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Abstract. The increasing number of refugees and the im-
pacts of climate change necessitate improved flood vulner-
ability assessments for refugee settlements. Refugee set-
tlements, often located in hazardous areas with limited
infrastructure, tend to face high vulnerability. However,
approaches to spatially assess flood vulnerability within
these settlements are limited. This paper presents the de-
velopment of a Humanitarian Flood Vulnerability Index
(HFVI) tailored to refugee settlements, incorporating ex-
pert knowledge through the application of the Fuzzy An-
alytical Hierarchical Process (FAHP). The methodology
takes into account the inclusion of expert judgment in
weighting the indicators and integrates uncertainty analy-
sis. A novel approach combines fuzzy logic with the One-
at-a-Time (OAT) sensitivity method, providing a spatially
explicit representation of weight uncertainties, to enable
more informed decision-making and better-targeted inter-
ventions to ultimately improve the protection of refugees
from flooding. The HFVI incorporates multiple vulner-
ability indicators, including physical and social dimen-
sions, to create a composite raster-based index quantify-
ing flood vulnerability in refugee settlements. A case study
was performed in the UNHCR refugee settlement Mahama
in Rwanda to illustrate the application of the HFVI us-
ing global and local data sets. The results demonstrate
the effectiveness of the HFVI in identifying vulnerability
hotspots. Limitations are discussed concerning the repro-
ducibility and validity of the results, highlighting areas for
improvement, ultimately aiming to enhance targeted flood
risk mitigation strategies and resilience of refugee settle-
ments to increasing flood risks.
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1 Introduction

Forced displacement and climate change as compounded
global crises confront the most vulnerable populations
with unprecedented challenges. By mid-2024, over 120
million individuals were forcibly displaced due to persecu-
tion, conflict, violence, and human rights violations. This
number will grow in the coming years (UNHCR, 2024),
while climate change will exacerbate natural hazards such
as flooding (Seneviratne et al., 2021), disproportionately
exposing marginalized communities with limited adaptive
capacity to increased risks (Akola et al., 2019; Hassan
et al., 2018; Malgwi et al., 2020).

Refugee settlements, often established as temporary so-
lutions, frequently become long-term settlements where
millions reside in precarious conditions (UNHCR, 2023).
These settlements are highly vulnerable to floods due to
their temporary infrastructure, which is exacerbated by so-
cioeconomic vulnerabilities (Anwana and Owojori, 2023;
Bernhofen et al., 2023; Rohling et al., 2023). Furthermore,
the local political climate and land availability tend to in-
fluence the settlement location, often leading to the selec-
tion of remote and hazardous sites (ARSET, 2024). These
areas are frequently overlooked in national top-down nat-
ural hazard assessments (Bernhofen et al., 2022, 2023).

Flood vulnerability, in combination with flood hazard, is
integral to flood risk assessment (Nasiri et al., 2016), en-
abling decision-makers to reduce potential damage and fa-
talities (Chan et al., 2022; Fernandez et al., 2016). Vul-
nerability refers to the susceptibility of specific targets to
damage in the event of a flood (Apel et al., 2008) and plays
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a critical role in determining whether exposure will actu-
ally lead to a disaster (Ouma and Tateishi, 2014). Although
the importance of flood risk assessments for refugee set-
tlements has been stressed (Anwana and Owojori, 2023;
Bernhofen et al., 2023; Mwalwimba et al., 2024), tailored
approaches to spatially map vulnerability within refugee
settlements do not exist. High-resolution data and mod-
elling techniques used in existing frameworks are not eas-
ily applicable to refugee settlements, as they rely on data
often not available in these settings (Akola et al., 2019;
Anwana and Owojori, 2023; Hassan et al., 2018; Owen
et al., 2023). Furthermore, those methodologies fail to
address the settlements’ physical and social vulnerabili-
ties (Owen et al., 2023; Yi and Xie, 2010). Additionally,
standardized methodologies addressing uncertainties are
underutilized despite their potential to improve decision-
making (An et al., 2022; Bernhofen et al., 2023). Incor-
porating expert knowledge can help mitigate data gaps
and reflect the complex nature of vulnerability, while the
integration of uncertainty analysis offers a deeper under-
standing of internal vulnerability factors (Bernhofen et al.,
2023).

Recognizing these challenges, the UN refugee Agency
(UNHCR), the Swiss Development Cooperation (SDC),
and ETH Zurich initiated the "Sustainable Humanitarian
Settlements" project through the Geneva Technical Hub
(GTH) (UNHCR, n.d.) to enhance flood risk mitigation
in refugee settlements by developing a GIS-based Risk
Mitigation Strategy Tool. The tool integrates flood haz-
ard and vulnerability assessments, enabling field staff to
generate actionable risk maps (Gairing et al., 2024). This
paper contributes to the project by proposing a Human-
itarian Flood Vulnerability Index (HFVI), tailored to the
context of refugee settlements. By incorporating multidi-
mensional indicators, including physical and social vul-
nerabilities and expert-driven weighting, the HFVI ad-
dresses the limitations of existing flood vulnerability mod-
els. Additionally, the index employs sensitivity and uncer-
tainty analyses to ensure robustness and transparency in
decision-making.

2 Methods
2.1 Conceptual Index Development

The HFVI was developed to assess flood vulnerability
in refugee settlements, focusing on social and physical
vulnerability dimensions. To ensure reproducibility, the
process followed the guidelines of the OECD and JRC’s
Handbook on Constructing Composite Indicators (JRC
and OECD, 2008). Fig. 1 summarizes the steps taken to
develop the HFVI and test its performance using geospa-
tial data in a case study.

As a first step, eight indicators were selected based on
an extensive literature review. Selection criteria (adopted
from Birkmann and Pelling (2006)) included data avail-
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ability, measurability and relevance to the refugee settle-
ment conditions. The final set of social and physical vul-
nerability indicators is listed in Table 1.

2.1.1 Expert-Based Indicator Weight Calculation

Weighting of HFVI indicators relied on the Analytical Hi-
erarchy Process (AHP), a multi-criteria decision analy-
sis (MCDA) tool. AHP uses structured pairwise compar-
isons of criteria (C;) to assign relative importance, system-
atically deriving weights for complex, multi-dimensional
problems (Saaty, 1977).

A decision hierarchy was developed (Fig. 2), placing the
overall flood vulnerability at the top (Level 0), followed by
two dimensions - social and physical vulnerability (Level
1), and individual indicators at the lowest level (Level 2).
Indicator weights were derived from questionnaires dis-
tributed to experts in flood and climate risk, humanitarian
practitioners and related interdisciplinary fields. Eleven
experts performed pairwise comparisons of the criteria
C;, here the selected indicators, assigning priority values
(as;) reflecting the relative influence of each indicator on
flood vulnerability within a general framework intended
to be applicable to refugee settlements. A nine-point scale
was used to set priorities, where 1 indicates equal impor-
tance and 9 indicates extreme importance (Saaty, 1980).
Subsequently, priorities were transformed into pairwise
comparison matrices (PCM) (Eq. 1) and weights were
calculated by normalizing the PCMs, obtaining eigenval-
ues. Consistency was checked using the Consistency Ratio
(CR), where a CR < 0.1 indicates acceptable judgments
(Saaty, 1980). Inconsistent answers were transformed us-
ing Harker’s algorithm (Harker, 1987). Strongly inconsis-
tent answers were not included in further analysis.

c, Cy --- C,
Ch a1 a2 - Gip
pPcM = C2 az;  agy o Qzg
. ) ) ) 0
Cn anl An2 ot Qpn
with Qi = ]., a]—i =, aij 7é 0
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2.1.2 Weight Uncertainty Incorporation

Given the inherent subjectivity and uncertainty of ex-
pert judgments the Fuzzy Analytical Hierarchy Process
(FAHP) (Chang, 1996) was applied. Unlike traditional
AHP, which relies on precise numerical judgments, FAHP
uses Triangular Fuzzy Numbers (TFNs) to represent rel-
ative importance of criteria. TFNs are characterized by
lower (1), modal (m) and upper bounds (u) and defined as
a group of objects with an associated degree of member-
ship between 0 and 1. The degree is described by a mem-
bership function (Eq. 2), expressing how strongly objects
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Figure 1. Graphical representation of the methodology, including the conceptual index development and the case study application.

belong to a set (Yang et al., 2013). For a TEN, the mem-
bership function is triangular, where 1 and u specify the
interval fuzzy degree, while m depicts the most probable
value (Ganji et al., 2022).

(z—=1) I

<z<m
m—I =7 =
pa(r)=q2=% mszru (@)
0 otherwise

FAHP was implemented by transforming crisp PCMs into
fuzzy PCMs to derive fuzzy weights using Buckley’s geo-
metric mean method (Buckley, 1985). The fuzzy weights
for each PCM were defuzzified using the arithmetic mean
(Fozaie and Wahid, 2022) and normalized before being ag-
gregated to produce the final indicator weights, enhancing
the robustness of the weighting process by accommodat-
ing variability and imprecision in expert evaluations (Ganji
et al.,, 2022).

2.1.3 Indicator Raster Calculation

After determining indicator weights, spatial data were pre-
pared to allow the calculation of the HFVI. For each indi-
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cator, an individual raster layer was created at a 30-meter
resolution to capture spatial patterns within the settlement.
Each raster cell was normalized to values between 0 and
1, representing counts, densities, or presence of elements
depending on the indicator. For the quantitative indicator
(SOC1), values were normalized and categorized into vul-
nerability classes. For the remaining categorical indica-
tors, subcategories were assigned to predefined vulnera-
bility ranks provided by Rohling et al. (2023) as given in
Table 1. For each cell, the occurrence of each subcategory
was multiplied by its rank, and a weighted sum was com-
puted, producing normalized raster layers.

2.1.4 HFVI Calculation - Weighted Raster Overlay

The HFVI was constructed using a weighted linear combi-
nation of the normalized indicator layers multiplied by the
derived FAHP weights using Eq. 3, where wSOCyg, and
wPHY g, are the FAHP weights for the social and phys-
ical dimensions, soc; and phy; are the raster layers for
the i-th social and j-th physical indicator, f_w_soc; and
J_w_phy; are their respective FAHP indicator weights,
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Table 1. Final flood vulnerability indicator set including social and physical flood vulnerability dimensions and vulnerability ranks of
indicators subcategories (0 = no vulnerability, 1 = low vulnerability, 2 = moderate vulnerability, 3 = high vulnerability).

Dim. Abbr. Indicator name Description Subcategory (Rank) Geospatial Data Scope
Social SOC1 Population Density ~ Population density, calcu- Equal intervals classification Google Open Buildings global
lated using average occu- Dataset (Sirko et al., 2021)
pancy per shelter and shel-
ter counts per raster cell
SocC2 Vulnerable Groups ~ Presence of vulnerable Presence of vulnerable groups (3), No PGIS mapping workshop local
groups presence of vulnerable groups (0) with camp officers (Gairing
et al., 2024)
SOC3 Facilities of Social Counts of facility type per  Health Center (3), Nutrition Center (3), UNHCR camp site layout local
Importance raster cell Security (3), Schools and ECD (2), Cul-
tural Facilities (2), Youth/Women Cen-
ter (2), Administrative Facilities (2),
Distribution Center (2)
SOC4 Land Use Land cover class of social  Agricultural Land (3), Open Space (2), Global Land Cover and global /
importance Built-Up (0), Vegetation and Water (0) Land Use (Potapov et al., local
2022) or UNHCR camp site
layout
Physical PHY1 Shelter Type Counts of residential shel- Emergency Shelters (3), Transitional Google Open Buildings global /
ter types per raster cell Shelters (2), Durable Shelters (1), (Sirko et al., 2021) and local
Abandoned (0) PGIS mapping workshop
with camp officers
PHY2 Critical Infrastruc- Presence and type of criti- Fragile Building Infrastructure (3), PGIS mapping workshop local
ture cal infrastructure Sanitary Infrastructure (3), Water Tanks ~ with camp officers
(3), Communication Infrastructure
(3), Power Station Infrastructure (3),
Drainage System (2)
PHY3 Facilities Physical Counts of facility type per ~Cultural  Facilities (3), Schools UNHCR camp site layout local
Vulnerability raster cell and ECD (2), Health Center (2),
Youth/Women Center (2), Admin-
istrative Facilities (2), Security (2),
Nutrition Center (2), Distribution
Center (2)
PHY4 Roads Frequency of road types per ~ Service Road (3), Bridge (3), Residen-  Open Street Map Highways  global

raster cell

tial Road (2), Path (1), Footway (1), Un-
classified (1)

Dataset  (OpenStreetMap
contributors, 2017)

and n and m are the total numbers of social and physical
indicators.

HFEFVI =wSOCgim X Z(soci x f_w_soc;) | +

1=

=

3
wPHY g, X

NE

(phy; x f_w_phy;)|,

Jj=1

2.2 Sensitivity Analysis

To evaluate the HFVTI’s sensitivity to indicator weights
and identify areas of potential uncertainty, a sensitivity
analysis was conducted using the One-At-a-Time (OAT)
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method (Daniel, 1973) in combination with the FAHP.
The weight of one indicator was systematically varied,
while keeping others constant, observing the effects on the
overall vulnerability map (Chen et al., 2010; Crosetto and
Tarantola, 2001). The feasible range of weight changes,
expressed as the Range of Percent Change (RPC) (Chen
et al., 2010), was defined using the lower (w;) and upper
(w,,) bounds of the FAHP-derived fuzzy weights before
defuzzification. Incremental weight adjustments of +1%
change within their RPC bounds were applied.

The weight of a modified indicator W (¢, pc) at a given
percentage change (pc) was then calculated using Eq. 4,
where W (¢, 0) represents the base weight of the main
changing indicator c,,.

W(cm,pc) =W (em,0) + W (cm,0) x pe, “4)
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Figure 2. HFVI decision hierarchy and respective hierarchy lev-
els, including social and physical vulnerability indicators.

The weights of the remaining indicators W (c;, pc) were
proportionally modified to maintain the additivity con-
straint, ensuring the sum of the total weights was one, us-
ing Eq. 5:

(1 =W(em,pe)) - W(ei,0)
(1=W(em,0)) ’

W (ciype) = 5)

where W (c;,0) is the weight of the i-th criterion ¢; in the
base run (Chen et al., 2010).

By varying weights across their RPC bounds, a series of
evaluation maps were produced for each simulation run,
quantifying spatial variability in HFVI outcomes due to
weight changes (Chen et al., 2010). The simulation pro-
cess was implemented using the SpatMCDA package in
R (Wang et al., 2024). SpatMCDA is a toolset originally
designed for spatial MCDA in data-scarce environments,
generating maps of spatial uncertainty within the decision-
making framework (Wang et al., 2024).

Incorporating fuzzy logic into the OAT methodology, our
combined FAHP-OAT approach introduces a mechanism
in spatial MCDA that captures uncertainty in weight as-
signments and addresses the subjectivity inherent in expert
judgments.

2.3 Case Study Application

The HFVI was applied to the UNHCR Mahama refugee
settlement in Rwanda to evaluate spatial patterns of flood
vulnerability and test the performance of the developed
HFVI. Mahama, the largest refugee settlement in Rwanda,
is located in a flood-prone region due to its proximity to
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the Kagera River, heavy rainfalls and inadequate drainage
(UNHCR and MINEMA, 2023).

Geospatial data, including global datasets such as the
Google Open Buildings Dataset (Sirko et al., 2021) and
OpenStreetMap (OpenStreetMap contributors, 2017), as
well as local data obtained from participatory mapping
with camp officers, carried out by Kostenwein et al. (2023)
and the camp layout provided by the UNHCR were uti-
lized to compute the individual indicator raster layers
for the case study application (see Table 1). The HFVI
was calculated by overlaying these raster layers using the
FAHP-derived weights and Eq. 3, producing a final com-
posite vulnerability map. Accompanying the final HFVI
map, social and physical vulnerability can also be assessed
independently to allow an understanding of the underlying
drivers of increased vulnerability. The resulting maps were
analyzed to identify spatial patterns of flood vulnerabil-
ity within the settlement. Further, FAHP-OAT sensitivity
analysis using varying weight scenarios resulted in a final
uncertainty map.

2.4 Data and Software Availability

The methodology was implemented using RStudio and
ArcGIS Pro. Research data and code supporting this
publication are available via the following repository
10.5281/zenodo.15176314. The data record includes all
scripts (AHP analysis, FAHP analysis, HFVI calculation),
data and documentation necessary for the replication of
the HFVI. Global datasets required for the spatial HFVI
application can be downloaded for any area of interest as
described in the README.md file provided. Sensitive lo-
cal data used in the case study performed as part of this
work (e.g. the location of vulnerable people within the set-
tlement obtained from participatory mapping workshops)
cannot be published for ethical reasons. However, to en-
sure reproducibility and to provide a practical example of
the HFVI calculation using geospatial data, synthetic data
was generated for a fictional refugee settlement to demon-
strate the performance of the developed index. For a future
application of the index to a given refugee settlement, ef-
fort should be spent on collecting data for those indicators
that need local inputs (see Table 1). The synthetic local
datasets, provided in the repository, can be used as tem-
plates for replication.

3 Results
3.1 Expert-Based Indicator Weights

The experts’ pairwise comparisons provide insights into
the relative importance of vulnerability indicators across
the social and physical dimensions. Fig. 3 illustrates
the distribution of individual weights derived from the
AHP process. For social indicators, Population Density
(SOC1) was consistently ranked most important, with a
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median weight of 40.33%, followed by Vulnerable Groups
(SOC2) at 26.22%. The least influential indicator, Land
Use (SOC4), received a median weight of only 6.04%.
However, the results highlight divergence in expert judg-
ments, particularly for SOC1 and SOC2, as indicated by
the wider range of weights. Physical indicators showed
less variability in weights. Facilities Physical Vulnerabil-
ity (PHY3) received the highest median weight of 33.12%,
reflecting its critical role in flood vulnerability, while Shel-
ter Type (PHY1) followed with 29.20%. Roads (PHY4)
were ranked the least significant, with a median weight of
11.42%. The consistency among physical indicators un-
derscores greater consensus among experts compared to
the social dimension.

Fig. 3 also illustrates inconsistent PCMs (CR > 0.1) before
applying Harker’s method, emphasizing significant vari-
ability in expert judgments across both social and phys-
ical vulnerability indicators. The transformation process
reduced inconsistency by 66.7% for social indicators and
60.0% for physical indicators. Among the indicators, Pop-
ulation Density (SOC1) and Vulnerable Groups (SOC2)
exhibited the highest inconsistency for social indicators,
while Shelter Type (PHY1) and Critical Infrastructure
(PHY?2) were the most inconsistent among physical indi-
cators.

3.2 Final Fuzzy AHP Weights

The incorporation of fuzzy logic into the AHP process
produced aggregated FAHP weights. Table 2 summarizes
the final defuzzified weights and their fuzzy bounds. The
results indicate the range of uncertainty in indicator pri-
oritization. Among the social indicators, Population Den-
sity (SOC1) maintained the highest defuzzified weight of
39.7%, while Land Use (SOC4) remained the least influ-
ential with 7.9%. For physical indicators, Facilities Physi-
cal Vulnerability (PHY3) emerged as the most critical with
30.6%, followed by Shelter Type (PHY 1) with 29.6%.

3.3 Spatial Pattern of the HFVI

The results of the case study application are based on the
datasets described in Table 1 and enable the application of
the developed HFVI to a real test case. The eight normal-
ized raster layers represent the individual social and phys-
ical vulnerability indicators. The HFVI combines all indi-
cators using Eq. 3 with the defuzzified expert weights by
spatially overlaying the individual indicator raster layers.
The final HFVI map in Fig. 4 highlights areas of varying
flood vulnerability within the settlement, with values rang-
ing from O (low vulnerability) to 1 (high vulnerability).

For the Mahama refugee settlement, clusters of high vul-
nerability are observed in regions driven by high Popula-
tion Density (SOC1), the presence of Vulnerable Groups
(SOC2), and Critical Infrastructure (PHY?2). Moderately
vulnerable areas coincide with mixed social and physi-
cal vulnerabilities, while the settlement’s periphery shows
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lower vulnerability due to the dominance of non-built-up
areas. Spatial analysis confirms significant clustering in
flood vulnerability, supported by Moran’s I value of 0.632,
indicating moderate positive spatial autocorrelation. Thus,
the HFVI is effective in describing the relative spatial pat-
tern of flood vulnerability on the settlement scale, high-
lighting vulnerable hotspots under increased flood risk.
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Figure 3. Distribution of individual priority weights per vulner-
ability indicator based on the AHP-questionnaire results using
Saaty’s eigenvalue method (Saaty, 2003). The jitter points rep-
resent the experts’ priority weights and the Consistency Ratio
(CR) value illustrates the consistency of the experts’ answers be-
fore transformation, where CR > 0.1 represents inconsistency.
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Table 2. Final FAHP weights.

Indicator wMin wModal wMax wDefuzzified Vulnerability Dimension Dimension Weight
SOC1 0.274 0.403  0.603 0.397
SOC2 0.223 0.339  0.525 0.337
SOC3 0.117 0.184  0.301 0.187 SO0C 0.483
SOC4 0.044 0.074  0.137 0.079
PHY1 0.151 0.295  0.570 0.296
PHY2 0.150 0.258 0478 0.258
PHY3 0.167 0.307  0.576 0.306 PHY 0.517
PHY4 0.082 0.141  0.255 0.139

3.4 HFVI Sensitivity

The sensitivity analysis, using the FAHP-OAT method,
assessed the robustness of the HFVI by varying indica-
tor weights within their fuzzy bounds. The results con-
firm that the HFVI remains stable under weight changes,
with only minimal shifts in spatial patterns. Population
Density (SOC1) and Shelter Type (PHY1) are the most
weight-sensitive indicators, while Land Use (SOC4) and
Roads (PHY4) exhibit the least sensitivity. Additionally,
uncertainty maps were generated to visualize the impact
of weight variability on the HFVI. Fig. 5 highlights the
spatial pattern of uncertainty regions. High uncertainty re-
gions coincide particularly with areas of high shelter con-
centrations and critical infrastructure.

HFVI value

0.0
0.2
0.4

0.6
0.8
1.0

Figure 4. Final composite HFVI map, smoothed HFVI result us-
ing a low pass focal filter.
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4 Discussion
4.1 HFVI Conceptual Strengths and Limitations

The development of the Humanitarian Flood Vulnerability
Index (HFVI) allows flood vulnerability assessment tai-
lored to refugee settlements. It addresses a critical gap
and provides a structured, spatially explicit methodology.
The HFVI integrates multi-dimensional vulnerability in-
dicators, combining social and physical dimensions into a
composite raster-based index with a 30-meter resolution.
This enables detailed spatial assessments and identifica-
tion of vulnerability hotspots.

The HFVI methodology was explicitly designed for ap-
plication in data-scarce environments, leveraging glob-

[o— s s—
00 01 02 03 04 05km

Figure 5. Final weight uncertainty map. Results are smoothed
using a low-pass focal filter.
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ally available datasets (Google Open Buildings, Open-
StreetMap) and integrating local and participatory map-
ping to fill data gaps. While some indicators require local-
ized inputs, such as Vulnerable Groups’ locations (SOC2)
or Facilities Physical Vulnerability (PHY3), these can be
collected for future applications through low-resource par-
ticipatory approaches, allowing applicability of the HFVI
where high-resolution or empirical datasets are limited.

The HF VI leverages expert-derived weights, calculated us-
ing AHP and its fuzzy extension (FAHP), to provide a nu-
anced representation of indicator importance. The use of
FAHP mitigates the relatively limited sample size by ac-
commodating subjectivity and uncertainty in analyzing 11
expert judgments. The experts’ diverse backgrounds in-
troduced variability and potential bias, an inherent limi-
tation of AHP, but also added interdisciplinary value, en-
riching the weighting process and reinforcing the case for
using FAHP. Notably, indicators like Population Density
(SOC1) and Vulnerable Groups (SOC2) showed higher in-
consistencies, reflecting divergent expert opinions. These
were partially addressed using Harker’s method, high-
lighting the importance of explicitly incorporating uncer-
tainty rather than disregarding it. The fuzzy weighting ap-
proach is thereby able to capture the complexity of vul-
nerability in refugee settlements. However, the exclusion
of economic, environmental, and institutional dimensions,
mainly due to data constraints, remains a key limitation to
the comprehensiveness of the index.

4.2 HFVI Spatial Application and Performance

The application of the HFVI to the Mahama refugee set-
tlement demonstrates the index’s practicality in identify-
ing spatial patterns of flood vulnerability. Vulnerability
hotspots are identified in regions with high shelter density
and population concentrations, where overlapping social
and physical vulnerabilities contribute to elevated HFVI
values. Key indicators such as Population Density (SOC1)
and Shelter Type (PHY1) emerge as critical drivers of
flood vulnerability. The incorporation of the FAHP-OAT
sensitivity analysis further validates the robustness of the
index, revealing that while certain indicators, like Land
Use (SOC4) and Roads (PHY4), exhibit lower sensitiv-
ity, others like Population Density (SOCI1) and Shelter
Type (PHY 1) show higher weight-sensitivity. The low sen-
sitivity of Land Use (SOC4) and Roads (PHY4) can be
attributed to their relatively low expert-assigned weights
and narrower fuzzy weight ranges, reflecting expert con-
sensus on their limited influence. Additionally, both indi-
cators showed weaker spatial correlations with other vul-
nerability factors, reducing their impact on the composite
HFVI when weights are varied. This finding underscores
the importance of cautious interpretation of the results
and the utility of uncertainty maps in supporting decision-
making by highlighting spatial variability in vulnerability
estimates and guiding the prioritization of interventions.
By combining these maps with the HFVI results, decision-
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makers can identify areas of high vulnerability coinciding
with low uncertainty, enabling targeted mitigation strate-
gies.

Despite its strengths, the HFVI is constrained by the data-
scarce and dynamic nature of refugee settlements. The re-
liance on high-resolution global and local datasets intro-
duces potential issues of data availability and accuracy in
some regions of application. Additionally, the spatial reso-
lution of 30 meters does not capture micro-scale variability
in densely populated or highly heterogeneous areas. These
constraints underscore the need for enhanced data collec-
tion and validation methods. While the HFVI is designed
for transferability across varied geographic contexts, ap-
plication to more case studies is needed to demonstrate its
applicability in different settings. Validation was not per-
formed due to data constraints, as ground-truth would re-
quire extensive fieldwork, data collection, and participa-
tory workshops beyond this study’s scope. These limita-
tions highlight the need for future testing and validation
across more diverse refugee settlement contexts to ensure
the HFVI’s broader applicability. In data-scarce settings,
greater emphasis should be placed on participatory ap-
proaches involving local stakeholders, as shown in the Ma-
hama case study, enabling the index’s application despite
limited data availability.

5 Conclusion and outlook

The HFVI represents a step forward in modelling flood
vulnerability in refugee settlements by providing a quan-
titative, spatially explicit measure. The index’s multi-
dimensional approach, supported by expert knowledge and
advanced sensitivity analysis, ensures a robust assessment
of flood vulnerability. The HFVI, as a tool for the assess-
ment of flood risks, lays the groundwork for more effec-
tive disaster preparedness and resilience in refugee set-
tlements, while its integration into decision-making pro-
cesses could support more targeted interventions.

The HFVI has potential for broader applications in flood
risk management in refugee settlements. Integration into
GIS-based tools, such as the UNHCR’s Risk Mitigation
Strategy Tool by Gairing et al. (2024), could enhance its
usability, allowing field staff to generate actionable risk
maps for any settlement. Validating the HFVI using ad-
ditional refugee settlements with diverse geographic and
socio-economic contexts, however, is crucial for guaran-
teeing its broader applicability. Testing the HFVI along-
side hazard-specific datasets in flood risk models will al-
low for a more holistic approach to flood risk assess-
ment, eventually seeking to enhance the living conditions
in refugee settlements.
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