x�l)
m�l l 5 x 5 m

x�u
m�u m 5 x 5 u

0 otherwise

(4.8)

1

0
l m u

Figure 4.5: Triangular fuzzy number membership function.

Implementing the membership function from Equation 4.8, the individual TFNs can be derived directly

from the assigned crisp AHP ranks (1-9) as illustrated in Table 4.4 (in Section 4.1.7.1), where the

initially assigned AHP priority rank (1-9) will become the modal TFN value m, with l and u depicting

the neighbouring priority ranks. Accordingly, the individual PCMs of the traditional AHP are fuzzified

with respect to the TFN scale (see Figure 4.6, resulting in PCMs constructed from fuzzy numbers

(Ganji et al., 2022; Mosadeghi et al., 2015; Roy et al., 2023), here denoted as fuzzy PCMs or FPCMs.

An example of a transformed FCPM can be seen in Table 4.6.

The FAHP methodology proposed by Fozaie and Wahid (2022) is adopted to obtain the fuzzy weights,

which o↵ers guidance to researchers aiming to enhance expert weights. To determine the fuzzy weights
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Figure 4.6: Triangular fuzzy number membership functions and scale of importance.

Table 4.6: Example of a fuzzified AHP PCM (FPCM) for the social vulnerability indicators
containing assigned ranks as fuzzy numbers

Indicator SOC1 SOC2 SOC3 SOC4

SOC1 (1, 1, 1) (1/7, 1/6, 1/5) (1/8, 1/7, 1/6) (1/2, 1, 2)
SOC2 (5, 6, 7) (1, 1, 1) (1/2, 1, 2) (6, 7, 8)
SOC3 (6, 7, 8) (1/2, 1, 2) (1, 1, 1) (6, 7, 8)
SOC4 (1/2, 1, 2) (1/8, 1/7, 1/6) (1/8, 1/7, 1/6) (1, 1, 1)

based on the newly generated individual FPCMs, Buckley’s geomean method is implemented (Buckley,

1985). This process involves multiplying the lower bound of the TFN for each column together, raised

to the power of 1/n, where n represents the number of variables. Here, ’l’ denotes the first integer

corresponding to the triangular fuzzy value set l, m, u of indicator i. Mathematically, this is expressed

as the geometric mean and can be derived using Equation 4.9:

rl = [li1 ⇥ li2 ⇥ ...⇥ li1n]
1/n

, analog : rm, ru (4.9)

As an illustration, applying this calculation to column 1 from the example FPCM yields rl = [(1⇥1/7⇥
1/8⇥1/2)]1/4 = 0.3074. The rowsum of each indicator is calculated. This step is then repeated for the

m and u values to obtain rl, rm, and ru, where the geometric mean is calculated for each individual

indicator i. As a next step, the fuzzy weights are obtained for each indicator, reflecting their relative

importance. By multiplying the inverse of the sum of each column ri with the corresponding values in

column ri, this step e↵ectively normalizes the weights and ensures that they sum up to 1, making them

suitable for use in the subsequent analysis. After completing this step for each individual indicator, the

resulting output comprises three columns representing the fuzzy weights (wl, wm, wu) of the triangular

fuzzy sets. The further step in the FAHP method involves the defuzzification and normalization of the

fuzzy indicator weights. Therefore, the arithmetic mean is calculated by averaging the fuzzy weights

for each indicator i. (Fozaie & Wahid, 2022). The described FAHP procedure is then applied to all

individual PCMs stemming from the individual AHP survey responses.

As a last step, the fuzzy as well as the defuzzified indicator weights of the individual expert responses

are aggregated into a mean fuzzy weight and a mean defuzzified weight per indicator. These aggregated

fuzzy indicator weights serve as the final weights to be applied to the composite index following the

application of the FAHP method.
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4.1.9 Indicator aggregation

After determining the individual indicator weights, the next crucial step is integrating the spatial

data to apply the Humanitarian Facility Vulnerability Index (HFVI) to any camp using an MCDA

approach. This involves creating individual raster layers for each vulnerability indicator as proposed

by (Y. Chen et al., 2010; Radmehr & Araghinejad, 2015). The chosen raster resolution is 30 meters

per grid cell, which allows the HFVI to capture local di↵erences and spatial patterns within a camp.

The final HFVI is computed using a weighted linear combination, incorporating the determined FAHP

weights.

4.1.9.1 Raster calculations

Table 4.7: Vulnerability ranks of indicators subcategories: 0 = no vulnerability, 1 = low
vulnerability, 2 = moderate vulnerability, 3 = high vulnerability.

Indicator Name Subcategory Rank Indicator Name Subcategory Rank

SOC1 Population Density - -

PHY2 Critical Infrastructure

Fragile Building Infrastructure 3
Sanitary Infrastructure 3

SOC2 Vulnerable Groups
Presence of vulnerable groups 3 Water Tanks 3
No presence of vulnerable groups 0 Drainage System 2

SOC3
Facilities of
social importance

Schools and ECD 2 Communication Infrastructure 3
Health Center 3 Power Station Infrastructure 3

Cultural Facilities 2

PHY3
Facilities physical
vulnerability

Schools and ECD 2
Youth/women Center 2 Health Center 2
Administrative Facilities 2 Cultural Facilities 3
Security 3 Youth/women Center 2
Nutrition Center 3 Administrative Facilities 2
Distribution Center 2 Security 2

SOC4 Land Use

Built-Up 0 Nutrition Center 2
Vegetation and Water 0 Distribution Center 2

Open Space 2

PHY4 Roads

Residential Road 2
Agricultural land 3 Service Road 3

PHY1 Shelter Type

Emergency Shelters 3 Path 1
Transitional Shelters 2 Footway 1
Durable Shelters 1 Bridge 3
Abandoned 0 unclassified 1

The process begins by quantifying and normalizing the individual indicator layers to obtain raster

values ranging from 0 to 1. Quantification of the indicator values is conducted on a raster cell basis,

where each cell represents counts of elements, densities, or the presence of elements, depending on

the indicator. For indicators that can be directly quantified by numerical values (such as population

density), values are normalized and classified into vulnerability classes based on equal intervals, with

higher densities indicating higher vulnerability. For indicators of a categorical nature, sub-categories

(e.g., di↵erent facility or road types) are first assigned predefined vulnerability ranks partly based

on the evaluated ranks outlined by Rohling et al. (2023). Table 4.7 summarises selected indicator

subcategories and their assigned ranks. The occurrence of each category per grid cell is then counted,

and a weighted sum of the relative categories is calculated using these vulnerability ranks. The

resulting raster values are subsequently normalized to a scale of 0 to 1. As an additional step,

these normalized indicator values are categorized into four vulnerability classes: ”NONE” (0 or no

vulnerability), ”LOW” (1 or low vulnerability), ”MODERATE” (2 or moderate vulnerability), and

”HIGH” (3 or high vulnerability).
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4.1.9.2 Weighted Rraster overlay

Spatial raster overlay using the weighted linear combination is a widely used method in Multi-Criteria

Decision Analysis (MCDA) for spatial modelling and analysis. This technique involves integrating

the individual raster layers of social and physical vulnerability indicators, assigning weights to each

layer based on the evaluated FAHP results, and overlaying them to construct the composite HFVI

(Hussain et al., 2021; Ndabula & Oyatayo, 2021). The spatial overlay process consolidates all spa-

tial data into a single map layer. First, all physical indicators are overlaid to produce a composite

physical vulnerability layer, while all social indicators are combined to create a social vulnerability

layer. These two layers are then overlaid to construct the final HFVI, resulting in a comprehensive

flood vulnerability map incorporating physical and social factors. Social and physical vulnerability

dimensions weights are also defined based on the experts’ judgment on their relative importance to

the overall flood vulnerability. Therefore, the HFVI is computed using the following formula:

HFV I = wSOCdim ⇥
"

nX

i=1

(soci ⇥ f w soci)

#
+wPHYdim ⇥

2

4
mX

j=1

�
phyj ⇥ f w phyj

�
3

5 (4.10)

where;

– wSOCdim and wPHYdim are the FAHP weights for the vulnerability dimension SOC and PHY

– soci represents the raster for the i-th social indicator.

– f w soci is the FAHP weight for the i-th social indicator.

– phyj represents the raster for the j-th physical indicator.

– f w phyj is the FAHP weight for the j-th physical indicator.

– n is the total number of social indicators.

– m is the total number of physical indicators.

The HFVI values range from 0 to 1, where values close to 1 depict high relative flood vulnerability,

and low values near 0 represent no flood vulnerability. Based on the given HFVI equation, the

vulnerability of the social and physical dimension can also be calculated and mapped separately, only

taking into account the individual addends without their dimensions weight, resulting in a HFVISOC

and a HFVIPHY .

HFV ISOC =
nX

i=1

(soci ⇥ f w soci) (4.11)

HFV IPHY =
mX

j=1

�
phyj ⇥ f w phyj

�
(4.12)

4.1.10 Sensitivity analysis and uncertainty incorporation

To analyze the HFVI weights’ sensitivity and identify areas of potential uncertainty, sensitivity analysis

using the One-At-a-Time (OAT) method developed by Daniel (1973) is employed. This method aims
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to ensure the robustness of the flood vulnerability assessment by testing the stability of the weights

assigned to di↵erent indicators (Y. Chen et al., 2010). This is done by varying one indicator’s weight

at a time while keeping the others constant and observing the impact on the overall vulnerability map

(Archer et al., 1997; Crosetto & Tarantola, 2001). The first step in carrying out OAT is to define a

feasible range within which the weight changes can deviate. The range can be defined as a bounded

set of discrete percentage changes, known as the Range of Percent Change (RPC), from the original

criterion weight value used in the base run. A single range can be applied to all criteria, or di↵erent

ranges can be specified for each criterion as needed (Y. Chen et al., 2010). To take into account

the uncertainty in the indicator weights, which were evaluated through the experts’ consultation, the

RPC values are adopted to represent the spread in the bounds of the calculated fuzzy weights (wl,

wm, wu) of the triangular fuzzy sets before defuzzification. Therefore, the lower and upper bounds of

the fuzzy weight are used as bounds for each indicator’s RPC spread: RPCmin = wl and RPCmax

= wu. Integrating fuzzy numbers into the OAT methodology within MCDA is a novel approach not

previously found in the literature. Consequently, the results of applying this FAHP-OAT method are

thoroughly reviewed and discussed in the subsequent chapters of this thesis.

For the further realisation of the OAT method, the theoretical procedure described by Y. Chen et al.

(2010) is followed. A series of evaluation runs is conducted where each criterion weight is altered in

increments of percentage change (IPC), defined here as plus or minus 1%, across its feasible range.

During this process, the weights of the other indicators are adjusted proportionally to satisfy the

additivity constraint, ensuring that all indicator weights at any percentage change (PC) sum to one.

The total number of simulation runs is then calculated as in Equation 4.13:

Runs =
nX

i=1

ri and wl  PC  wu (4.13)

where n is the number of indicators, and ri is the number of IPCs within the RPC of each indica-

tor i. When adjusting the weight of a specific indicator as the main changing criterion cm under

consideration, its weight W (cm, pc) at a particular PC level can be calculated using the formula:

W (cm, pc) = W (cm, 0) +W (cm, 0)⇥ PC, 1  m  n (4.14)

Here, W (cm, 0) represents the weight of the main changing criterion cm in the base run.

To ensure the additivity constraint is satisfied, the weights of the other criteria W (ci, pc) are adjusted

proportionally based on the weight W (cm, pc) calculated above:

W (ci, pc) =
(1�W (cm, pc)) ·W (ci, 0)

(1�W (cm, 0))
, i 6= m, 1  i  n (4.15)

where W (ci, 0) is the weight of the i-th criterion ci in the base run.

By varying the weight of the main changing criterion across di↵erent IPCs within the fuzzy RPCs, a

series of evaluation maps are produced for each simulation run. These maps, along with a summary

table for each criterion, quantify the changes in both input weights and evaluation outcomes in the

geographical space (Y. Chen et al., 2010).

The outlined methodology for implementing the OAT method can be realized in R utilizing spatial
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indicator raster data. A novel R package termed SpatMCDA developed by H. Wang et al. (2024) is

employed to facilitate this process. SpatMCDA represents an innovative toolset initially crafted for

evaluating areas at risk of infectious diseases through spatial multi-criteria decision analysis (MCDA).

This package proves particularly advantageous in scenarios characterized by limited data availability.

Notably, SpatMCDA incorporates an intrinsic function named ”oat,” which facilitates the execution

of the aforementioned methodology. Consequently, it empowers users to generate a comprehensive

uncertainty map, illustrating spatial weight uncertainty within the decision-making framework (H.

Wang et al., 2024).

4.2 Mahama Case Study

The case study serves as a real test environment that allows the developed HFVI to be implemented

in the specific context of a selected refugee camp and its functionality to be evaluated. The aim of

the case study is to test and analyze the index results and its performance. In addition, the case

study helps to illustrate the spatial data processing steps required when implementing the HFVI in

any camp worldwide. The HFVI is applied using the global and local geospatial datasets described

in the conceptual part of the index development (Section 4.1.7) and is implemented for the Mahama

refugee camp in south-eastern Rwanda near the border with Tanzania (UNHCR, 2023a). Within the

Flood Risk Mitigation for Humanitarian Settlements project, a case study was already conducted in

the Mahama Refugee camp during the summer of 2022 to test the developed GIS tool. Through par-

ticipatory workshops involving the Mahama camp o�cers, local data has been collected by Kaufmann

et al. (2022), which are used within this case study.

4.2.1 Study area

Mahama Refugee Camp is located in Kirehe District, within Rwanda’s Eastern Province. Established

in 2015, the camp today spans 160 hectares and is, therefore, the largest refugee camp in the country.

Mahama refugee camp hosts approximately 62’500 refugees, predominantly from Burundi. The camp’s

population is notably young, with around 51% under the age of 18. Managed by Rwanda’s Ministry

of Emergency Management (MINEMA) in collaboration with the United Nations High Commissioner

for Refugees (UNHCR), the camp is divided into two sites, Mahama I and II, and further subdivided

into 18 villages. Mahama camp o↵ers comprehensive services, including health care, education, and

various livelihood programs, facilitated by multiple humanitarian partners. More relevantly, the region

is susceptible to seasonal flooding, impacting both the refugee and local communities, necessitating

ongoing disaster risk management initiatives (UNHCR & MINEMA, 2023).

According to the Global Facility for Disaster Reduction and Recovery (GFDRR), river flood hazards

in Kirehe are classified as high based on modelled flood information. This indicates that potentially

damaging and life-threatening river floods are expected to occur at least once in the next ten years

(GFDRR, n.d.). Project planning, design, and construction methods must account for this high level

of river flood hazard. Additionally, surface flood hazards in both urban and rural areas may also be

possible in this region and should be considered alongside river flooding when planning urban projects

(GFDRR, n.d.). Kirehe District has faced significant challenges in recent years due to various climate

hazards, including prolonged droughts and recent heavy rainfall. These conditions have heightened

the risk of unprecedented run-o↵s, leading to potential flooding and landslides. The consequences

have been devastating, destroying homes, eroding topsoil, and submerging crops. Among the severely
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a↵ected areas is also the Mahama sector. The latest flooding event occurred in 2019, where severe

flooding a↵ected local communities and agricultural lands (FAO, 2023). The refugee camp, housing

tens of thousands of refugees, is located near the Kagera River, making it susceptible to flooding,

especially during periods of heavy rainfall and because of inadequate drainage systems (Nsengiyumva,

2012). According to the researchers of the project for Flood Risk Mitigation in Humanitarian Settle-

ments, UNHCR o�cers have stated in joint discussions that the camp is a↵ected by regular flooding.

Such disaster situations can exacerbate the already challenging living conditions for the refugees, many

of whom are vulnerable populations, including women, children, and the elderly.
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Map source: UNHCR 2023, Rwanda 
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Figure 4.7: Left: Rwanda Map (UNHCR, 2023a). Right: Mahama Refugee Camp and camp
boundary (ESRI World Image).

4.2.2 Application of the HFVI on the Mahama refugee camp

The code for the HFVI application to the Mahama case study, which includes quantifying the vul-

nerability indicators using rasterized data and spatially overlaying them to create the HFVI, can be

found on the GitHub repository in the R markdown ”HVFI.Rmd.”

4.2.2.1 Data preprocessing

Before implementing the developed procedure of the HFVI, the geospatial data is preprocessed in

ArcGIS Pro. ArcGIS Pro is utilized for data preprocessing due to the program’s simplicity in digitizing,

correcting and visualizing spatial data. As some local vulnerability indicator elements are derived

from the latest UNHCR camp layout map or from the spatial information based on the maps from

participatory workshops, these maps must be georeferenced to the Mahama camp extent. For this

purpose, the latest Mahama camp layout map (UNHCR, 2020) (attached in the Appendix A) is used.

The georeferenced camp layout facilitates digitising elements such as the camp boundary, facility

areas, and the classification of sanitary units and land use information. Spatial information from the

participatory mapping workshops conducted in 2022 is digitized into polygons, highlighting locations
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Figure 4.8: Processed vector data inputs for the HFVI mapping in the Mahama Refugee Camp.

where especially vulnerable individuals are housed and where shelters or facilities are abandoned or

in poor condition. Facility areas are digitized as polygons and classified into di↵erent facility types

based on the campsite map legend (UNHCR, 2020). These attributes are categorized into the defined

facility type categories, as summarized in Table 4.7 (see Section 4.1.9.1. Subsequently, the global

buildings dataset (Sirko et al., 2021) is clipped to the camp boundary extent and then divided into

facility buildings and shelters by removing the facility areas from the building polygons using the

Erase geoprocessing tool in ArcGIS Pro. Sanitary units are filtered out using an area threshold to

di↵erentiate between residential shelter buildings and sanitary units. This procedure results in three

distinct building feature classes: residential shelters, facility buildings and sanitary units. Additionally,

apparent errors in the building’s dataset are corrected by comparing the polygons with the ESRI World

Image Satellite Basemap from December 2022 and the camp map layout, removing inaccuracies. The

attribute tables of each feature class are populated with the relevant information and their associated

sub-categorization. After completing these steps, the processed data is saved and exported as shapefiles

for further spatial operations in R. The resulting vector data used as inputs for the HFVI calculation

are visualized in Figure 4.8.

4.2.2.2 Calculation of gridded indicator layers

As the HFVI index is conceptualized as a raster-based index depicting spatial patterns in raster cell

information, the vector-based shapefiles containing the spatial information of the indicator elements

and their subcategories are quantified into gridded data layers. Therefore, a 30x30-meter resolution
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grid is created using the bounding box of the Mahama camp. This grid layer is utilized in the following

steps to calculate grid-based metrics quantifying the spatial behaviour of the individual vulnerability

indicators within the Mahama refugee camp. Finally, all layer values are normalized to a scale between

0 and 1 to enable spatial overlay, ensuring the results are standardized and comparable across di↵erent

grid cells.

Population Density (SOC1): As previously mentioned in Section 4.1.7, global population datasets

show insu�cient accuracy to depict the small-scale spatial pattern within the refugee camp extent.

Therefore, the methodology by Bernhofen et al., 2023 is adopted to derive the population density for

the Mahama refugee camp by combining building footprint (from the Open Buildings dataset, version

2023 (Sirko et al., 2021)) and population statistics (from o�cial UNHCR reports). According to the

latest figures from September 2023, there are a total of 6,928 shelters in the camp. All residential

shelters in the Mahama camp are uniform and have the same structural design, described as semi-

permanent shelters (UNHCR, 2023a). An average occupancy per shelter is calculated by dividing

the camp population by the number of available shelters. In September 2023, the camp population

was at 6’2486 residents (UNHCR, 2023a). This results in an average occupancy of approximately 8

people per shelter. This number aligns with the UNHCR Mahama camp statistic, which states that

one shelter is designed to accommodate two families. In other camps, where the residential shelters

vary significantly in size, the number of camp residents could be distributed among the shelters by

normalizing them to the area of the shelter. In the next step, the centroids of the shelters are calculated

and joined with the overlaying grid to count the number of shelters per grid cell. By combining the

average occupancy per shelter with the shelter count per grid cell, the population in each grid cell can

be estimated, resulting in a gridded layer of population density (number of inhabitants per 900m2)

within the camp extent.

Vulnerable Groups (SOC2): The layer for SOC2 has been obtained as previously described in Section

4.1.7, indicating the presence of especially vulnerable groups within the Mahama refugee camp. The

information about the location of potentially vulnerable groups stems from the before-mentioned

mapping workshop with the Mahama camp o�cers, where the approximate locations were mapped

onto the Camp Layout Map. The mapped locations of the vulnerable groups are, in particular,

mentioned to be areas where older people live (Gairing et al., 2024). Those areas are digitized as

polygons in a later step and joined with the grid. Grid cells intersecting the vulnerable groups’

locations are assigned a value of 1 and the remaining a value of 0. Here, the existence of vulnerable

groups corresponds to a vulnerability rank of 3 / ”HIGH” vulnerability and 0 to rank 0 or vulnerability

class ”NONE”.

Land Use (SOC4): The land use data is obtained from the GLCLUC dataset Potapov et al. (2022),

where the latest raster layer from 2020 is analyzed. The raster layer is, therefore, intersected with

the camp boundaries. When comparing the mapped land use classes with satellite images from 2020

(CNES airbus in Google Earth Engine), it becomes apparent that the GLCLUC dataset can map the

approximate extent of the built-up and cropland area. The dataset matches the spatial resolution of

the index well since it is presented as a 30m resolution grid. In the data set, areas classified as cropland

are categorised as agricultural land and assigned a vulnerability rank of 3 (see Table 4.7). The built-

up areas are assigned a rank of 0, as the vulnerability of these areas is already taken into account in

indicators SOC1 and PHY1. Further, locations of open spaces within the camp (e.g. playgrounds)

are extracted from the Mahama camp site layout (UNHCR, 2020) and assigned a vulnerability rank

of 2. The land use data is then merged with the grid. The available land use class is multiplied by
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the assigned vulnerability rank for each grid cell and then normalised.

Facilities: Social and Physical Vulnerability (SOC3 & PHY3): To quantify the facilities’ social and

physical vulnerability into a raster layer, the same procedure has been followed for both indicators.

Based on the facility vector data, which can be classified into the subcategories based on the Mahama

Campsite layout information (UNHCR, 2020), the facilities are first assigned their associated vulner-

ability rank as provided in Table 4.7. Next, a spatial intersection is performed to determine which

parts of the facility buildings overlap with the grid cells. Given the significant variation in facility

sizes, the areas of each intersection are calculated and grouped by facility category. For each grid cell

and facility category, the total intersection area is calculated and normalized by the total grid cell

area to obtain a relative area per category and grid cell. Subsequently, the relative facility areas per

category are multiplied by the corresponding vulnerability rank to account for the di↵erences in the

facility types’ importance on the physical and social vulnerability. The weighted category values are

summarized per grid cell.

Shelter Type (PHY1): The shelter type layer is calculated using shelter counts per grid cell, which

were already calculated to derive the population indicator. Next, information about the shelter type

is integrated. This information is derived from the participatory mapping workshop with the Mahama

Camp o�cers (Gairing et al., 2024). However, only one area within the camp thereby was mentioned

to have characteristic di↵erences in shelter type. Here, the camp o�cers mentioned the presence of

abandoned shelters, which are structurally sensitive but with uncertain locations. The mapped area is

digitized as a polygon and joined with the shelter density grid. Grid cells containing abandoned shelters

are assigned a rank of 0 to avoid duplicating the impact of fragile infrastructure, as the sensitivity of

these structures is already addressed in PHY2. Due to missing information on the remaining shelters

and their structural types, as well as the uniformity of the shelters within the Mahama camp, shelter

density grid values are not further weighted (rank = 1 for the semi-permanent / durable shelters) in

the case of no additional information of shelter type for a given grid cell.

Critical Infrastructure (PHY2): The critical infrastructure indicator quantifies the presence of fragile

building infrastructure, sanitation network, drainage system, water tanks, communication infrastruc-

ture, and power stations. However, data is only available for the Mahama refugee camp for the first

three sub-categories mentioned. Spatial information on the location of fragile building infrastructure

and drainage channels is extracted from the participatory mapping workshop data. During the work-

shop, camp o�cers at the Mahama camp cited that the drainage channels are particularly vulnerable

points where flooding occurs more frequently (Gairing et al., 2024). The location of the sanitary units

is derived from the UNHCR Mahama camp site layout. Further, the sanitary building network is

quantified as sanitary unit density analogue to the shelter density, calculating counts per grid cell per

area. The final layer for the combined critical infrastructure is then calculated using a weighted raster

overlay that multiplies the quantified grid cells by the assigned vulnerability ranks. The vulnerability

ranks are again assigned to the individual subcategories based on the values from Table 4.7, where

fragile building infrastructure presence is weighted with a vulnerability rank of 3, grid cells spatially

intersecting drainage channels are weighted with a rank of 2 and sanitary units count with a rank of

3.

Roads (PHY4): The ”OSM Highways” dataset is clipped to the Mahama camp boundary to assess

the flood vulnerability of camp roads. The road types are assigned their given vulnerability rank as

defined in 4.7 and are subsequently intersected with the grid. The ranks of existing road segments are
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then summed and normalised for each grid cell. Grid cells with no road intersections are assigned a

vulnerability rank of 0.

The results of the quantification steps of the individual vulnerability indicators are gridded spatial

layers, which are then normalised and transformed into raster layers using the st rasterize function

from the stars package (Pebesma & Bivand, 2023) in R to enable spatial raster overlay. The individual

raster layers cropped to the extent of the Mahama refugee camp boundaries, showing each indicator’s

quantified and normalized vulnerability values. The spatial calculation steps performed are graphically

shown in Figure 4.9.
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Figure 4.9: Spatial processing steps for the computation of the HFVI performed for the Mahama
Case Study.

4.2.2.3 HFVI calculation, mapping and sensitivity analysis

Once the indicator layers are prepared as quantitative normalised vulnerability values on a raster basis,

the HFVI for the Mahama refugee camp can be calculated using the formula described in Equations

4.11 and 4.12 , where the individual social and physical vulnerability indicators are multiplied by

their associated fuzzy AHP weight and then summed to produce a final HFVI raster layer using the

HFVI equation (Equation 4.10). In the final step, the HFVI values are again normalised to a scale

of 0 to 1 and displayed visually on a raster map. In addition, individual maps are created separately

for social and physical vulnerability in order to assess the relative influence of the social and physical

vulnerability dimensions on the overall flood risk and, thus, on the HFVI results.

Furthermore, the results are mapped to assess the spatial patterns visually. Two methods are tested

for the mapping of the final HFVI: Jenks classification and focal smoothing. The Jenks natural breaks

classification is designed to optimize the placement of class breaks by minimizing variance within

classes and maximizing variance between them. This method e↵ectively highlights natural groupings

in the HFVI values, providing a clear and intuitive visualization of areas with distinct levels of flood

vulnerability (J. Chen et al., 2013) In fact, according to (Moreira et al., 2021), Jenks classification

has proven to be the most suitable classification method for classifying flood vulnerability index

values. Here, the HFVI values are categorized into the four vulnerability classes: ”NONE”, ”LOW”,

”MODERATE”, and ”HIGH”. The classification serves two primary purposes. First, it makes the

index values more understandable for decision-makers and UNHCR camp o�cers. Second, categorizing

vulnerability into classes 0 to 3 allows the HFVI to be seamlessly integrated into the Risk Mitigation

Strategy GIS tool developed by (Kaufmann et al., 2022) for further risk calculations, which use the

same classification system. This enables the index to be directly utilized within the tool, enhancing its

practical applicability. Additionally, a focal smoothing filter is used to map a smoothed representation
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of the HFVI. This approach applies a low-pass filter using a 3x3 kernel matrix, where the mean HFVI

value within the 3x3 neighbourhood around each pixel is calculated. This focal filter e↵ectively reduces

noise by averaging out extreme values (Xu & Xie, 2019). The resulting map provides a more continuous

and less fragmented depiction of flood vulnerability and hence accounts for the spatial uncertainty of

the vulnerability values. Ultimately, a final map overlaps the HFVI and uncertainty values.

Based on the resulting spatial HFVI outputs, spatial analysis is performed by calculating spatial

autocorrelation and creating a correlation matrix. Moran’s I is used to measure the degree of spatial

autocorrelation, indicating whether the global spatial pattern of the HFVI is clustered, dispersed, or

random across the Mahama Camp (Anselin et al., 2005). Additionally, a correlation matrix using

Pearson’s correlation coe�cient is created to assess the linear relationships between the di↵erent

vulnerability indicators and their influence on the HFVI (Jackson et al., 2010).

Lastly, the already introduced OAT method (see Chapter 4.1.10 is implemented as a final step to

perform weight sensitivity analysis, assessing and quantifying the weight uncertainty within the HFVI

results.
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5 Results

This chapter provides an overview of the key results and findings of this work. These results form the

foundation for the subsequent discussion aimed at answering the research questions defined in Chapter

1. Specifically, the results aim to support a discussion on how flood vulnerability, as a multidimensional

concept, can be e↵ectively modelled for refugee camps and, with that, to identify the most significant

factors contributing to flood vulnerability within these settings. Further, the spatial results help to

discuss the primary challenges in spatial modelling of flood vulnerability in refugee camp contexts,

proposing potential solutions to overcome these challenges.

The primary focus lies on the outcomes derived from weighting vulnerability indicators through the

experts’ consultation as part of the conceptual Humanitarian Flood Vulnerability Index (HFVI). This

includes a summary of the individual vulnerability preference weights assigned by experts through

the AHP procedure. Following this, the results from the AHP consistency analysis are presented,

culminating in the aggregated AHP weights. Through the implementation of fuzzy logic, resulting

fuzzy AHP weights are presented in a subsequent step, serving as the final input weights for the HFVI

calculation. In the Mahama Case Study context, spatially explicit results are presented, applying the

HFVI with the determined vulnerability indicator weights. Here, individual indicator raster layers are

graphically illustrated. The final HFVI resulting from the spatial overlay of the indicator rasters are

showcased (also presenting individual HFV ISOC and HFV IPHY maps) for further visual assessment.

Subsequently, the chapter presents weight sensitivity and uncertainty analysis results, utilizing the

outputs from the Mahama Case Study. These analyses provide the basis for further discussion on the

performance of the HFVI.

5.1 Conceptual index development

5.1.1 Individual experts’ AHP weights

The assessment of AHP questionnaires regarding the relative significance of individual vulnerability

indicators in refugee camps’ flood vulnerability yields a series of weights for each indicator within the

social and physical vulnerability dimensions.

The experts’ questionnaire responses are transformed into corresponding pairwise comparison matrices

(PCMs). This process generates eleven 4x4 PCMs, each representing a comparison of social indica-

tors’ relative importance concerning flood vulnerability. Likewise, eleven 4x4 PCMs are created to

assess the significance of physical vulnerability indicators. Additionally, the evaluation of vulnerability

dimensions yields eleven 3x3 PCMs. An example of an individual PCM is illustrated in Table 5.1,

summarizing the answers of Expert 4 into the AHP matrix structure. The decimal numbers thereby

represent the reciprocals, illustrating the preference for the column indicator over the row indicator.
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Figure 5.1: Distribution of individual priority weights per vulnerability indicator based on the
AHP-questionnaire results using Saatys eigenvalue method (Saaty, 2003). The jitter points represent
the experts’ priority weights and the Consistency Ratio (CR) value illustrates the consistency of the
experts’ answers. CR values are based on the PCMs of the individual experts (see Table 5.3).

For example, the entry 0.143 in the third row and the second column indicates that SOC3 (Facilities

of Social Importance) is considered 1/7 as important as SOC2 (Vulnerable Groups), indicating ”very

strong importance” of Vulnerable Groups over Facilities of Social Importance.

Table 5.1: Example of transposed PCM for Expert ID 4.

SOC1 SOC2 SOC3 SOC4

SOC1 1.000 0.200 3.000 2.000
SOC2 5.000 1.000 7.000 9.000
SOC3 0.333 0.143 1.000 3.000
SOC4 0.500 0.111 0.333 1.000

Subsequently, the AHP methodology is employed as outlined in the Methods Section 4.1.8.1. The

weights for individual indicators, including the social and physical vulnerability indicators, are com-

puted for all eleven PCMs using the dominant eigenvalue method (Saaty, 2003), resulting in individual

priority weights. The distribution of the individual indicator weights derived from the experts’ prior-

ities is shown in Figure 5.1 for each vulnerability indicator. The plots demonstrate the distribution of

the weights assigned to the di↵erent vulnerability indicators. The width of the violin plot shows the

density of the individual weights. The jitter points are superimposed on the violin plot, illustrating the

weights of each expert’s priority on the importance of an individual indicator on the overall vulnerabil-

ity. Analyzing the median values of the individual priority weights of the social indicator, it becomes

apparent that the experts rank Population Density (SOC1) to have the highest relative importance

towards the overall flood vulnerability within a given refugee camp compared to the remaining social

indicators. The median priority weight of the population density indicator is 40.33%, followed by

Vulnerable Groups (SOC2) with 26.22% and Facilities of Social Importance (SOC3) with 11.75%.

Population Density (SOC1) and Vulnerable Groups (SOC2) show a large range in experts’ priority
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weights, which illustrates disagreement between experts’ judgments. The lowest median weight of the

social dimension is given to Land Use (SOC4) with only 6.04%. The data points range from around

0% to approximately 10%, with one outlier around 70%. Ignoring this inconsistent outlier, the Land

Use indicator (SOC4) demonstrates the smallest range of individual priority weights, indicating higher

unanimity between experts’ judgments. Comparing the relative importance of the physical indicators

to flood vulnerability in refugee camps, the indicators for Facilities Physical Vulnerability (PHY3)

and Shelter Type (PHY1) score the highest priority, with 33.12% and 29.20%, respectively. Critical

Infrastructure (PHY2) results in a median priority weight of 19.98%, and Roads (PHY4) shows the

lowest priority weight with a median value of 11.42%. Overall, it can be observed that the physical

indicators show smaller disagreement in priority weights, with tighter clustering and fewer extreme

outliers, suggesting slightly higher agreement among individuals on these indicators as compared to

the social vulnerability indicators, exhibiting a larger variability of individual priorities.

Figure 5.2: Weights distribution for the
vulnerability dimensions based on the experts’
judgment.

For the pairwise comparison of the overall im-

portance of the social versus the physical vulner-

ability dimension (DIM), the individual weights

are calculated in the same way as the indicator

weights. As the results are re-scaled after ag-

gregation and fuzzification, the individual prior-

ity weights here exhibit low values (not summing

up to 1) due to excluding the exposure domain1

while keeping the given PCM structure. Figure

5.2 shows the distribution of the relative priority

weights of the social versus the physical vulner-

ability domain. The plot illustrates similar im-

portance based on the experts’ judgment for the

two vulnerability dimensions, where both dimen-

sions exhibit a median weight of approximately

20%. However, the physical vulnerability dimen-

sion shows a much higher range in the individual

weights.

5.1.2 Consistency analysis

5.1.2.1 Inconsistent responses

As depicted in Figures 5.1 and 5.2, many experts’ responses result in inconsistent outcomes, indicated

by a consistency ratio (CR) greater than 0.1 (red weight points). Specifically, for the pairwise compar-

ison of social vulnerability indicators, 6 out of 11 responses are inconsistent. Similarly, for the physical

indicators and the comparison between social and physical dimensions, 5 out of 11 responses show

inconsistency. Table 5.3 summarizes the CR values for each comparison structure (SOC and PHY

indicators and vulnerability dimensions). CR values highlighted in red exceed the defined threshold

value of CR T = 0.1, indicating inconsistency.

Having identified which experts’ answers lead to inconsistencies by calculating the CR for the indi-

1The exposure factor, which was still part of the questionnaire, leading to a 3 x 3 comparison structure between the
social and physical vulnerability dimension and the exposure component, is neglected in the further analysis.
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vidual PCMs, the potential source of such inconsistencies is subsequently analyzed. By implementing

the app.error function in R, as introduced in Section 4.1.8, pairwise comparisons with the maximum

inconsistency error are extracted for each PCM. This process identifies indicator pairs with the most

frequent judgment errors compared to a perfectly consistent AHP matrix. The results show each ex-

pert’s top three most inconsistent pairwise indicator comparisons. Figure 5.3 summarizes these results

by illustrating each indicator pair and its associated inconsistency rank, depicted by the frequency

of judgment errors made by the experts in their pairwise comparisons of the vulnerability indicators

within the questionnaire. It categorizes these errors by their rank of inconsistency into top1, top2, and

top3. Top1 represents the pairwise comparisons with the highest inconsistency error for each expert,

indicating the most problematic comparisons. Top2 and top3 follow as the second and third most

inconsistent comparisons, respectively. Each bar in the plot corresponds to an indicator pair, with the

height of the bar representing the count of total error occurrence (error frequency) across all experts.

This visual representation helps identify which indicator pairs are most frequently associated with

inconsistent judgments, indicating areas where expert consensus is weakest and potentially a↵ecting

the reliability of the AHP results. For social indicators, the pairs SOC1 SOC2, namely Population

Density vs. Vulnerable Groups, and SOC1 SOC4, Population Density vs. Land Use, exhibit the

highest overall error frequencies. The comparison between Population Density vs. Vulnerable Groups

(SOC1 SOC2) also has the highest proportion of top1 errors, indicating the highest proportion of

inconsistency errors for all experts. For physical indicators, the pair PHY1 PHY2 (Shelter Density

vs. Critical Infrastructure) has the highest top1 error frequency. Meanwhile, the pairs PHY3 PHY4

(Facilities Physical Vulnerability vs. Road) and again PHY1 PHY2 have the highest overall error

frequencies. The comparison of the vulnerability dimensions is not further analysed on inconsistencies

since after excluding the third dimension component, namely exposure, the comparison consisted only

of one indicator pair (SOC vs. PHY vulnerability dimension). The results highlight that experts’

judgments are most inconsistent for the indicator pairs SOC1 SOC2 and PHY1 PHY2 regarding top1

errors and highest overall error frequencies in SOC1 SOC2 and PHY3 PHY3, suggesting a need for

further review or refinement in these indicators.

Figure 5.3: Indicator pairs and their frequency of inconsistent comparisons, classified into the
frequency of top 3 maximum inconsistency errors per expert (top1 - top3).
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5.1.2.2 Transforming inconsistent matrices

As described in Section 4.1.8.6, Harker’s method is used to ultimately reduce the overall inconsistencies

in the PCMs by iteratively replacing the values of the most inconsistent indicator pairs. The number

of maximum iterations using the algorithm is set to 6 for both SOC and PHY indicator comparisons.

Figure 5.4 displays the CR values for various iterations of the individual PCMs with CRT = 0.1. For

social vulnerability indicator weights, after 2 iterations (i = 2), inconsistencies are already minimal

(compared to the CRT exceedance at max. i = 6). This suggests that two iterations are su�cient

to reduce inconsistencies significantly. In the case of physical indicator weights, inconsistencies are

reduced to only one threshold exceedance after 4 iterations, indicating an e↵ective transformation

point at i = 4. Two iterations were considered for the vulnerability dimensions. Harker’s algorithm

is executed using the elaborated ideal number of iterations per indicator class, reducing the inconsis-

tencies while minimizing the transformation in the indicator weights. The individual experts’ weights

can thereby be recalculated with improved consistency.

Figure 5.4: Number of iteration runs of Harker’s method performed for the social and physical
indicators consistency ratio exceedance.

The transformed individual preference weights for the social and physical vulnerability indicator and

dimension weights are summarized in Table 5.2.

Table 5.4 summarizes the CR values from the transformed indicator weights after applying Harker’s

algorithm. The results show that Harker’s transformation significantly reduces inconsistent indicator

weights in the experts’ PCMs. Only two inconsistent PCMs are left for the SOC and PHY indicators,

respectively. The transformation of the vulnerability dimensions (DIM) results in only one PCM,

which still shows inconsistency. Those still inconsistent PCMs (IDs 2 and 6 for the social indicators,

IDs 6 and 11 for the physical indicators and ID 11 for the vulnerability dimensions) are filtered out

in order not to influence the final weighting.

51



Table 5.2: Corrected individual preference weights and consistency results.

Social vulnerability indicators (SOC)

ID SOC1 SOC2 SOC3 SOC4 Consistency

1 0.403 0.431 0.108 0.057 TRUE

2 0.033 0.446 0.415 0.107 FALSE

3 0.066 0.427 0.444 0.063 TRUE

4 0.174 0.662 0.103 0.060 TRUE

5 0.411 0.218 0.284 0.087 TRUE

6 0.032 0.122 0.129 0.717 FALSE

7 0.410 0.232 0.060 0.298 TRUE

8 0.682 0.140 0.105 0.073 TRUE

9 0.200 0.565 0.169 0.066 TRUE

10 0.565 0.262 0.118 0.055 TRUE

11 0.472 0.056 0.416 0.056 TRUE

Physical vulnerability indicators (PHY)

ID PHY1 PHY2 PHY3 PHY4 Consistency

1 0.200 0.100 0.133 0.567 TRUE

2 0.315 0.315 0.326 0.044 TRUE

3 0.292 0.160 0.433 0.114 TRUE

4 0.053 0.243 0.551 0.152 TRUE

5 0.247 0.312 0.351 0.090 TRUE

6 0.055 0.051 0.433 0.461 FALSE

7 0.300 0.238 0.331 0.131 TRUE

8 0.064 0.467 0.396 0.073 TRUE

9 0.218 0.101 0.268 0.412 TRUE

10 0.522 0.200 0.200 0.078 TRUE

11 0.162 0.038 0.519 0.281 FALSE

Vulnerability Dimension (DIM)

ID EXP SOC PHY Consistency

1 0.455 0.455 0.091 TRUE

2 0.333 0.333 0.333 TRUE

3 0.143 0.714 0.143 TRUE

4 0.648 0.122 0.230 TRUE

5 0.400 0.200 0.400 TRUE

6 0.121 0.083 0.796 FALSE

7 0.455 0.091 0.455 TRUE

8 0.600 0.200 0.200 TRUE

9 0.731 0.081 0.188 TRUE

10 0.600 0.200 0.200 TRUE

11 0.048 0.191 0.761 FALSE
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ID CR

SOC PHY DIM

1 0.045 0.429 0.242

2 0.408 0.001 0.278

3 0.001 0.077 0.164

4 0.086 0.039 0.002

5 0.046 0.026 0.000

6 0.408 0.865 0.182

7 0.184 0.077 0.000

8 0.158 0.280 0.000

9 0.156 0.132 0.036

10 0.043 0.016 0.000

11 0.300 0.420 0.242

Table 5.3: CR values of experts’ PCMs.

ID Transformed CR

SOC PHY DIM

1 0.046 0.044 0.000

2 0.193 0.001 0.000

3 0.001 0.078 0.000

4 0.087 0.078 0.004

5 0.047 0.027 0.000

6 0.206 0.247 0.095

7 0.058 0.078 0.000

8 0.044 0.019 0.000

9 0.072 0.037 0.062

10 0.044 0.016 0.000

11 0.003 0.145 0.312

Table 5.4: Transformed CRs of experts’ PCMs.

5.1.3 Aggregated AHP weights

The transformed and corrected individual preference weights are aggregated using the arithmetic

mean, resulting in the following rounded priority weights (Table 5.5). Vulnerability dimension weights

are re-scaled to add up to account for the exclusion of the exposure component exclusion.

Table 5.5: Final AHP weights.

Indicator Name Aggregated weights Dimension Re-scaled weight

SOC1 Population Density 0.376

SOC 0.416
SOC2 Vulnerable Groups 0.329
SOC3 Facilities of Social Importance 0.205
SOC4 Land use 0.091

PHY1 Shelter type 0.246

PHY 0.584
PHY2 Critical Infrastructure 0.238
PHY3 Facilities Physical Vulnerability 0.332
PHY4 Roads 0.185

Population Density (SOC1) received the highest weight among the social vulnerability indicators,

with a weight of 0.376 on the overall social flood vulnerability. In contrast, Land Use (SOC4) has

a significantly lower priority weight, contributing to social flood vulnerability with a value of only

0.091. Among the physical vulnerability indicators, Facilities Physical Vulnerability (PHY3) is given

the highest priority with 0.332, while the Roads indicator (PHY4) has the lowest priority weight with

0.185. When comparing the importance of social and physical vulnerability dimensions on the overall

flood vulnerability in refugee camps, the weights are nearly equal, with the social dimension accounting

for a slightly lower value of 0.416 than the physical vulnerability at 0.584.
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5.1.4 Fuzzy AHP weights

The results of the subsequent Fuzzy AHP are used as the final weights for the HFVI calculation.

Therefore, the consistency-corrected AHP weights are fuzzified, resulting in a list of Fuzzy PCMs.

An example of such a transformed FPCM based on the AHP matrix of Expert 4 is illustrated below

(Table 5.6).

Table 5.6: Matrix of Social Vulnerability Indicators with Intervals.

SOC1 SOC2 SOC3 SOC4

SOC1 (1; 1; 1) (0.167; 0.200; 0.250) (2; 3; 4) (1; 2; 3)
SOC2 (4; 5; 6) (1; 1; 1) (6; 7; 8) (8; 9; 9)
SOC3 (0.250; 0.333; 0.500) (0.125; 0.143; 0.167) (1; 1; 1) (2; 3; 4)
SOC4 (0.333; 0.500; 1) (0.111; 0.111; 0.125) (0.250; 0.333; 0.500) (1; 1; 1)

As introduced in the Methods Chapter (Section 4.1.8.7, implementing the Triangular Fuzzy Number

(TFN) membership function by looping through all FPCMs results in fuzzy AHP weights for each

indicator and expert. Subsequently, using the arithmetic mean, aggregated Fuzzy AHP weights are

calculated and then defuzzified and normalized into final aggregated FAHP indicator weights. The

results are summarized in Table 5.7.

Table 5.7: Final FAHP weights.

Indicator wMin wModal wMax wDefuzzified Vulnerability Dimension Re-scaled weight

SOC1 0.274 0.403 0.603 0.397

SOC 0.483
SOC2 0.223 0.339 0.525 0.337
SOC3 0.117 0.184 0.301 0.187
SOC4 0.044 0.074 0.137 0.079

PHY1 0.151 0.295 0.570 0.296

PHY 0.517
PHY2 0.150 0.258 0.478 0.258
PHY3 0.167 0.307 0.576 0.306
PHY4 0.082 0.141 0.255 0.139

The defuzzifid FAHP and re-scaled vulnerability dimension weights serve as final input weights for the

HFVI calculation. With that, the equation of the HFVI can be adjusted to the elaborated experts’

weights, resulting in the adjusted HFVI equation 4.10.

HFV I = 0.483⇥
"

nX

i=1

(soci ⇥ f w soci)

#
+ 0.517⇥

2

4
mX

j=1

�
phyj ⇥ f w phyj

�
3

5 (5.1)

Here f w soci and f w phyi are replaced by the defuzzified FAHP weights from Table 5.7. The range

of the fuzzy social and physical vulnerability indicator weights and their modal and defuzzified values

resulting from the FAHP procedure are visually presented in Figure 5.5. The plot illustrates the FAHP

weights assigned to social (SOC) and physical (PHY) vulnerability indicators, where the two types of

aggregated fuzzy weights are depicted: wModal (blue markers) and wDefuzzified (green markers). For

each indicator, the plot shows the relative weight along with bars indicating the range of the fuzzy

weights, limited by the upper and lower bounds wMin and wMax. This range reflects the uncertainty

based on di↵erent experts’ judgments. Population Density (SOC1) exhibits the highest relative weight

in the SOC dimension, while the Vulnerable Groups indicator (SOC2) shows the largest range. On
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the contrary, Land Use (SOC4) presents the lowest weight with a minimal range. Shelter Density

(PHY1) and Facilities of Physical Vulnerability (PHY3) exhibit the highest weights with significant

ranges, whereas the Roads indicator (PHY4) shows the lowest weights and the smallest range.

Figure 5.5: Fuzzy AHP weights and their range of the fuzzy number (wMin, wMax). Blue markers
illustrate the fuzzy modal value (wModal) and green markers show the aggregated mean FAHP
weight (defuzzified weight).

5.2 Mahama Case Study

5.2.1 Individual flood vulnerability indicator layers

The results of the Mahama case study are based on the described geospatial datasets (Section 4.1.7 and

enable the application of the developed HFVI to a real test case. The quantification of the individual

vulnerability indicators from the social and physical dimensions using the case study data and the

proposed procedure, as described in Section 4.2, resulted in eight normalised raster layers. Figure

5.6 illustrates the individual raster layers. The resulting layers are tailored to the boundaries of the

Mahama refugee camp and show raster values from 0 to 1, representing the flood vulnerability. The

value for flood vulnerability is the result of quantifying the indicator subcategories on a grid basis,

which represents a numerical value for the relative influence on flood vulnerability in the refugee

camps.

When visually analysing the individual indicator layers, it becomes clear that SOC1 and PHY1, as

well as SOC3 and PHY3, show a high degree of similarity in their spatial distribution within the

Mahama refugee camp. The strong correlation between the Population Density (SOC1) and Shelter

Type (PHY1) layer is primarily due to their derivation from the buildings dataset, which accurately

depicts the built-up areas of the camp. The Shelter Type indicator (PHY1) is quantified by calculating

the density of shelters, then ranked with vulnerability scores based on existing shelter type and its

susceptibility to flooding. With that, areas with high population density naturally correlate with built-

up regions and hence also show higher Shelter Density scores. However, there are small di↵erences

due to the di↵erent types of shelters and the associated vulnerability ranks or discrepancies resulting

from the gridded quantification steps. The reason for considering both indicators despite their high

spatial similarity is explained in the discussion section. The layers showing the Facilities of Social

Importance (SOC3) and Facilities Physical Vulnerability (PHY3) correspond spatially, as they show
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the locations of the facilities within the camp. However, small-scale di↵erences in the vulnerability

values arise due to the focus on di↵erent dimensions, namely social significance and physical robustness.

The grid values di↵er slightly as facilities are assigned di↵erent vulnerability ranks depending on the

vulnerability dimension. The results are compared to the Mahama Camp Layout to analyse these

di↵erences. For example, in the southwestern part of the camp in the upper left corner, SOC3 shows

higher raster values where the hospital is located. This is because health centres are assigned a higher

social vulnerability rank (3) than the physical vulnerability rank (2) (see categorical vulnerability

ranks in Section 4.1.9.1, Table 4.7). Conversely, PHY3 shows slightly higher values than the SOC3

indicator in the southwestern part of the camp where a market is located. Markets categorized as

”Cultural Facilities” have a higher physical vulnerability rank (3) than social (2).

SOC1
Population Density

w = 0.397

Flood 
Vulnerability 

SOC2
Vulnerable Groups

w = 0.337

SOC3
Facilities of Social Importance

w = 0.187

SOC4
Land Use
w = 0.076

PHY1
Shelter Type Density

w = 0.296

PHY2
Critical Infrasttructure

w = 0.258

PHY3
Facilities Physical Vulnerability

w = 0.306

PHY4
Roads

w = 0.139

Figure 5.6: Normalized and categorized vulnerability indicator raster layers of the Mahama refugee
camp as basis for calculating the HFVI. FAHP weights are given for each indicator but have not
been applied to the raster yet.

The other indicators show distinct spatial patterns. The Vulnerable Groups indicator (SOC2) shows

two very localized areas of high vulnerability in areas where especially vulnerable groups are present.

On the other hand, Land Use (SOC4) shows the highest flood vulnerability along the eastern boundary

of the camp, where agricultural land is present. Two small clusters of intermediate vulnerability are

localized in areas classified as open spaces within the built-up area that show no vulnerability. Critical

Infrastructure (PHY2) exhibits a more dispersed spatial pattern of low vulnerability across the camp

due to sanitary units within the build-up areas. Moderate vulnerability values are the result of the

spatial high density of Critical Infrastructure elements or the existence of drainage channels. High

areas coincide with the critical building infrastructures in the camp’s centre. Finally, the Roads

indicator (PHY4) depicts the road infrastructure with higher vulnerability values in grid cells where

either roads of high vulnerability rank are present (e.g., service roads) or at intersections between

roads, serving as important connection nodes for accessibility in emergency situations.
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5.2.2 Social and physical vulnerability maps

Applying the evaluated final FAHP indicator weights2 to the raster layers, using the proposed weighted

linear combination method (Equations 4.11 and 4.12) results in two maps (Figure 5.7) that illustrate

the individual social and physical vulnerability dimensions in the Mahama Refugee Camp.

Social Flood Vulnerability - HFVI_SOC Physical Flood Vulnerability - HFVI_PHY

Figure 5.7: Social (right) and physical (left) flood vulnerability dimension of the HFVI mapped for
the Mahama Refugee Camp.

The HFV ISOC map presents the social flood vulnerability across the camp. The areas with higher

social vulnerability are marked with darker shades of red, indicating zones where the social conditions

might amplify the impact of flooding. Lower vulnerability areas are shown in lighter shades of yellow.

This visualization helps identify the parts of the camp where social factors contribute significantly

to flood risk, emphasizing areas requiring targeted social interventions to mitigate vulnerability. The

(HFV ISOC) map shows pronounced clusters of high vulnerability in the northern and southern regions,

driven primarily by high Population Density (SOC1) and the presence of Vulnerable Groups (SOC2),

which have the highest weights. This pattern is further influenced by the presence of facilities with

social importance (SOC3) and areas of specific Land Use (SOC4), however, with a reduced influence

on the flood vulnerability due to lower weightings.

On the other hand, the HFV IPHY map illustrates the physical flood vulnerability within the camp.

Similar to the social vulnerability map, the flood vulnerability values are displayed, where higher

physical vulnerability areas, indicated by darker red shades, highlight regions where physical infras-

tructure and environmental conditions increase flood risk. Lighter yellow areas show lower physical

vulnerability, suggesting better resilience against flooding impacts. This map serves to pinpoint the

specific locations within the camp that may need infrastructural improvements or maintenance to

reduce physical vulnerability.

2The weights represent general weights that were analysed on the basis of the expert questionnaires and are not
specifically tailored to Mahama Camp. Rather, the weights were evaluated as global values and independent of the
location.
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The spatial pattern of physical vulnerability coincides with built-up areas, with little to no vulner-

ability in non-built-up regions. This is due to the nature of the physical indicators used, which are

spatially bound to the camp’s physical assets. The pattern particularly reflects the high weights as-

signed to shelter type density (PHY1) and the physical vulnerability of facilities (PHY3), resulting

in broader areas of moderate to high vulnerability. Compared to the influence of facilities on social

vulnerability, facilities (PHY3) have the highest weighting in physical vulnerability assessments. This

slightly increases vulnerability values in areas with vulnerable facility types. Hotspots of physical flood

vulnerability tend to align with the location of critical building infrastructure (PHY2) in the central

part of the camp. Although the Roads vulnerability (PHY4) e↵ect is not inherently visible, high roads

vulnerability locations contribute to the overall physical flood vulnerability pattern. The more equally

distributed weights for the physical indicators result in a broader dispersion of moderate vulnerability

values. In contrast, the social flood vulnerability map displays greater spatial di↵erences and distinct

clustering due to the higher imbalance of indicator weights, highlighting areas with pronounced social

vulnerabilities.

5.2.3 HFVI for the Mahama Refugee Camp

As the final result, the composite HFVI maps are displayed in Section in Figure 5.8. The HFVI is

the output of the developed weighted overlay function (Equation 5.1) using the final FAHP weights

of the vulnerability dimensions and individual indicators to construct a final flood vulnerability map,

combining social and physical vulnerability factors, with weights of 0.483 and 0.517 assigned to the

social and physical dimensions, respectively. For the representation of the HFVI, the visualization

methods described in Section 4.2.2.3 are implemented, using Jenks Natural Breaks to classify the

HFVI values into distinct vulnerability classes. Additionally, applying the focal filter method results

in a second but smoother representation of the HFVI, converting clear edges into fuzzy transitions to

account for spatial uncertainty.

The HFVI applied to the Mahama Refugee Camp shows a heterogeneous spatial pattern of varying

flood vulnerability within the camp area, combining both social and physical vulnerability dimensions.

The HFVI ranges from 0 to 1, where higher values indicate areas of increased relative flood vulnera-

bility. The final map shows several clusters of high overall vulnerability with HFVI values close to 1.

These hotspots are located in the northeastern and central parts of the camp’s built-up area. Based on

the results from the HFV ISOC and HFV IPHY , the high vulnerability here can be explained through

the combined e↵ect of high population density (SOC1), the presence of Vulnerable Groups (SOC2) in

the more eastern parts and Critical Infrastructure (PHY2) in the central areas. The remaining regions

coinciding with the built-up areas of the camp display moderate vulnerability levels. These areas show

a mix of social and physical factors that contribute to an overall moderate risk of flooding. However,

these regions are presumably governed by the influences of Population Density (SOC1) and shelter

type (PHY1) indicators. The eastern periphery of the camp shows lighter yellow shades, indicating

lower flood vulnerability. These regions are agricultural areas with social importance for the camp

population and are quantified by the Land Use indicator (SOC4). However, due to the comparably

low weighting of the importance of Land Use, these areas result in low HFVI values. When comparing

the HFVI results to the facility locations, it becomes apparent that the presence of facilities and their

associated social (SOC3) and physical (PHY3) influences tend to lower the overall HFVI score in these

areas compared to other regions. Additionally, the Roads (PHY4) do not seem to have a noticeable

visual impact on the overall spatial pattern of the HFVI.
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HFVI for the Mahama Refugee Camp using Jenks classification HFVI for the Mahama Refugee Camp using focal smoothing filter

Figure 5.8: Final composite HFVI map for the Mahama Refugee Camp. Right: HFVI classification
using Jenks Natural Breaks. Left: Smoothed HFVI result using low pass focal filter.

5.2.4 Spatial analysis

5.2.4.1 Spatial autocorrelation of the HFVI

In addition to visually analyzing the spatial pattern of the index results, spatial autocorrelation was

tested using the Moran’s I. The output is summarized in Table 5.8.

Table 5.8: Moran’s I test for spatial autocorrelation of flood vulnerability values.

Statistic Output

Moran I statistic standard deviate 27.796
p-value < 2.2e�16
Moran I statistic 0.632

The results of Moran’s I statistic depict the strength of the spatial relationships of the HFVI results

for the Mahama Refugee Camp. The test yielded a positive value of 0.632, indicating a moderate

positive spatial autocorrelation, implying a trend of similar values forming spatial clusters. This

clustering pattern reflects that flood vulnerability within the Mahama Refugee camp is not randomly

distributed but spatially dependent, which is in accordance to Tobler’s first law of geography, which

states that ’everything is related to everything else, but near things are more related than distant

things’ (Tobler, 1970). The standard deviation measures how many standard deviations the observed

Moran’s I statistic is di↵erent from the expected Moran’s I under spatial randomness. The p-value

indicates the significance of the Moran’s I statistic. Here, the Moran I statistic standard deviation is

27.796, and the p-value is very small (p-value < 2.2e-16), indicating strong evidence against the null

hypothesis of spatial randomness. This rejection suggests that the HFVI provides meaningful spatial

information rather than random noise, reinforcing the index’s validity in assessing flood vulnerability.

Overall, the high Moran’s I value and low p-value suggest significant positive spatial autocorrelation
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in the raster data, meaning similar values are clustered together in space.

5.2.4.2 Indicators correlation matrix

Figure 5.9: Spatial correlation matrix of the
individual HFVI indicators.

Having identified the spatial correlation of the

HFVI spatial pattern, the spatial influence of the

individual social and physical indicators on the

final HFVI can be further assessed using a corre-

lation matrix. The results of the indicators corre-

lation analysis are plotted in Figure 5.9. The cor-

relation matrix shows the spatial relationship be-

tween the individual HFVI indicators for the Ma-

hama Refugee Camp case. Blue values indicate

a positive spatial correlation, whereas red values

indicate a negative spatial correlation. The val-

ues in the matrix cells are the p-values indicating

the significance of the spatial relationship, where

crossed-out values depict a non-significant cor-

relation (significance level < 0.01) between two

indicators.

The correlation matrix provides insights into how

the individual vulnerability indicators relate to the overall flood vulnerability values. A strong positive

correlation between Population Density (SOC1) and shelter type density (PHY1) suggests that areas

with high population density, and thus high flood vulnerability, also have a high density of shelters,

increasing their overall vulnerability. Similarly, the high correlation between Facilities of Social Impor-

tance (SOC3) and facilities’ physical vulnerability (PHY3) indicates that areas with key social facilities

are also where those facilities are physically vulnerable, which is expected given that these facilities

are all assigned similarly high vulnerability ranks. Conversely, moderate negative correlations, such

as between Population Density (SOC1) and Facilities of Social Importance (SOC3) and between Land

Use (SOC4) and shelter type density (PHY1), indicate that areas with high social flood vulnerability

might not always align with areas of high physical vulnerability. Weak or non-significant correlations

between Vulnerable Groups (SOC2) and Road Density (PHY4) with other indicators suggest that

these pairs do not have a significant linear relationship. Understanding these correlations helps in

identifying specific areas where social and physical vulnerabilities either coincide or diverge, guiding

towards a better interpretation of the spatial HFVI results.

5.2.5 Sensitivity analysis

As a final analysis step, sensitivity analysis using One-At-a-Time (OAT) method and the novel ap-

proach including fuzzy ranges from the FAHP method (as introduced in Section 4.1.10) was conducted

to examine the impact of varying the input weights of di↵erent indicators on the resulting spatial pat-

tern of the HFVI. Specifically, the sensitivity analysis focused on the individual assessment of the SOC

and the PHY vulnerability indicators. Therefore, the elaborated FAHP weights wMin and wMax (see

Table 5.7 and Figure 5.5) were applied to calculate each indicator’s range of percentage change (RPC)

weight range in relation to the original weight (i.e. the defuzzified FAHP indicator weight). The

resulting fuzzy RPCs per indicator used as input for the OAT analysis are summarized in Table 5.9
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and illustrate the range in which the original weight is allowed to change.

Table 5.9: Range of percentage changes from the fuzzy weights bounds to the original value.

SOC - Change [%] + Change [%] PHY - Change [%] + Change [%]

SOC1 -12.31 20.58 PHY1 -14.49 27.35
SOC2 -11.39 18.76 PHY2 -10.87 22.00
SOC3 -6.96 11.45 PHY3 -13.92 27.00
SOC4 -3.47 5.78 PHY4 -5.74 11.57

The result of the OAT analysis using the SpatMCDA package in R is a collection of newly generated

raster layers with adjusted weights. Each simulation run generates a single map depicting the spatial

results of the weight change. This is done by changing each indicator’s weight using a weight change

step size of 1% within the defined RPCs while keeping the other indicator weights constant. To

illustrate that, for the indicator SOC1, the simulation started at a RPC value of -12.31% from its

initial fuzzy weight of w = 0.397 in the 1st simulation run and stops at a RPC value of +20.58 in its

last (33rd) simulation run. Performing the OAT for all indicators results in a total of 227 simulation

runs and associated weight maps. The visual comparison of the spatial pattern of the sensitivity map

shows that the HFVI values for all indicators have not changed remarkably, which indicates a generally

high stability of the HFVI results.

The SpatMCDA function additionally outputs di↵erence maps, which quantify the di↵erences between

the initial HFVI map and the raster with adjusted weights. Mean Absolute Change Rates (MACRs)

were calculated to measure the sensitivity of the individual indicators to weight changes. The resulting

plot (Figure 5.10) displays the MACRs for the social and physical as a function of the Change Rate

of Weights (CWR). Each line in the plot represents an indicator, showing how the MACR changes

when its weight is varied. For both social and physical indicators, the MACR values generally in-

crease symmetrically with increasing CWR, indicating the sensitivity of the overall social and physical

vulnerability to weight changes. Steeper lines thereby indicate higher sensitivity to weight changes.

For the social indicators, Population Density (SOC1) shows the highest sensitivity to weight changes,

whereas Facilities of Social Importance (SOC3) and Land use (SOC4) show the lowest sensitivity. The

Figure 5.10: Mean absolute change rates per weight change for social and physical vulnerability
indicators.
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physical indicators show a similar pattern, with the highest sensitivity for the Shelter type indicator

(PHY1), followed by the Facilities Physical Vulnerability (PHY3) and the lowest sensitivity for the

Roads indicator (PHY4).

5.2.5.1 Weight uncertainty

Finally, uncertainty maps were generated to visualize the spatial distribution of uncertainty in the

vulnerability assessments. The resulting plots in Figure 5.7 show the social and physical uncertainty

maps, indicating the variability in the vulnerability assessment due to changes in indicator weights.

The uncertainty maps in Figure 5.11 highlight areas with higher uncertainty values, indicating regions

where changes in the social and physical indicator weights significantly impact the overall HFVI.

Both maps show rather uniform distribution of weight uncertainty with higher values in the built-

up areas and low to no uncertainty in the bordering agricultural land or bare land. Comparing the

resulting maps, it can be observed that in areas where facilities are located, the physical vulnerability

shows higher sensitivity to weight changes compared to the social vulnerability those facilities exhibit.

Further high areas of uncertainty seem to coincide with grid cells, where shelter density and, hence,

population density are high.

Social  HVFI Uncertainty Physical HFVI Uncertainty

Figure 5.11: Spatial weight uncertainty maps for the social and physical HFVI.

The combined uncertainty map aggregates the uncertainties from both social and physical indicators,

providing a comprehensive view of the spatial distribution of weight uncertainty. The results are

illustrated in Figure 5.12, showing the rasterized output of the weight uncertainty in the Mahama

Refugee Camp (right) and its smoothed result using low-pass filtering (left). The highest weight

uncertainty values are found in the region of the upper right corner of the camp near the camp

boundary and are illustrated in yellow shades. Regions of high uncertainty values indicate larger

changes in the overall vulnerability output for small changes in weight and hence can be considered to

be more influential in driving the overall instability or uncertainty. Here, minor changes in indicator

weights have the most significant impact on the HFVI results. Notable hotspots of uncertainty in the
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resulting maps can further be seen in the central part of the camp, likely influenced by the presence

of weight-sensitive critical building infrastructure and Shelter Density. The high concentration of

buildings and critical facilities in these regions contributes to the overall uncertainty. The northeastern

part of the camp shows moderate uncertainty, reflecting variability in the vulnerability assessment due

to the presence of facilities of high physical vulnerability (community centre) and vulnerable groups.

The uncertainty here suggests that weight adjustments in these indicators significantly impact the

HFVI values. The lowest uncertainty is observed in the eastern parts of the camps, where agricultural

land is present and in uncultivated regions. Here, the low uncertainty values suggest more robustness

to changes in criteria weights.

HFVI Weight Uncertainty Map for the Mahama Refugee Camp HFVI Weight Uncertainty Map - Smoothed

Figure 5.12: Final weight uncertainty maps resulting from the OAT sensitivity analysis in the
Mahama Refugee Camp.

5.2.6 Final map layout: Combining HFVI and uncertainty

The final result of this case study is a detailed map layout for the Mahama Camp, illustrated in Figure

5.13, which overlays the HFVI with the spatial weight uncertainty map. This approach visualises the

vulnerability values and the associated uncertainty in a single map, thus enabling the simultaneous

identification of hazard hotspots and locations with high uncertainty.

For better interpretability and understanding, the uncertainty values are classified into four distinct

classes: no, low, medium, and high uncertainty, again using Jenks Natural Breaks. The classes are

subsequently represented by di↵erent hatching patterns and superimposed on the HFVI map. This

final illustration helps to identify areas where flood vulnerability values are more confident or where

caution is necessary in interpreting the HFVI results. The map layout additionally presents the

unweighted and normalized vulnerability indicator layers utilized to calculate the final HFVI results.
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Figure 5.13: Final map layout illustrating the HFVI overlayed with weight uncertainty classes and
individual indicator layers for the Mahama Refugee Camp.
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6 Discussion

This discussion chapter addresses the principles of the conceptual development process and discusses

the findings by providing a comprehensive analysis of the case study results in relation to the appli-

cation of the developed Humanitarian Flood Vulnerability Index (HFVI) in Mahama Refugee Camp.

Particular emphasis will be laid on answering the research question, which focuses on how flood vul-

nerability as a multidimensional concept can be modelled to fit the context of refugee camps (RQ1)

and what indicators most importantly influence this vulnerability (RQ1.1). It further identifies the

main challenges and limitations of the study in terms of the conceptual model, data, and methodol-

ogy and assesses how these limitations might a↵ect the results and validity of the index developed

(RQ1.2). Lastly, this chapter also reflects on possible future work that could address these limitations

and expand the scope of the study (RQ1.2). The discussion is divided into two main sections, where

Section 6.1 addresses the HFVI conceptual choices and limitations, while Section 6.2 discusses the

case study application and performance of the HFVI.

6.1 HFVI conceptual choices and limitations

The Humanitarian Flood Vulnerability Index (HFVI) is developed with the aim of being integrated

into the Flood Risk Mapping GIS tool as part of the flood risk assessment for refugee camps, combining

hazard and vulnerability into a single metric. However, this thesis examines flood vulnerability from

an isolated viewpoint without analyzing the results of integrating the vulnerability model into the

broader risk assessment. By isolating vulnerability from the hazard component, decision-makers can

focus on addressing the underlying factors contributing to vulnerability (Nasiri et al., 2016). This

section justifies conceptual steps, including the choice of indicators and vulnerability dimensions,

spatial modelling choices and the influence of expert input on weighting, providing answers to the

overreaching research question. Further, it discusses the limitations of the HFVI associated with data

availability, standardization, and weighting methods, focusing on issues like data resolution, handling

inconsistencies, and dealing with missing data.

6.1.1 HFVI conceptual model for refugee camps

Flood vulnerability is a multifaceted concept that demands a detailed and nuanced approach to ac-

curately capture the diverse dimensions of vulnerability, particularly within the unique environment

of refugee camps, which is significantly di↵erent to standard urban settings. As refugee camps are

often located in remote and flood-prone areas, unique challenges for flood risk assessments are present,

primarily due to data scarcity, lack of up-to-date maps, and their structural di↵erences compared to

urban areas (Akola et al., 2019; Anwana & Owojori, 2023; Hassan et al., 2018; Owen et al., 2023).

Additionally, the di↵ering flood vulnerability issues experienced by the camp population compared
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to those of settled populations in standard urban areas, combined with the lack of approaches to

quantify this context-specific vulnerability, make it di�cult to assess the flood vulnerability within

those camps (ARSET, 2024). The developed Humanitarian Flood Vulnerability Index (HVFI) is able

to consider those challenges, aiming to provide a standardized quantitative and spatial measure to

assess flood vulnerability within refugee camps worldwide. However, given the di�culties of flood

vulnerability modelling within the given context, the conceptual model of the HFVI brings multiple

steps of generalizations as well as limitations, which are discussed below.

The conceptual framework for modelling flood vulnerability accounts for various indicators to e↵ec-

tively capture the multidimensional nature of vulnerability in refugee camps. This includes incorpo-

rating vulnerability’s social and physical dimensions, which are both described through four influential

vulnerability indicators, ensuring a holistic assessment. The developed HFVI attempts to combine the

social and physical factors tailored to the given conditions into a single measure, but it inevitably over-

simplifies the complex and nuanced nature of vulnerability. This generalization might overlook critical

local variations and specific contextual details, leading to potential inaccuracies or misrepresentations

in assessing flood vulnerability.

Considering social vulnerability for flood vulnerability assessment in refugee camps is particularly

important for risk analysis and disaster response reduction (Tascón-González et al., 2020; Tate et al.,

2021). As Malgwi et al. (2020) highlighted, there is a strong connection between physical vulnerability

and other vulnerability dimensions, emphasizing that the disruption of physical elements can directly

impact social and economic activities within a society. Incorporating both types of indicators provides

a holistic understanding of vulnerability, enabling more e↵ective planning and response strategies.

For instance, areas with high social resilience but lower physical robustness may require infrastructure

improvements, while regions with robust physical infrastructure but fewer social services might benefit

from increased resilience of social facilities. However, as observed in other vulnerability assessments,

including the social vulnerability dimension (Eriksen et al., 2021; Nyborg & Nawab, 2017), the HFVI

is prone to su↵er from an insu�cient understanding of the underlying social processes. The assessment

relies on predetermined indicators, failing to adequately capture the complex socio-economic relations

and processes through which specific groups are marginalized based on gender, race, age, disability

and class. Other dimensions of vulnerability, such as economic, environmental, and institutional

aspects, are neglected due to diverse reasons, including data unavailability, quantification di�culties,

non-spatiality or reduced relevance for the specific context of refugee camps. Future models could,

however, benefit from incorporating additional dimensions to provide a more comprehensive assessment

(Birkmann, 2013; Chan et al., 2022; Kienberger et al., 2009).

The social vulnerability dimension in the HFVI includes Population Density (SOC1), Vulnerable

Groups (SOC2), Facilities of Social Importance (SOC3) and Land Use (SOC4). The physical dimension

is composed of Shelter Type (Density) (PHY1), Critical Infrastructure (PHY2), Facilities Physical

Vulnerability (PHY3) and Roads (PHY4). The selection process of these indicators is based on the

existing literature (see Indicator Table in the Appendix A) and adds on the vulnerability components

used in the Risk Mitigation for Humanitarian Settlements project. The selection was guided by the

in Section 4.1.6 defined criteria for selecting suitable indicators. The main constraining criterion for

including indicators into the HFVI is primarily the availability of data. Thus, other indicators that

could also contribute to flood vulnerability in refugee camps (such as the population’s coping capacity

or historical experience) are not considered. When critically evaluating the selected indicators against

the defined criteria retrospectively, it is essential to consider that all indicators at least partially rely
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on local data inputs. Consequently, reproducibility, data accuracy, and comparability issues must be

stressed. The accuracy and topicality of the local data (i.e. camp layout map and camp population

statistics) are crucial to the reliability of the local data, especially since refugee camp settings possess

a dynamic nature with fast-changing conditions. (Bernhofen et al., 2023) suggests, for example, that

further research could incorporate and evaluate additional global datasets, such as night-time light

data. This data, with its high temporal resolution, could be particularly useful for capturing changes in

camp boundaries and populations - an aspect that the used building footprint datasets cannot address

e↵ectively. Additionally, camp-specific local data often depends on the availability of information from

participatory workshops or interviews, which provide details about the locations of vulnerable groups

or fragile infrastructure within the camp. While the information obtained through these participatory

approaches is highly valuable, especially when other data is unavailable, it must be acknowledged that

this data carries significant uncertainties due to subjectivity and potential inaccuracies. Therefore,

the heavy reliance on local data inputs restricts the indicators’ reproducibility, comparability, and

validity.

6.1.2 Spatial modelling of refugee camp vulnerability

Incorporating a composite raster-based index approach to quantify flood vulnerability within refugee

camps, as proposed by Birkmann (2013), allows for a detailed representation of spatial variations in

vulnerability, making it particularly e↵ective for assessing the impacts of flood hazards. This raster-

based approach di↵ers from the procedure used in the Risk Mitigation for Humanitarian Settlements

project, which utilizes vector data to assess vulnerable assets (Kaufmann et al., 2022). Regardless,

the raster-based approach o↵ers several advantages, particularly in quantifying vulnerability indica-

tors such as population density or counts of facility types per grid cell, enabling a more nuanced

representation of spatial relations.

As found in Kocsis et al. (2022) the use of raster data is particularly e↵ective for flood risk modelling

where hazard data is already rasterized. Here, it enables seamless integration of the HFVI within

the Flood Risk Mapping GIS tool, which uses rasterized flood hazard data, ensuring compatibility

and allowing for a more accurate overlay and analysis of spatial data. Raster data can represent

continuous variation in vulnerability levels across di↵erent areas, which is essential for detailed flood

risk assessments. While vector data is precise for specific assets, it may not capture spatial variability

as e↵ectively when integrated with rasterized hazard data (Fernandez et al., 2016). Although raster

data is suitable for visualising continuous spatial variations, it also has its limitations. The resolution

of raster data can a↵ect the accuracy of vulnerability assessments. For the HFVI, a resolution of 30

meters is used in order for the HFVI to depict the spatial di↵erences within refugee camp boundaries.

The choice of grid cell size significantly impacts the analysis’s level of detail and precision. Smaller grid

cells capture more detail but can also introduce noise and variability that may lead to overestimating

certain features or attributes. Conversely, larger grid cells might oversimplify the data, missing critical

spatial variations (Zabota et al., 2021).

Further, using a composite index approach, as recommended by the JRC and OECD (2008) to spatially

quantify flood vulnerability, the HFVI generalizes the multidimensional concept of vulnerability. Using

a composite index is especially e↵ective for modelling in data-scare regions because it provides a

comprehensive overview of flood vulnerability by combining multiple indicators from various sources

into a single metric, providing a more robust basis for decision-making and planning in regions where

data is scarce (Malgwi et al., 2020). As a single and standardized metric, the HFVI approach further
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enables inter-comparability between di↵erent camps. The HFVI can theoretically be applied to any

refugee camp globally, o↵ering a scalable method for first-order vulnerability analysis. However, it is

essential to note that the reproducibility and performance of the HFVI applied to diverse camp settings

have not yet been validated, as it has only been applied to a single case study so far. Future work will

be necessary to test, compare and confirm its e↵ectiveness in various refugee camp contexts. This is

crucial because it would allow the HFVI to measure and compare flood vulnerabilities across various

camps, which could facilitate better resource allocation and policy-making. By applying the same set

of indicators and weighting methods, stakeholders could e↵ectively compare the vulnerability levels

of di↵erent camps, identify the most at-risk areas, and prioritize regional interventions accordingly

(Bernhofen et al., 2023). While using composite indices in flood vulnerability assessments o↵ers

several benefits, it also comes with limitations. Birkmann (2007) argues that while indicators are

important tools, they must be handled carefully to avoid oversimplifying complex interactions. This

simplification can potentially lead to the loss of important contextual information, which is crucial for

understanding the nuanced dynamics of vulnerability in di↵erent settings. Morse (2004) highlights

the limitations of reducing multifaceted development challenges to numerical values, emphasizing the

need for a more holistic and nuanced approach that considers qualitative factors, local contexts, and

stakeholder perspectives.

In conclusion, it is worth mentioning that modelling flood vulnerability proves to be a complex task

because vulnerability is an abstract concept that is not directly measurable in reality. It highly depends

on specific spatial and contextual factors, making it challenging to create accurate and universally

applicable models, especially in data-scare regions and fast-changing conditions. As a result, the

index developed to represent flood vulnerability can only serve as a simplified generalization, which

needs to be interpreted critically. An extensive validation of the HFVI is essential for the future use of

the index, guaranteeing its accuracy, reliability, and applicability in real-world scenarios. This could

involve UNHCR camp o�cers’ knowledge inclusion to counteract the highlighted data scarcity and

uncertainties.

6.1.3 HFVI indicator weights

Having identified the indicators contributing to flood vulnerability in refugee camps, expert knowledge

is utilized to assign appropriate weights to these indicators, which are finally used as factors in the

HFVI calculation. Here, the evaluation of these indicator weights is discussed critically, focusing

on constraints in the questionnaire design, inconsistencies in experts’ responses, and the resulting

indicator priorities, ultimately providing the answers to the research question RQ1.2.

Using questionnaires, the aim was to determine the relative influence of each specific indicator on

overall vulnerability. Given the abstract and multidimensional character of vulnerability, gathering

experts’ opinions on the relative importance of these indicators helps derive the most suitable weights

that match the context of refugee camp settings. Such methods incorporating experts’ knowledge are

invaluable for assessments in the given context and employ the ”the wisdom of the crowd” principle

introduced by Galton (1907), which highlights the value of collective judgment to generate quantitative

weights as inputs for the composite index. Studies such as those by Cutter et al. (2003) and Birkmann

(2007) have similarly highlighted the importance of expert-based weighting methods in vulnerability

assessments, demonstrating the e↵ectiveness of this approach in various contexts.
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To incorporate expert knowledge into the HFVI approach, the Analytic Hierarchy Process (AHP) is

used to evaluate and prioritize various flood vulnerability indicators for refugee camps. The AHP

method is chosen because it can manage complex decision-making processes by breaking down prob-

lems into more straightforward pairwise comparisons. This approach is particularly suited to this

study because addressing the issue of vulnerability being an ill-structured problem with multiple so-

lution paths and inherent uncertainties regarding the importance of di↵erent criteria (Brito et al.,

2018).

6.1.3.1 Survey design limitation

The AHP survey (see Appendix A) is designed to gather expert opinions on the relative importance

of the eight selected HFVI indicators. However, several challenges were encountered during the design

and implementation of the questionnaire. Some indicators may have been insu�ciently defined, leading

to varied interpretations among respondents. All indicators are defined in the introduction of the

questionnaire. However, in critical revision of the questionnaire design, it becomes apparent that while

most of the indicators are su�ciently defined by providing some examples of subcategories, the Critical

Infrastructure indicator (PHY2) su↵ers from a vague definition. The description did not mention the

elements falling into this category, namely the presence of fragile building infrastructure, sanitation

network, drainage system, water tanks, communication infrastructure, and power stations. Another

limitation of the questionnaire is that the response rate is limited to 20%, yielding only 11 participants’

answers. A larger sample would have provided a more robust dataset, improving the reliability of the

AHP results. Notably, no responses were received from UNHCR o�cers, who are intimately familiar

with the refugee camp settings. Their insights would have significantly enriched the understanding of

the on-ground realities of flood vulnerability in camps, hence providing invaluable knowledge to the

indicators’ influence on the overall vulnerability. The subjective nature of responses posed another

challenge. Experts’ answers are influenced by their broad ranges in background, experiences, and the

conditions they are accustomed to. While inherent in AHP, this subjectivity can introduce biases into

the results, which in turn justifies the use of the Fuzzy AHP approach, as introduced in the Methods

Section 4.1.8.7.

6.1.3.2 AHP results and inconsistencies

The AHP methodology applied results in individual priority weights for each of the eleven experts,

highlighting the relative importance of social and physical vulnerability indicators (see Table 5.1.

Population Density (SOC1) is considered the most critical social indicator, with a median priority

weight of 40.33%, followed by Vulnerable Groups (SOC2) at 26.22%. Facilities Physical Vulnerability

(PHY3) and Shelter Type (PHY1) are the highest-rated physical indicators, with median weights of

33.12% and 29.20%, respectively. Notably, there is substantial disagreement among experts regarding

Population Density (SOC1) and Vulnerable Groups (SOC2), reflected by a wide range of weights.

Conversely, Land Use (SOC4) shows the most minor variability, indicating greater consensus. The

overall comparison of social versus physical vulnerability dimensions shows equal importance of both

dimensions, with a slightly higher aggregated weight and range in individual weights assigned to the

physical dimension.

The survey shows that the answers of many experts lead to inconsistent results. The inconsistency

analysis aims mainly to observe whether the respondents would have made inconsistent choices due to

poorly defined attributes or because a pairwise comparison between those attributes inherently does
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not make sense. As the preference weights of an AHP survey highly depend on subjective decision-

making, the AHP methodology often includes inconsistencies, especially in complex cases, including

many sets of comparisons (Pascoe, 2022). Inconsistencies are, hence, a notable aspect of the AHP

results.

Of all 11 experts, only three experts do not reveal a single inconsistency in all their answers, as indicated

by a low consistency ratio of CR < 0.1 (Table 5.3). Specifically, half of all 33 pairwise comparison

matrices (PCMs) based on the experts’ answers show inconsistent results. For the pairwise comparison

of social vulnerability indicators, 6 out of 11 responses are inconsistent. Similarly, for the physical

indicators and the comparison between social and physical dimensions, 5 out of 11 responses show

inconsistency. The most frequent judgment errors are identified for each PCM, revealing that the

pairs Population Density vs. Vulnerable Groups (SOC1 vs. SOC2) and Shelter Density vs. Critical

Infrastructure (PHY1 vs. PHY2) exhibit the highest top1 error frequencies. High error frequencies

are also observed in the comparison of Critical Infrastructure vs. Roads (PHY2 vs. PHY4). The high

frequency of errors when comparing indicators with critical infrastructure (PHY2) could be due to the

aforementioned vague definition of this indicator in the introduction to the questionnaire.

The high error rates, as illustrated in Figure 5.3 in comparisons SOC1 vs. SOC2 and PHY1 vs.

PHY2 might be attributed to the structure of the AHP survey design. These combinations are the

first to be compared, and respondents may answer them without considering the subsequent compar-

isons. As they progress through the questionnaire, they better understand the relative importance

of the other indicators. However, if they do not go back to revise their initial comparisons, these

early answers could remain inconsistent. This pattern suggests that respondents might benefit from

revisiting and adjusting their initial comparisons after completing the entire questionnaire to ensure

consistency across all judgments. This observation is supported by Ishizaka and Labib (2011), who

highlight the benefits of revising initial comparisons to enhance overall consistency. They emphasize

that respondents should consider the entirety of their judgments and make revisions where necessary

to align their initial responses with their final understanding of the indicators’ relative importance.

Pascoe (2022) also argues that respondents often don’t double-check their answers, and even if they

do, achieving a perfectly consistent set of responses when comparing numerous attributes can be

challenging. The selection of a specific value may also be influenced by factors like the respondent’s

focus, mood, emotions, and cognitive abilities. Inconsistencies can emerge due to random errors stem-

ming from fluctuations in their mental states. Additionally, the discrete nature of the 1-9 scale used in

AHP might contribute to inconsistency since achieving perfect consistency might necessitate fractional

preference scores (Pascoe, 2022).

To address these inconsistencies, Harker’s method is employed, reducing the inconsistencies by iter-

atively replacing the most inconsistent values. Applying this approach e↵ectively minimizes incon-

sistencies in the PCMs, with most CR values falling below the threshold after the transformation.

Only 5 out of 33 PCMs remain inconsistent (Table 5.4), highlighting the challenge of achieving perfect

consistency in complex AHP evaluations. The high variability and inconsistencies associated with

the initial results suggest a need for more precise definitions and additional questionnaire revision to

improve consensus. Future work should focus on refining indicator definitions, increasing participant

numbers, or incorporating automated consistency checks to improve the reliability of AHP results in

this context, as also highlighted by several studies Brito et al. (2018), Ishizaka and Labib (2011), and

Saaty (2008).
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6.1.4 Addressing uncertainty in vulnerability assessment

As stressed in the Literature Review in Section 3.2.2, incorporating uncertainty and sensitivity analysis

into the assessment of local flood vulnerability addresses a current research gap and is essential for

enhancing the reliability of flood vulnerability modelling (An et al., 2022). One way to manage the

uncertainty in AHP weights is using the Fuzzy Analytical Hierarchy Process (FAHP). The FAHP

extends the traditional AHP by incorporating fuzzy logic, which allows for the representation of

uncertain or imprecise expert judgments. This is particularly relevant given the inherently vague

definition of flood vulnerability and the di�culty of evaluating it using crisp numbers. Fuzzy logic,

with its multi-valued approach, provides a more nuanced framework for decision-making, enabling

statements to be partially true or false rather than strictly binary (Metzger et al., 2018; Pinheiro

et al., 2018).

While this study focuses on epistemic uncertainty within the AHP methodology, it is crucial to rec-

ognize that other types of uncertainties also a↵ect vulnerability assessments. For instance, this study

does not address aleatory uncertainty arising from inherent randomness and variability in natural

processes. Further, spatial and attribute-related uncertainty in the used data and model uncertainty

stemming from assumptions and simplifications in the modelling process is ignored. Accounting for

these additional uncertainties is essential for a comprehensive assessment and would further enhance

the reliability and applicability of the vulnerability model (Walker et al., 2003).

6.1.5 Incorporating fuzzy logic into the HFVI

Incorporating fuzzy logic into the HFVI model is crucial in addressing the inherent uncertainty and

variability in expert opinions (Roy et al., 2023). Traditional AHP methods assume that experts can

provide precise, unambiguous judgments. However, as the consistency analysis of the AHP results and

the large spread in the expert’s answers have shown, the judgments are accompanied by subjectivity

and uncertainty. FAHP o↵ers a way to model these uncertainties more accurately, enhancing the

robustness and reliability of the final vulnerability assessment (Ganji et al., 2022). However, the

fuzzification process also brings limitations which need to be highlighted to better understand results

in the final HFVI and uncertainty maps.

By using triangular fuzzy numbers (TFNs) to represent the pairwise comparisons, FAHP captures the

range of possible values reflecting the uncertainty in the experts’ judgments (Metzger et al., 2018;

Pinheiro et al., 2018). In this study, the initial PCMs are transformed into fuzzy pairwise comparison

matrices (FPCMs), subsequently aggregating into the final fuzzy weights (wMin, wModal and wMax

and a defuzzified weight) using the Buckley’s method (Buckley, 1985) as described in the Methods

Chapter 4.1.8.7.

Comparing the resulting weight of the fuzzy AHP to the traditional AHP weights, it can be observed

that the final weighting of both methods results in the same ranking of relative importance between

the indicators, with Population Density (SOC1) and Facilities Physical Vulnerability (PHY3) being

the most influential indicators. However, it can be observed that the FAHP enhances the di↵erences

between high and low weights compared to the standard AHP weights. This could be explained by

the fact that by considering the range of expert opinions, FAHP can amplify di↵erences where there

is strong agreement among experts. For example, if the majority of experts strongly prioritize one

indicator over another, the fuzzification process will capture this strong preference and the subsequent

defuzzification will reflect it as a higher weight and vice versa for lower weights.
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Further, it is discovered that the fuzzification process introduces asymmetrical behaviour in the weights

by transforming the PCM answers into the TFNs. This means that the range of possible values,

given through the upper and lower fuzzy numbers, is not evenly distributed around the modal value,

often skewing towards higher values. When representing fuzzy numbers for reciprocals, the di↵erence

between the lower and modal values is typically smaller than between the upper and modal values. For

example, a fuzzy number represented as (1/7, 1/6, 1/5 or 0.14, 1.66, 0.2) illustrates the asymmetry.

This asymmetrical representation means that when experts judge an indicator as much less important

(hence, a small reciprocal value), the fuzzification process captures a wider range of uncertainty on the

higher end. Consequently, the TFN membership function’s modal value is closer to the lower bound of

the fuzzy number, leading to a general reduction of low-importance indicators. For indicators judged to

be highly important (integer elements), the fuzzy numbers are symmetrically spread around the modal

value. However, the integer fuzzy numbers exhibit a higher spread in absolute terms, always equal

to ± 1. Contrarily, the reciprocal TFNs exhibit a smaller absolute spread, leading to more distinct

weights for less important indicators due to reduced overlap when aggregating TFNs. In conclusion,

the observed asymmetry can impact the final results, as indicators with higher upper bounds in their

fuzzy numbers may significantly influence the overall vulnerability assessment. Consequently, using

FAHP weights results in more precise di↵erentiation between high and low weights than traditional

AHP values, accurately reflecting expert consensus and uncertainty.

Enhanced di↵erentiation in the FAHP weights benefits decision-making processes by allowing for

clearer prioritization of the most critical indicators. This approach is supported by Qian Zheng and

Shen (2021), who demonstrated that the FAHP method is more e�cient in identifying high-risk areas

than the original AHP. However, there is a lack of studies dealing with the asymmetric e↵ect of the

TFN approach and its possible impact on the application results. Further research and analysis are

therefore needed to fully understand the influence of this asymmetrical behaviour of FAHP on the

final HFVI results.

Generally, the results of including Fuzzy AHP show that the approach provides a more nuanced rep-

resentation of relative importance and ensures that variability in judgments is accounted for, thus

yielding more stable and reliable outcomes (Metzger et al., 2018; Pinheiro et al., 2018). Regardless of

accounting for subjectivity by including fuzziness, the results remain subjective and inevitably uncer-

tain, as argued by Qian Zheng and Shen (2021). The fuzzification of AHP weights, using triangular

fuzzy numbers, addresses some uncertainty in the evaluation process, but some studies highlight chal-

lenges with this approach. For instance, Saaty (2008) suggested that the fuzzification of the AHP

method might not always yield optimal outcomes and recommended using intermediate values to

address uncertainty as done in Fozaie and Wahid (2022). Despite these challenges, the benefits of

incorporating fuzzy logic into AHP, such as better handling of uncertainty and improved model ro-

bustness, often outweigh the drawbacks as shown in multiple studies such as Fozaie and Wahid (2022),

S. Lee (2014), Roy et al. (2023), and Torfi et al. (2010).
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6.1.6 Sensitivity analysis: The novel FAHP-OAT approach

Although often neglected, sensitivity analysis is a critical component of flood vulnerability assessment

(Y. Chen et al., 2010), helping to identify the most influential indicators in determining the final

vulnerability index and reveal uncertainties indicator weights. In this study, a novel approach is

employed that extends the traditional One-At-a-Time (OAT) method, as described in the Methods

Section 4.1.10, by incorporating calculated ranges from the fuzzy weights for each indicator adjustment

to account for inherent weight uncertainty.

The novel FAHP-OAT approach adopted in this study provides a robust framework for evaluating the

uncertainty and sensitivity of the HFVI. The traditional OAT methods, which involve varying one

indicator’s weight within a fixed range while keeping others constant (Y. Chen et al., 2010), is extended

in this study by incorporating the calculated ranges from the fuzzy weights. This integration allows

for a more comprehensive sensitivity analysis, capturing the variability in expert judgments and the

potential impact on the HFVI. Using fuzzy weights in sensitivity analysis ensures that the assessment

considers the full range of possible values, providing a more realistic picture of the uncertainty involved.

The resulting uncertainty maps could also be interpreted as di↵erent scenarios depending on minor

weight changes in the given fuzzy weight range. The OAT method, extended with fuzzy weight ranges,

helps identify which indicators are most influential in determining the final HFVI. This analysis is

crucial for verifying the resilience of the HFVI results when input data undergoes minor alterations.

Thereby, sensitivity analysis examines uncertainties in evaluating indicator criteria and the spatial

implementation of the HFVI, ensuring that the model remains robust under various scenarios of

expert judgment variability. The practical application of this novel FAHP-OAT approach is discussed

in more detail in section 6.2.1.4 using the case study data.

6.2 HFVI case study application and performance

The following section discusses the application of the HFVI to the Mahama refugee camp case study

(RQ1, RQ1.1) and discusses the results and challenges associated with its usability (RQ1.2). Further,

it highlights the importance of validating the index to ensure its e↵ectiveness and reliability in di↵erent

refugee camps (RQ1.2).

6.2.1 Flood vulnerability in the Mahama Refugee Camp

6.2.1.1 Spatial HFVI pattern

Applying the HFVI in the Mahama Refugee Camp provides insights into the spatial behaviour of flood

vulnerability within the camp. Analyzing the spatial pattern in the final HFVI map in Figure 5.13

reveals significant vulnerability hotspots. Moderate to high HFVI values are primarily found in areas

of dense residential shelters. These regions suggest high flood vulnerability due to factors such as high

population and shelter densities and inadequate building infrastructure. This result is not surprising

given the high positive spatial correlation between those indicators, as illustrated in the correlation

matrix 5.9 in the Results Section 5.2.4. Hotspots of the highest HFVI values are noted at specific

locations, particularly in the camp’s northeastern and central parts, where the especially vulnerable

population is present. These areas include zones with high densities of shelters housing predominantly

elderly people, often exhibiting higher vulnerability due to health concerns, emphasizing the need

for targeted flood risk reduction measures in these critical areas. As expected, low HFVI values are
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located in non-built-up areas, such as open spaces or agricultural land, primarily in the eastern parts

of the camp, indicating lower flood vulnerability. Here, the reason for HFVI values is twofold. First,

the spatial vulnerability of the non-built-up areas is only influenced by one indicator, namely Land

Use (SOC4). Consequently, no other indicator is present to enhance the multilayered e↵ect of the

HFVI. Also, the Land Use Indicator (SOC4) was assigned the lowest weight in the experts’ judgment,

leading to low flood vulnerability in such areas. Conversely, multiple indicators overlay each other

in many regions of the built-up areas, hence increasing the HFVI values. Most notably, indicators

that are weighted highest (Population Density (SOC1), Vulnerable Groups (SOC2), and Shelter Type

Density (PHY1)), therefore, determine the spatial pattern of vulnerability hotspots within the Mahama

Refugee camp.

Interestingly, Facilities Physical Vulnerability (PHY3), despite being assigned the highest weight

among physical indicators, does not significantly contribute to increased vulnerability values. In-

stead, the presence of Critical Infrastructure (PHY2) appears to elevate the HFVI value in some areas

more substantially. Also, when analyzing the HFV IPHY map in Figure 5.7 individually, the e↵ect of

the facilities seems rather low. Consequently, in the final HFVI map, despite the doubled e↵ect of the

facilities’ location through SOC3 and PHY3, facility areas do not exhibit high vulnerability values.

This behaviour could be attributed to the linear aggregation procedure o↵ering a higher compens-

ability with other indicators of low importance, as discussed by Moreira et al. (2021), reducing the

overall HFVI value. Another influencing cause could lie in the quantification method of the indicators.

For facilities vulnerability quantification, relative building area per grid cell was considered, whereas

counts were used for shelter density quantification. Additional validation and testing are required to

study coupling e↵ects in more detail as the relationships become complex post-normalization. While

normalization is necessary to construct the HFVI and ensures uniformity between individual indicators

for spatial overlay, this process introduces a layer of abstraction that complicates the interpretation

of final results. Thus, while the HFVI provides a robust framework for identifying flood vulnerability,

the nuanced understanding of specific indicators’ contributions necessitates careful consideration of

their quantification and normalization processes.

The HFV ISOC and HFV IPHY maps in Figure 5.7, along with the individual layers of vulnerability

indicators in Figure 5.6, which depict normalized indicators, provide crucial supporting information

alongside the final HFVI map. These maps are essential for identifying the driving factors behind

the spatial behaviour of vulnerability and explaining the origins of hotspots. By analyzing these

individual maps, decision-makers can gain valuable additional insights. However, only when these

maps are combined into the final HFVI can a holistic view of vulnerability as a multidimensional

construct be obtained. The analysis of the combined HFVI spatial patterns from the case study

indicates that the HFVI e↵ectively reveals hotspots and is able to map the relative behaviour of flood

vulnerability within the Mahama camp.

Reflecting on the questions posed by Kienberger (2013) to understand the spatial behaviour of vulner-

ability (as introduced in the Literature Review Chapter 3.2), the resulting HFVI can e↵ectively answer

the ”where” (spatial variations of vulnerability are depicted and hotspots are identified), ”what” (vul-

nerability encompasses di↵erent dimensions, namely social and physical vulnerability), and ”how”

(vulnerability is indirectly assessed and characterized by these indicators that also enable the rep-

resentation of individual vulnerability dimensions) questions. In conclusion, by providing a single

quantitative metric that includes social and physical dimensions and their quantitative indicators, the

HFVI e↵ectively illustrates spatial di↵erences within the camp. Thus, the HFVI provides essential an-

74



swers to these questions, which are crucial for addressing challenges in cooperative planning contexts,

particularly in disaster risk reduction (Kienberger, 2013).

Despite the ability of the HFVI to depict spatial vulnerability patterns, interpreting the results from

a single metric can be challenging at first glance. Therefore, it is recommended to use the individual

indicator layer maps of the HFV ISOC and HFV IPHY as supplementary information sources, par-

ticularly for identifying the driving forces behind high-vulnerability regions. Future work should aim

to enhance the interpretability of the HFVI’s spatial patterns. One potential approach is to develop

an interactive tool that visually represents the influence of individual indicators on the overall HFVI

value for any given location, possibly through the use of pie charts or other advanced visualisation

methods. This would allow for more precise tailoring of mitigation and response actions to address

the key driving forces behind vulnerability hotspots.

6.2.1.2 Spatial correlation

The results of the spatial correlation analysis in Section 5.2.4 confirm the e↵ectiveness of the HFVI in

visualising flood vulnerability hotspots. The results reveal a positive spatial autocorrelation, indicating

a clustering of similar HFVI values. This clustering is critical as it demonstrates the HFVI’s e�cacy

in identifying areas with varying levels of flood vulnerability. The ability of the HFVI to detect

these spatial clusters of vulnerability is vital for strategic planning and intervention, particularly in

resource-constrained environments like refugee camps.

Further, the results of spatial correlation analysis (see Figure 5.9 between the individual vulnera-

bility indicators show that some indicators, such as Vulnerable Groups (SOC2) and Roads (PHY4),

exhibit weak correlations. Others show a negative correlation, such as Population Density (SOC1)

and Facilities of Social Importance (SOC3) and Land Use (SOC4) and shelter type density (PHY1).

However, the weak or negative correlations could serve as an argument in favour of the importance of

including these indicators as they measure di↵erent aspects of vulnerability and thus provide a holistic

view of vulnerability. This independence is valuable, as it ensures each indicator contributes unique

information to the index, enriching the overall assessment. Conversely, strong correlations, such as

those between Population Density (SOC1) and Shelter Density (PHY1), as well as between the so-

cial and physical facilities vulnerability indicators (SOC3 and SOC4), may suggest redundancies. If

two indicators are highly positively correlated, they might be measuring similar phenomena. In such

cases, simplifying the index by removing or adjusting one of the redundant indicators could enhance

its e�ciency without losing essential information. As (Fernandez et al., 2016) have argued, Principal

Component Analysis (PCA) provides an alternative to subjective variable selection by objectively

reducing a large number of variables into a few uncorrelated factors that capture the variability in the

underlying data. However, in cases of strong correlation involving indicators from di↵erent dimen-

sions, preserving both indicators is here justified due to their distinct contextual consequences. In a

densely populated part of the camp, a flood event a↵ects not only many people and their livelihoods

but also more shelters that can be destroyed by flooding, which significantly increases the overall flood

vulnerability. Therefore, it is important to include both indicators in the assessment despite their high

spatial similarity.
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6.2.1.3 Missing local data and associated uncertainties

One significant limitation in the HFVI assessment for the Mahama Refugee Camp is the issue of miss-

ing local data. For example, the facility buildings in the western corner of the camp are not depicted

in the Camp Layout map (see Appendix A), which is used to categorize buildings. Despite being

covered in the building dataset, these newly constructed buildings are neglected in the HFVI overlay

as the facility type information was missing. This omission results in artificially low vulnerability

values in that particular area of the HFVI map (Figure 4.7, contributing to attribute and positional

uncertainties. However, as the approach only addresses the epistemic uncertainty in indicator weight,

such uncertainties are ignored. Addressing the limitation of missing information requires either ob-

taining more up-to-date local data or introducing additional uncertainty measures to account for such

gaps.

Another way to reduce such uncertainties is the enhancement of participatory knowledge inclusion.

However, participatory information often comes with its own set of uncertainties. For instance, data

from the participatory mapping workshop with Mahama camp o�cers, conducted by researchers from

the project on Risk Mitigation for Humanitarian Settlements during the summer of 2023, was used to

map locations of critical infrastructure and the presence of vulnerable groups. The researchers noted

that the virtual participatory workshop had significant limitations and did not yield data as detailed

as that obtained from an in-person workshop (Kaufmann et al., 2022). Despite these challenges, the

integration of local knowledge remains crucial to the assessment. Leveraging the use of participatory

knowledge, future work should account for the positional vagueness of such mapping exercises to

enhance the accuracy and reliability of the assessments. Therefore, the approach used in this work

is not fully capable of addressing the highlighted research gap of including uncertainties in flood

vulnerability assessment, as it ignores other types of uncertainties. However, the developed approach

presents a way to partially cover this research gap by considering epistemic uncertainty analysis as a

starting point. This inclusion provides an initial framework for uncertainty consideration, although

further development is needed to integrate the remaining types of uncertainties due to vagueness and

lack of spatial information into flood vulnerability assessments.

6.2.1.4 Interpreting uncertainty results

The sensitivity analysis results from the Mahama case study (see Section 5.2.5 show that certain in-

dicators substantially impact the HFVI more than others. For instance, Population Density (SOC1)

and Shelter Density (PHY1) exhibit the highest sensitivity to weight changes, indicating their critical

role in the flood vulnerability assessment (see Figure 5.10. These indicators also show significant

ranges, reflecting the high degree of uncertainty associated with their weights. Conversely, indica-

tors like Facilities of Social Importance (SOC3), Land Use (SOC4) and Roads (PHY4) have lower

sensitivity and narrower ranges, suggesting a more consistent expert consensus on their importance.

Not surprisingly, the results indicate that higher-weight indicators generally exhibit higher sensitivity.

This correlation could be explained by the proportional impact that each indicator’s weight has on

the overall HFVI calculation. Indicators assigned higher weights have a more substantial influence

on the final vulnerability index, making changes in their weights more impactful on the overall HFVI

results. For instance, Population Density (SOC1) and Shelter Density (PHY1), which have the highest

weights among the social and physical indicators, respectively, also exhibit the highest sensitivity to

weight changes. The high sensitivity underscores their critical role in determining flood vulnerability

within the Mahama Refugee Camp. This behaviour of sensitivity values following the order of the
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criteria weights is also observed by Y. Chen et al. (2010), who performed a spatial sensitivity analysis

of multi-criteria weights in GIS-based land suitability evaluation. Furthermore, integrating the fuzzy

ranges of the FAHP weights allows these weights to change within a broader range, especially for indi-

cators with higher expert disagreement. Consequently, the uncertainty of these influential indicators

is also the highest. This broader range of allowed scenarios for high-weight indicators results from the

experts’ varying opinions, which is captured through the FAHP methodology. Thus, indicators with

higher weights, such as SOC1 and PHY1, not only exhibit higher sensitivity due to their substantial

influence but also because their weight ranges are more extensive due to higher expert disagreement.

Interestingly, Facilities of Social Importance (SOC3) and Land Use (SOC4) exhibit similar sensitivity

values despite having di↵erent weights. This anomaly suggests that these indicators might share sim-

ilar characteristics in their contribution to vulnerability, or it may reflect a limitation in the current

modelling approach that doesn’t fully di↵erentiate their impacts.

Putting the quantified uncertainties into a spatial context, the resulting uncertainty maps reveal that

both social and physical vulnerability uncertainty maps (see Figure 5.11 exhibit a relatively uniform

distribution of weight uncertainty. Higher uncertainty values are predominantly observed in built-up

areas, while bordering agricultural or bare land areas show low to no uncertainty. This suggests that

densely populated regions or areas with significant infrastructure are more susceptible to variations

in vulnerability values due to changes in weight criteria. The combined uncertainty map 5.12 reveals

that weight uncertainty hotspots are located in the upper right corner of the Mahama Refugee Camp

near the camp boundary and in the central part of the camp, influenced by weight-sensitive critical

infrastructure and high shelter density. Moderate uncertainty is observed in the northeastern region

due to facilities with high physical vulnerability and vulnerable groups.

Overall, the sensitivity analysis confirms the proportional relationship between indicator weights and

sensitivity, with higher-weight indicators showing greater sensitivity. This relationship is further

accentuated by the integration of fuzzy logic, which captures the variability and uncertainty in expert

opinions, ultimately a↵ecting the robustness and reliability of the HFVI results. Future work should

focus on refining these weights and possibly integrating more sophisticated methods to handle expert

disagreements and uncertainties more e↵ectively. However, visualising these uncertainties spatially

in conjunction with HFVI maps as done here, could provide a valuable tool for decision-makers. By

overlaying uncertainties onto the final HFVI map, the associated uncertainties become visible, helping

to identify and prioritize areas for action and ensuring that these uncertainties are acknowledged

rather than ignored. This approach could lead to a more informed and e↵ective response to flood

vulnerability in refugee camps.

However, this observed relationship between indicator weights and their sensitivity disappears when

overlaying the uncertainties to a combined metric. In the overlaid final map in Figure 5.13, which

depicts the HFVI pattern alongside with uncertainty classes, it is evident that the hotspots of the

HFVI and the uncertainty do not necessarily coincide spatially. This indicates that areas with high

HFVI scores, indicating greater vulnerability, are not always the same areas with high uncertainty

in weight assessments. The driving causes of the discrepancy between sensitivity hotspots and final

HFVI hotspots are primarily due to the interactions between di↵erent indicators and the methods

used to aggregate them. The final HFVI map, including the uncertainty map overlay in Figure 5.13,

o↵ers the potential for improved decision-making by highlighting areas where high HFVI values do

not correspond to the highest uncertainty classes. For the Mahama Refugee Camp, this approach

would suggest prioritising locations where vulnerable groups are present, as these areas exhibit the
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highest relative HFVI values compared to other camp locations while showing only medium levels of

uncertainty.

6.2.2 Future applicability and validation

The HFVI is designed to provide insights into the spatial distribution of vulnerability within a camp,

and shows practical values for the Mahama Camp application. However, it is crucial to critically

consider whether the index is reliable when applied to other spatial scales or camps. Unlike hazard,

which is influenced by topographic settings, vulnerability, as defined in this study, is determined by

the camp’s characteristics and does not inherently vary with the terrain (Birkmann, 2007; Malgwi

et al., 2020). Integrating the HFVI with spatial flood hazard data to provide a comprehensive flood

risk assessment would provide more meaningful insights into actually exposed vulnerable areas.

As highlighted by Malgwi et al. (2020) and Papathoma-Köhle et al. (2019), vulnerability indicators are

often specific to regional contexts, meaning a set of indicators may not be directly transferable to all

camps. The spatial variability of vulnerability is thus dependent on the camp’s layout, infrastructure

and social setting (Eriksen et al., 2021). The HFVI alone may not be as meaningful in camps where

the setting does not di↵er significantly in space. For instance, the shelter type is homogeneous in the

Mahama case study. All residential shelters in the Mahama camp are uniform and have the same

structural design as described by UNHCR (2023a). This uniformity leads to less variability in the

HFVI results. However, in camps with more significant spatial variability, the HFVI could reveal more

meaningful insights (An et al., 2022; Kaufmann et al., 2022).

The conceptual framework of the HFVI o↵ers scope for considering these context-related variations.

The sub-categories of the indicators and their associated vulnerability ranks allow camp-specific dif-

ferences to be taken into account. How well the indicator works in other camps, however, is the

subject of future research. Prospective work should therefore focus on assessing the HFVI perfor-

mance in multiple camps, including detailed validation. Further, the potential spatial dependency of

the judgment of relative indicators importance raises additional concerns about the reproducibility of

the index. Although experts assigned weights to the indicators independently of location, suggesting

these weights are globally applicable, it could be argued that the individual indicators weights might

vary depending on the specific settings of each camp. This might necessitate di↵erent prioritization

based on local conditions (Malgwi et al., 2020; Papathoma-Köhle et al., 2019).

Additionally, the absence of validation for the HFVI results and performance presents a significant

limitation to the HFVI’s credibility and practical utility. This section critically examines the challenges

associated with the lack of validation and discusses potential approaches to address this gap. Validation

is crucial to ensure the HFVI accurately reflects flood vulnerability in refugee camps and provides

reliable information for decision-making (Fernandez et al., 2016). However, this study has not included

a formal validation process, raising concerns about the accuracy and applicability of the results. In

fact, most studies which deal with the development of vulnerability indices lack detailed validation,

as stated by An et al. (2022) and Moreira et al. (2021), who undertook a comprehensive review of

approaches to flood vulnerability indicators.

While the Mahama case study serves to apply the developed index in a real-world context using

geospatial data, it does not fully assess the index’s validity and performance. Incorporating uncertainty

and sensitivity analysis can also serve as a form of validation by highlighting the robustness of the

HFVI results for the case study implementation. The FAHP-OAT approach identified which indicators
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have the most significant impact on the overall index and revealed areas where the model may be

particularly sensitive to changes in input data or weights (Metzger et al., 2018; Pinheiro et al., 2018).

However, the sensitivity analysis used here is bound to the spatial context of the Mahama Refugee

Camp and is therefore not regarded as general validation of the HFVI performance. Including detailed

validation is particularly crucial for assessing the reproducibility of the HFVI. Therefore, to thoroughly

evaluate the HFVI, future research must include detailed validation through its application in multiple

refugee camps. This broader application would help confirm the index’s reliability and applicability

across diverse settings, ensuring the approach is robust and adaptable.

One primary reason for the lack of detailed validation of the HFVI is the scarcity of comprehensive

flood impact data in refugee camps. Many studies have highlighted the di�culty in validating flood

vulnerability maps due to the lack of standardized workflows and reliable data sources. This issue is

particularly pronounced in the context of refugee camps, where data collection is often hindered by

logistical and resource constraints (An et al., 2022; Hussain et al., 2021). Despite these challenges,

several qualitative approaches could be considered for future validation of the HFVI. Expert-based

validation, through the engagement with UNHCR o�cers and other field experts through interviews

and participatory mapping workshops, could provide valuable qualitative insights into the accuracy

and relevance of the HFVI. Participatory approaches can provide localized knowledge and insights, en-

suring that the index considers the camp population’s unique vulnerabilities and coping mechanisms.

In addition, experts’ practical knowledge and experience can help identify discrepancies in the model

and suggest improvements, ensuring that the HFVI reflects the on-ground realities of flood vulner-

ability refugee camps (Hussain et al., 2021; Kaufmann et al., 2022). Another alternative validation

method involves conducting field visits to refugee camps to collect data on flood impacts and gather

feedback from camp residents and o�cials. This approach provides qualitative validation of the HFVI

by incorporating firsthand observations and insights from those directly a↵ected, ensuring that the

index accurately reflects on-the-ground realities and needs. Personal discussions and observations can

provide context-specific information that may not be captured through remote data sources, enhanc-

ing the reliability of the index (Hussain et al., 2021). If available, historical flood data and records

of flood impacts in refugee camps can be used to validate the HFVI as it was done by Ramkar and

Yadav (2021). By comparing the index’s predictions with past flood events and their consequences,

researchers can assess the accuracy of the HFVI in identifying vulnerable areas (An et al., 2022).

However, no such data was available for the particular case of the Mahama Refugee Camp.

The Flood Risk Mapping GIS tool developed as part of the Risk Mitigation for Humanitarian Set-

tlements project by ETH and the UNHCR will be tested in the field in autumn 2024. The testing

examines the tool’s performance in one UNHCR pilot camp (location to be defined) using participa-

tory methods to collect and incorporate the local knowledge of UNHCR field o�cers in the respective

camp. As this thesis is part of the project, the developed index will also be validated during this

testing phase in the field

In conclusion, the lack of validation for the HFVI results and performance is a critical limitation

that must be addressed to enhance the index’s credibility and practical utility. Future work should

prioritize validation e↵orts and comparison of the HFVI performance across di↵erent camps. While the

HFVI is a valuable tool for quantifying relative vulnerability to flooding in refugee camps and localising

potential hotspots, its applicability and e↵ectiveness may vary depending on the spatial and structural

characteristics of the camp. Future research should focus on validating the HFVI across multiple camps

with diverse settings to enhance its robustness and utility in supporting flood risk management and
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resource allocation in humanitarian contexts (Chan et al., 2022). These approaches will help ensure

that the HFVI provides an accurate, reliable and reproducible assessment of flood vulnerability in

refugee camps, ultimately supporting more e↵ective flood risk management and mitigation strategies

in these vulnerable settings.
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7 Conclusion

In this thesis, the Humanitarian Flood Vulnerability Index (HFVI) is developed to assess flood vul-

nerability in refugee camps, with a specific application to the Mahama Refugee Camp as a case study.

The HFVI aims to provide insights into the spatial distribution of within-camp flood vulnerability,

providing a standardized, quantitative, and spatial measure to assess flood vulnerability within refugee

camps, addressing the challenges unique to these environments. The thesis answers the research ques-

tions addressed by elaborating a comprehensive approach to model flood vulnerability in the context

of refugee camps and testing its usability in a case study. The presented results and discussion have

identified the most critical factors influencing refugee camp vulnerability. In addition, strengths and

weaknesses, as well as recommendations for future work, are discussed. The key findings in answering

these research questions can be concluded as follows.

Flood vulnerability in refugee camps is modelled by incorporating both social and physical dimensions,

each characterized by four influential vulnerability indicators. This comprehensive approach ensures a

thorough assessment of flood vulnerability in refugee camps. A composite raster-based index method

with a spatial resolution of 30 meters is employed, allowing for a detailed representation of spatial

variations in vulnerability. This method is particularly suitable for assessing flood vulnerability in data-

scarce regions, as it enables the quantification and spatial overlay of various vulnerability dimensions.

By integrating multiple vulnerability indicators relevant to the refugee camp context and weighting

them based on expert knowledge, the index provides an overall view of the spatial distribution of

flood vulnerability. Breaking down the composite metric to its indicators further allows for a detailed

understanding of the individual contributions to overall vulnerability, facilitating the planning of

targeted interventions and mitigation measures.

Key findings indicate that Population Density and Facilities Physical Vulnerability are the most in-

fluential indicators highlighted by the expert weighting process. The use of the Analytic Hierarchy

Process (AHP) and its extension through the Fuzzy AHP (FAHP) method enables a nuanced repre-

sentation of relative importance, accommodating variability in expert judgments and yielding more

stable and reliable outcomes. By integrating expert knowledge, the study provides a standardized

overall statement on the degree of vulnerability. The application of the HFVI in the case study shows

spatially explicit patterns of vulnerability and emphasises its e�ciency in identifying hotspots. The

index identifies areas where vulnerability is intensified due to the convergence of multiple contributing

factors. The Mahama case study shows that there are significant hotspots of vulnerability in areas

with high shelter and population density where vulnerable populations reside. Given their high pos-

itive spatial correlation, these factors significantly increase the combined HFVI score and shape the

overall spatial pattern of flood vulnerability within the Mahama camp.
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A vital aspect of this research is the incorporation of uncertainties into the assessment. By incorporat-

ing the FAHP, the developed Humanitarian Flood Vulnerability Index (HFVI) addresses subjectivity

and disagreements in expert judgments. Combining the fuzzy weight ranges with the One-At-a-Time

(OAT) sensitivity method proposes a novel approach that spatially maps the indicators’ weight un-

certainties on flood vulnerability, considering the full range of possible values in expert judgments.

Communicating such uncertainties, instead of ignoring them, addresses a current research gap and

could additionally assist decision-makers in taking more targeted measures. This combination of HFVI

and uncertainty maps could help prioritize areas of high vulnerability and low associated uncertainty,

thereby enhancing the prioritization of response actions.

The primary challenge remains the refugee camps’ dynamic and data-scarce nature. Future e↵orts

could be placed on enhancing local data collection, extensively including spatial or attribute-related

uncertainties, and improving the visual communication of the results. Further, the results cannot be

conclusively validated within the scope of this study. Model reproducibility is critical as the HFVI has

only been applied to a single case study, and its performance in diverse settings remains invalidated.

The integration and testing of the HFVI in combination with hazard data within the Flood Risk GIS

tool of the project Risk Mitigation for Humanitarian Settlements is the subject of future work. Future

research should hence focus on comparing the HFVI performance across multiple camps to ensure

the HFVI’s reproducibility, incorporating detailed validation processes using historical flood data or

conducting validation workshops with camp o�cers and field visits for more qualitative insights.

In conclusion, the HFVI contributes to the field of science by advancing methodologies for assessing

flood vulnerability in complex, data-scarce environments, particularly tailored refugee camps. As such

approaches are currently lacking, this research addresses a critical gap by providing a standardized

index for vulnerability assessment in refugee camps. This research lays a foundation for flood vulner-

ability assessment in refugee camps but requires future refinement to address the outlined limitations.

Enhancing the HFVI’s accuracy and applicability across diverse settings will ultimately aid in better

resource allocation, disaster preparedness, and targeted interventions, thereby improving the resilience

of vulnerable populations in refugee camps against the increasing risk of floods.
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Aguarón, J., Escobar, M., & Moreno-Jiménez, J. M. (2003). Consistency stability intervals for a

judgment in AHP-decision support systems. European Journal of Operational Research, 145,

382–393. https://doi.org/10.1016/S0377-2217(02)00544-1

Akola, J., Binala, J., & Ochwo, J. (2019). Guiding developments in flood-prone areas: Challenges

and opportunities in Dire Dawa city, Ethiopia. Jàmbá Journal of Disaster Risk Studies, 11.
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Table A.1: Potential Indicators found in the existing literature.

Vulnerability
Dimension

Indicator Literature

Social

Population density An et al. (2022); Birkmann et al. (2013); Dja-
maluddin et al. (2020); Moreira et al. (2021);
Roy et al. (2021)

Dependency rate Moreira et al. (2021)
Households with more than 5
people

Moreira et al. (2021)

Illiterate people Moreira et al. (2021)
Vulnerable groups (gender, age
distribution)

An et al. (2022); Cutter et al. (2003); Dja-
maluddin et al. (2020); Kienberger et al.
(2009); Moreira et al. (2021); Rohling et al.

Social / Physical
Schools Kienberger (2013)
Health facilities Kienberger (2013); Roy et al. (2021)

Physical
Buildings (type, material, loca-
tion, number of floors)

Birkmann et al. (2013); De Ruiter et al.
(2017); Kienberger et al. (2009); Malgwi et
al. (2021)

Infrastructure Djamaluddin et al. (2020); Kienberger (2013)
Roads An et al. (2022); De Ruiter et al. (2017);

Kienberger (2012); Kienberger (2013); Roy et
al. (2021)

Exposure

Distance to water body An et al. (2022); Ballais et al. (2005); Kazakis
et al. (2015); Manfreda et al. (2011); Tran et
al. (2021)

Elevation An et al. (2022); Ballais et al. (2005); Kazakis
et al. (2015); Manfreda et al. (2011); Tran et
al. (2021)

Flow accumulation An et al. (2022)
Slope
TWI and MNDWI

Economic
People living in rented houses Moreira et al. (2021)
Per capita income
Unemployed people

Adaptive Capacity

Access to information Cutter et al. (2003); Lindersson and Brandi-
marte (2016)

Historical experience Birkmann (2007); Cutter et al. (2003)
Risk perception Grothmann and Reusswig (2006); Wachinger

et al. (2013)
Social networks and cohesion Aldrich and Meyer (2015); Norris et al. (2008)
Adaptive capacity Brooks et al. (2005); Smit and Wandel (2006)

Institutional
Emergency services Cutter et al. (2003); Wisner et al. (2004)
Institutional capacity Adger et al. (2005); Birkmann (2007)
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Appendix B: List of experts

– Dr. Mark Bernhofen: Postdoctoral researcher at the University of Oxford in physical climate

risk with special expertise in flood risk in refugee camps

Disciplines: Physical Climate Risk, Flood Risk Assessment in Refugee Camps

– Dr. Viviroli: Research Group Leader in Hydrology and Climate at the Department of Geog-

raphy, University of Zurich

Disciplines: Hydrology, Geoinformatics (GIS), Geography, Environmental Engineering

– Dr. Veruska Muccione: Senior scientist in Environment and Climate at the Department of

Geography, University of Zurich

Disciplines: Meteorology, Climatology, Oceanography

– Dr. Kamran Abid: Doctor of Philosophy in Technology Management, Graduate Research

Assistant at Universiti Tun Hussein Onn Malaysia in Risk Management and Insurance

Disciplines: Risk Management and Insurance, Business Administration, Remote Sensing, Geoin-

formatics (GIS), Environmental Engineering

– Nadine Antenen: Researcher from the Sustainable Humanitarian Settlements project at the

Institute for Spatial and Landscape Development, ETH Zurich

Disciplines: Environmental Engineering, Ecological Engineering, Hydrology, Limnology, Ecology

– Muhammad Ibrahim: Researcher at the Centre for Disaster Preparedness and Management,

University of Peshawar

Disciplines: Geoinformatics (GIS), Climatology, Cartography, Agricultural Plant Science

– Neel Chaminda Withanage: PhD Researcher in Cartography and Geographical Information

Sciences and Lecturer at University of Ruhuna

Disciplines: Geography, Geoinformatics (GIS)

– Chukwunonso Emmanue Ozim: Research on GIS-Based Analysis of Niger-Benue River

Flood Risk and Vulnerability of Communities in Kogi State, Nigeria

Disciplines: Geography, Geoinformatics (GIS), Cartography

– Jonathan Parkinson: Expert in wastewater in humanitarian settings and emergency response,

flood risk mitigation, WASH interventions

Disciplines: Wastewater Management, Humanitarian Response, Flood Risk Mitigation, WASH

– Tanja Matijevic: ESG Specialist, Risk Assessment and Management, Solid Waste Manage-

ment Specialist. Humanitarian work as Environment and Health O�cer at Moria / Mavrovouni

Refugee Camp

Disciplines: Environmental Research, Environmental Protection, Solid Waste Management

– Kamrul Hasan: Emergency Response and Readiness O�cer at American Red Cross

Disciplines: Emergency Response, Refugee Protection, Humanitarian Assistance, Camp Settle-

ment, Contingency Planning
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Vulnerability Indicators Ques�onnaire 
 

Introduc	on 

Assessing �ood risk in refugee camps is challenging, especially when mapping vulnerability at refugee camp level. 

Vulnerability, which describes the likelihood of harm and poten�al damage or loss when exposed to �oods, is 

in�uenced by various physical and socioeconomic factors, called vulnerability indicators. To enhance �ood risk 

assessment  and  iden�fy  areas  with  high  vulnerability  in  refugee  camps,  we  want  to  examine  the  rela�ve 

importance of each indicator. 

 

Below you will #nd a list of indicators that are thought to have a signi#cant impact on the vulnerability of refugee 

camps to �ooding. Please review these indicators and the scale of rela�ve importance carefully before answering 

the following ques�ons. *Addi�onal informa�on can be found on the last page of this survey. 

 

Descrip	on of vulnerability indicators: 

Abbr. Indicator Descrip	on 

Social Suscep	bility 

SOC_1 Popula	on density Camp popula�on density exposed to a �ood. 

SOC_2 Vulnerable Groups Existence of vulnerable groups of camp inhabitants (elderly people, women, 

children). 

SOC_3 Facili	es of social 

importance 

Facili�es (health centers, schools, distribu�on centers, …) which are of social 

importance for the camp popula�on and func�oning. 

SOC_4 Land use Existence of land use or agricultural land with social importance for the camp 

popula�on. 

Physical Suscep	bility 

PHY_1 Shelter type Type of residen�al shelter (emergency, transi�onal, durable, abandoned). * 

PHY_2 Cri	cal Infrastructure Existence of cri�cal/fragile infrastructure. 

PHY_3 Facili	es physical 

vulnerability 

Facili�es (health centers, schools, distribu�on centers, …) especially prone to 

�ooding damage. 

PHY_4 Roads / Transport Road density (guarantees accessibility). 

 

Scale of rela	ve importance: 

     

1 = Equally 

important 

3 = Moderately more 

important  

5 = Strongly more 

important 

7 = Very strongly more 

important 

9 = Extremely 

more important 

 

2, 4, 6 and 8 are halfway posi�ons between the values above 

 

To determine the signi#cance of these indicators in rela�on to �ood vulnerability, we ask you to compare each 

indicator's importance rela�ve to the others. You will assign a scale of importance for each comparison pair. 

Before comple�ng the ques�onnaire, please review the example provided below for clarity. 

 

Example 

Which indicator (A or B) has a greater importance/in�uence on the �ood vulnerability in a par�cular area in 

a given refugee camp? Based on the given “scale of rela�ve importance”, how much more important is the chosen 

indicator rela�ve to the other one?  

 

1. What factor has a greater importance/in�uence on the �ood vulnerability in a par�cular area in a given 

refugee camp? 

�  Indicator A 

 Indicator B 

�  Equally important  

 

Based on your selec�on, how much more important is the chosen factor? Please �ck the according number. 
Please use the above-de#ned scale of rela�ve importance and circle the according score.  

 



 

2. What factor has a greater importance/in�uence on the �ood vulnerability in a par�cular area in a given 

Refugee camp? 

 Indicator A 

�  Indicator C 

 Equally important  

 

Based on your selec�on, how much more important is the chosen factor?  
 

 

Explana	on 

1. We compare Indicator A with Indicator B. In the example, Indicator B is judged to have a stronger 

in�uence/importance on the �ood vulnerability than Indicator A. The selected value of 5 indicates that 

Indicator B is “strongly more important” for the �ood vulnerability than Indicator A.  

 

2. Now we compare Indicator A to Indicator C. Also, here Indicator C has a stronger in�uence on 

vulnerability than Indicator A. But compared to example 1, Indicator C only lies between “equally 

important” and “moderately more important” than Indicator A and therefore was assigned the 

importance value 2. 

 

 

 

AHP-Ques	onnaire 

 

Task: Please compare the indicator pairs with respect to their rela�ve in�uence on the �ood vulnerability by 

answering the ques�ons below. Please only �ck ONE op�on per ques�on. 

 

Part A: Social Suscep	bility  

 

1. What factor has a greater importance/in�uence on the �ood vulnerability in a par�cular area in a given 

refugee camp? 

�  Popula�on density (SOC_1) 

�  Vulnerable groups (SOC_2) 

�  Equally important  

 

Based on your selec�on, how much more important is the chosen factor? 
Please use the above-de#ned scale of rela�ve importance and circle the according score.  

 

1 2 3 4 5 6 7 8 9 
Equally 

important 

Moderately 

more 

important 

 Strongly more 

important 

 Very strongly 

more 

important 

 Extremely 

more 

important 

 

2. What factor has a greater importance/in�uence on the �ood vulnerability in a par�cular area in a given 

refugee camp? 

�  Popula�on density (SOC_1) 

�  Facili�es of social importance (SOC_3) 

�  Equally important  

 

Based on your selec�on, how much more important is the chosen factor?  

1 2 3 4 5 6 7 8 9 
Equally 

important 

 Moderately 

more 

important 

 Strongly more 

important 

 Very strongly 

more 

important 

 Extremely 

more 

important 

 

�
�
�



3. What factor has a greater importance/in�uence on the �ood vulnerability in a par�cular area in a given 

regfugee camp? 

�  Popula�on density (SOC_1) 

�  Land use (SOC_4) 

�  Equally important  

 

Based on your selec�on, how much more important is the chosen factor?  

1 2 3 4 5 6 7 8 9 
Equally 

important 

 Moderately 

more 

important 

 Strongly more 

important 

 Very strongly 

more 

important 

 Extremely 

more 

important 

 

4. What factor has a greater importance/in�uence on the �ood vulnerability in a par�cular area in a given 

refugee camp? 

�  Vulnerable groups (SOC_2) 

�  Facili�es of social importance (SOC_3) 

�  Equally important  

 

Based on your selec�on, how much more important is the chosen factor?  

1 2 3 4 5 6 7 8 9 
Equally 

important 

 Moderately 

more 

important 

 Strongly more 

important 

 Very strongly 

more 

important 

 Extremely 

more 

important 

 

5. What factor has a greater importance/in�uence on the �ood vulnerability in a par�cular area in a given 

refugee camp? 

�  Vulnerable groups (SOC_2) 

�  Land use (SOC_4) 

�  Equally important  

 

Based on your selec�on, how much more important is the chosen factor?  

1 2 3 4 5 6 7 8 9 
Equally 

important 

Moderately 

more 

important 

 Strongly more 

important 

 Very strongly 

more 

important 

 Extremely 

more 

important 

 

6. What factor has a greater importance/in�uence on the �ood vulnerability in a par�cular area in a given 

regufee camp? 

�  Facili�es of social importance (SOC_3) 

�  Land use (SOC_4) 

�  Equally important  

 

Based on your selec�on, how much more important is the chosen factor?  

1 2 3 4 5 6 7 8 9 
Equally 

important 

 Moderately 

more 

important 

 Strongly more 

important 

 Very strongly 

more 

important 

 Extremely 

more 

important 

 

Part B: Physical Suscep	bility  

 

1. What factor has a greater importance/in�uence on the �ood vulnerability in a par�cular area in a given 

refugee camp? 

�  Shelter type (PHY_1) 

�  Cri�cal Infrastructure (PHY_2) 

�  Equally important  

 

Based on your selec�on, how much more important is the chosen factor?  

1 2 3 4 5 6 7 8 9 
Equally 

important 

 Moderately 

more 

important 

 Strongly more 

important 

 Very strongly 

more 

important 

 Extremely 

more 

important 



 

2. What factor has a greater importance/in�uence on the �ood vulnerability in a par�cular area in a given 

refugee camp? 

�  Shelter type (PHY_1) 

�  Facili�es physical vulnerability (PHY_3) 

�  Equally important  

 

Based on your selec�on, how much more important is the chosen factor?  

1 2 3 4 5 6 7 8 9 
Equally 

important 

 Moderately 

more 

important 

 Strongly more 

important 

 Very strongly 

more 

important 

 Extremely 

more 

important 

 

3. What factor has a greater importance/in�uence on the �ood vulnerability in a par�cular area in a given 

refugee camp? 

�  Shelter type (PHY_1) 

�  Roads / Accessibility (PHY_4) 

�  Equally important  

 

Based on your selec�on, how much more important is the chosen factor?  

1 2 3 4 5 6 7 8 9 
Equally 

important 

 Moderately 

more 

important 

 Strongly more 

important 

 Very strongly 

more 

important 

 Extremely 

more 

important 

 

4. What factor has a greater importance/in�uence on the �ood vulnerability in a par�cular area in a given 

refugee camp? 

�  Cri�cal Infrastructure (PHY_2) 

�  Facili�es physical vulnerability (PHY_3) 

�  Equally important  

 

Based on your selec�on, how much more important is the chosen factor?  

1 2 3 4 5 6 7 8 9 
Equally 

important 

 Moderately 

more 

important 

 Strongly more 

important 

 Very strongly 

more 

important 

 Extremely 

more 

important 

 

5. What factor has a greater importance/in�uence on the �ood vulnerability in a par�cular area in a given

refugee camp? 

�  Cri�cal Infrastructure (PHY_2) 

�  Roads / Accessibility (PHY_4) 

�  Equally important 

 

Based on your selec�on, how much more important is the chosen factor?  

1 2 3 4 5 6 7 8 9 
Equally 

important 

 Moderately 

more 

important 

 Strongly more 

important 

 Very strongly 

more 

important 

 Extremely 

more 

important 

 

6. What factor has a greater importance/in�uence on the �ood vulnerability in a par�cular area in a given 

refugee camp? 

�  Facili�es physical vulnerability (PHY_3) 

�  Roads / Accessibility (PHY_4) 

�  Equally important  

 

Based on your selec�on, how much more important is the chosen factor?  

1 2 3 4 5 6 7 8 9 
Equally 

important 

 Moderately 

more 

important 

 Strongly more 

important 

 Very strongly 

more 

important 

 Extremely 

more 

important 

 



Part C: Vulnerability Classes 

 

Vulnerability can be further classi#ed into diGerent classes, including suscep�bility (social and physical) and 

exposure towards �oods.  

 

Abbr. Indicator Descrip	on 

F_EXP Flood Exposure Flood exposure refers to how much physical and social systems are at risk due to 

their loca�on, including indicators such as the Distance of a loca�on to a 

waterbody, Eleva�on, and Slope, … 

S_SOC Social Suscep�bility Social suscep�bility deals with how likely people are to be nega�vely aGected by 

disrup�ons to their social systems, including the indicators of Popula�on 

density, Vulnerable Groups, Facili�es of social importance and Land use (SOC_1 

– 4) 

S_PHY Physical Suscep�bility  Physical suscep�bility focuses on the likelihood of damage to physical assets or 

infrastructure, including the indicators Shelter type, Cri�cal Infrastructure, 

Facili�es physical vulnerability, Roads/Accessibility (PHY_1 – 4)  

 

Task: Again, please compare the indicator pairs with respect to their rela�ve in�uence on the �ood vulnerability 

by answering the ques�ons below. Use the same scale of importance as in Parts A and B. 

 

1. What factor has a greater importance/in�uence on the �ood vulnerability in a par�cular area in a given 

camp? 

�  Flood Exposure (F_EXP) 

�  Social Suscep�bility (S_SOC) 

�  Equally important  

 

Based on your selec�on, how much more important is the chosen factor? Please �ck the according number. 
Please use the above-de#ned scale of rela�ve importance and circle the according score.  

 

1 2 3 4 5 6 7 8 9 
Equally 

important 

 Moderately 

more 

important 

 Strongly more 

important 

 Very strongly 

more 

important 

 Extremely 

more 

important 

 

2. What factor has a greater importance/in�uence on the �ood vulnerability in a par�cular area in a given 

camp? 

�  Flood Exposure (F_EXP) 

�  Physical Suscep�bility (S_PHY) 

�  Equally important  

 

Based on your selec�on, how much more important is the chosen factor?  

1 2 3 4 5 6 7 8 9 
Equally 

important 

 Moderately 

more 

important 

 Strongly more 

important 

 Very strongly 

more 

important 

 Extremely 

more 

important 

 

3. What factor has a greater importance/in�uence on the �ood vulnerability in a par�cular area in a given 

camp? 

�  Social Suscep�bility (S_SOC) 

�  Physical Suscep�bility (S_PHY) 

�  Equally important 

 

Based on your selec�on, how much more important is the chosen factor? 

1 2 3 4 5 6 7 8 9 
Equally 

important 

 Moderately 

more 

important 

 Strongly more 

important 

 Very strongly 

more 

important 

 Extremely 

more 

important 

 

  



PART D: (Op	onal) 

 

Can you think of any other indicators/factors that signi#cantly in�uence the vulnerability to �ooding in  

refugee camps that are not included in the ques�ons from above? 

 

 

 

Shelter Type: 

Emergency: Habitable covered living space providing a secure and healthy environment with privacy and dignity. 
The shelters typically simple, one room structures implemented to provide cri�cal life saving emergency assistance

Transi�onal: A range of shelter op�ons that help popula�ons aGected by a humanitarian crises progress from an ini�al 
emergency arrangement to a more suitable shelter solu�on, beKer adapted to their needs in terms of habitability.

Durable:  Beyond the emergency and transi�onal phase, shelters that are adapted and contextualized according to the
following elements: climate, cultural prac�ce and habits, local availability of skills, access to adequate construc�on 
materials and geographical context.

Abandoned: Not inhabited, fragile structure

* Addi	onal Informa	on



Appendix D: Mahama camp layout
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Figure A.1: Mahama Camp Layout Map. Source: UNHCR (2020).

103



Personal declaration: I hereby declare that the submitted thesis results from my own independent

work. All external sources are explicitly acknowledged in the thesis.

Disclaimer: The tools Deepl Translator and ChatGPT were used for translation and rewording in

some circumstances. ChatGPT was occasionally used as support in certain coding problems.

Zurich, June 30, 2024

Annika Kunz


	Introduction
	Research relevance: Interlinking refugee and climate crisis
	Key research gaps and problem statement
	Research questions and objectives
	Research questions
	Research objectives

	Structure of the thesis

	Background
	Flood risk and vulnerability assessment
	Definition of flood vulnerability

	Refugee camps vulnerability to flooding
	Project on Flood Risk Mitigation for Humanitarian Settlements
	Risk Mitigation Strategy GIS-tool


	Literature Review
	Methods for assessing flood vulnerability
	Vulnerability indicators

	Using GIS methods for flood vulnerability modelling
	Spatial quantification of flood vulnerability
	Uncertainty analysis in flood vulnerability modelling

	Flood vulnerability modelling for refugee camps
	Summarizing outlined research gaps


	Methodology
	Conceptual index development
	Defining the goals for the HFVI
	Index scoping
	Framework for Flood Vulnerability Assessment in Refugee Camps
	HFVI selection criteria
	Review of potential indicator sets
	Selection of final HFVI indicator sets
	Data collection
	Weighting and uncertainty incorporation
	Indicator aggregation
	Sensitivity analysis and uncertainty incorporation

	Mahama Case Study
	Study area
	Application of the HFVI on the Mahama refugee camp


	Results
	Conceptual index development
	Individual experts' AHP weights
	Consistency analysis
	Aggregated AHP weights
	Fuzzy AHP weights

	Mahama Case Study
	Individual flood vulnerability indicator layers
	Social and physical vulnerability maps
	HFVI for the Mahama Refugee Camp
	Spatial analysis
	Sensitivity analysis
	Final map layout: Combining HFVI and uncertainty


	Discussion
	HFVI conceptual choices and limitations
	HFVI conceptual model for refugee camps
	Spatial modelling of refugee camp vulnerability
	HFVI indicator weights
	Addressing uncertainty in vulnerability assessment
	Incorporating fuzzy logic into the HFVI
	Sensitivity analysis: The novel FAHP-OAT approach

	HFVI case study application and performance
	Flood vulnerability in the Mahama Refugee Camp
	Future applicability and validation


	Conclusion
	Appendix
	Appendix A: List of vulnerability indicators
	Appendix B: List of experts
	Appendix C: AHP expert questionnaire design
	Appendix D: Mahama Camp Layout Map


