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Abstract

Flooding is one of the most frequent and catastrophic natural hazards with significant
socioeconomic and environmental consequences. The increasing frequency and
intensity of extreme precipitation events due to climate change combined with other
underlying factors such as unplanned urbanization, environmental degradation,
poverty, social inequalities and weak governance have changed flood risk patterns. The
complex nature of flood risk highlights the need for a better understanding of its
conceptual context and comprehensive flood risk assessments that beyond hazard,
assess exposure, vulnerability and capacity factors. To address this necessity, the study
develops a GIS-based Multi-Criteria Decision Analysis (MCDA) framework that
considers diverse parameters to assess and map flood risk. The framework is applied to
the Thermi Basin in northern Greece which is characterised by diverse land use/ land
cover, complex hydrography, varied topography and seasonal precipitation events of
ranging intensity. In this context, seventeen parameters representing flood risk
components (hazard, exposure and vulnerability/ capacity) are selected. These
parameters are then weighted using Analytic Hierarchy Process (AHP) through local
experts and stakeholder’s participation and a Weighted Overlay Analysis is applied in
GIS to create the flood risk map. The flood risk map visualizes the spatial distribution
of flood risk ranging from low to high. The results indicate that 8,26% (503ha) of the
study area is classified as low flood risk, 83,94% (5114ha) as moderate flood risk and
7,80% (476ha) as high flood risk. An impact analysis is also applied to evaluate
potential impacts on the environment, infrastructure and population while the results
are validated using official Areas of Potential Significant Flood Risk (APSFR) and
flood-prone locations. Finally, the framework proposes some indicative strategies for
each flood risk zone that local authorities and flood risk management stakeholders can
further develop to support their mitigation efforts within a sustainable decision-making

context.

Keywords: Geography, Geographical Information Systems (GIS), Physical
Geography, Flood Risk Assessment, GIS-based MCDA, AHP
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1. Introduction

The frequency and intensity of catastrophic events have increased in recent years,
causing major socioeconomic and environmental impacts. The complex and systemic
nature of disaster risk is exacerbated by underlying factors such as poverty, social
inequalities, climate change, environmental degradation, unplanned urbanization and
weak governance, creating a feedback loop in which disaster risks and their impacts

reinforce each other (UNDRR, 2020).

Disaster risk results from and increase social and spatial inequalities. Vulnerability is
differently distributed with some population groups more affected due to their living
environments, socio-spatial inequalities and limited participation in decision-making
processes. Climate change increases the frequency and intensity of extreme weather
events, which in turn generate new or intensify existing risks. Environmental
degradation reduces ecosystems and ecosystems’ services undermining the capacity of
communities to prevent, adapt to, recover from and mitigate disasters. Unplanned
urbanization often leads to informal settlements in high-risk areas, increasing exposure
while contributing to resource depletion, increased energy consumption and unequal
access to goods. While weak institutional frameworks, inadequate coordination and

insufficient enforcement of laws further exacerbate vulnerabilities (UNDRR, 2020).

Flooding is one of the most frequent and catastrophic natural hazards with significant
socioeconomic and environmental consequences. According to Intergovernmental
Panel on Climate Change (IPCC), climate change has led to an increase in extreme
precipitation events from 1950 to 2018 in Europe, showing spatial and seasonal
variations. Central Europe has experienced increased precipitation while Mediterranean
region has experienced mixed trends with increases in Eastern Mediterranean and
decreases in Western Mediterranean (Seneviratne et al., 2021). According to the
published data of Emergency Events Database (EM-DAT), between 2000 and 2025,
Europe experienced 490 flood events (including coastal, flash, general and riverine
floods) resulting in 2538 deaths, 9037 injuries and affecting more than 10 million
people. These events displaced 157789 individuals and led to significant economic
losses. In particular, the total damage (adjusted for inflation) reached $235,24 billion,
damage amounted to $55,49 billion (adjusted) and reconstruction costs were estimated

at $3,35 billion (adjusted) (EM-DAT,n.d.).



Disasters pose an escalating threat to future development, with the potential to reverse
the progress societies have made so far. Current development patterns can increase
exposure to hazards while disaster impacts, in turn, increase social and economic
inequalities and undermine future development, reinforcing the feedback loop of
exposure and vulnerability (UNDRR, 2020). As disaster risk faces three critical
negative spirals -excessive losses due to inappropriate disaster risk reduction, low
insurance coverage shifting financial pressure of risk to central governments and
expensive emergency relief efforts that fail to address long term recovery or underlying
vulnerabilities (UNDRR, 2025)- traditional approaches need to be reviewed.
Understanding the conceptual context of flood risks, learning from past experiences and

aligning efforts with the unique characteristics of the study areas are important.

The complex nature of flood risk highlights the need for comprehensive assessments
that beyond hazard consider exposure, vulnerability and capacity. Multi-Criteria
Decision Analysis (MCDA) combined with Geographic Information Systems (GIS)
provides an effective methodological framework for flood risk assessment (Theochari
et al., 2021).This structured framework enables the combination of spatial and non-

spatial parameters to identify and map flood risk areas at different spatial scales (Gupta

& Dixit, 2022; Theochari et al., 2021).

Despite these capabilities, most studies mainly focus on hazards or partially consider
other components of flood risk. As a result, important parameters are often
underestimated, raising concerns about the comprehensive representation of flood risk.
In the wider area of Thermi, no study has been identified through literature review that
comprehensively assesses all components of flood risk. In parallel, land use and land
cover changes associated with rapid urban expansion observed in the wider area along
with its socioeconomic and environmental characteristics, are likely to modify current
flood risk patterns. Moreover, these pressures are expected to intensify under climate
change scenarios that predict more frequent and intense precipitation events. In this
context and given the complex nature of flood risk, a better understanding of its
conceptual context and holistic approaches that beyond hazard consider exposure,

vulnerability and capacity parameters are required.



To address this gap, the study aims to develop a GIS-based MCDA framework to
identify and map flood risk within Thermi Basin. The framework integrates hazard with
exposure, vulnerability and capacity parameters, weighting them using the Analytic
Hierarchy Process (AHP) based on expert judgments and aggregating them through
Weighted Overlay Analysis in GIS to create a flood risk map. Then, it applies an impact
analysis on the environment, infrastructure and population and validates the results
against official Areas of Potential Significant Flood Risk (APSFR) and eighteen
documented flood-prone locations. Finally, the study proposes some indicative
strategies for each flood risk zone that decision-makers can further develop to support

their mitigation efforts.

The specific objectives of the study are to:

» Identify and select appropriate flood hazard, exposure and vulnerability/
capacity parameters based on literature review.

= Assign weights to the selected parameters using MCDA-AHP method through
expert judgements.

» Integrate, standardize and analyze data in GIS to assess and map flood risk.

= Assess potential impacts on the environment, infrastructure and population.

» Validate the results using official Areas of Potential Significant Flood Risk
(APSFR) and flood-prone locations.

* Propose indicative strategies for each flood risk zone.

Therefore, the study is centered on the following research questions:

=  What are the main hazard, exposure and vulnerability/ capacity parameters that
influence flood risk in the study area and what weights should be assigned to
reflect their relative significance?

= What is the spatial distribution of flood risk across the study area based on the
analysis of relevant datasets in GIS?

= What are the potential impacts on the environment, infrastructure and
population across different flood risk levels and what indicative strategies can

be proposed for each flood risk zone?






2. Background

2.1. GIS-based MCDA
Decision-making often requires simultaneous consideration of multiple parameters
under conditions of complexity, uncertainty and different interests (Abdullah et al.,
2021). To address these challenges, Multi-Criteria Decision Analysis (MCDA)
provides a systematic and transparent framework for assessing different options that

could lead to decisions (Abdullah et al., 2021; Dell” Ovo et al., 2020).

MCDA typically consists of several stages including defining the decision context,
identifying objectives and parameters, identifying and evaluating alternatives,
assigning weights to parameters, aggregating results, visualizing results and conducting
sensitivity analysis (Dell” Ovo et al.,, 2020). Among these, problem structuring,
parameters selection, weighting and aggregation are particularly important as they

influence the problem-solving process (Dell” Ovo et al., 2020).

Effective problem structuring requires a clear understanding and organization of the
decision problem as it influences the analysis and determines the problem-solving
orientation (Guitouni & Martel, 1998). Stakeholder analysis is also important, as it
involves the proper identification of stakeholders and understanding of their roles and
responsibilities to capitalize their knowledge and expertise in the decision-making

process (Dell” Ovo et al., 2020).

Parameters selection is a critical stage in MCDA as it significantly influences decision-
making (Abdullah et al., 2021). Parameters define and structure the decision problem
(Dell’ Ovo et al., 2020) and their quantity and quality vary depending on the problem
type (Abdullah et al., 2021). According to Dell’ Ovo et al. (2020) parameters should be
systemic, consistent, independent, comparable and measurable and can be identified

through value-based approaches, stakeholders’ participation or literature review.

Weighting parameters refers to the process of representing the preferences of
stakeholders involved by assigning relative importance to each of them. Several
methods have been developed to support the weighting process differing in
methodology and levels of involvement of stakeholders, leading to different results

(Dell’ Ovo et al., 2020). Common weighting methods in the context of water-related



disaster events include Analytical Hierarchy Process (AHP), Analytic Network Process
(ANP), Multi-Attribute Utility Theory (MAUT) and Simple Multi-Attribute Rating
Technique (SMART) (Abdullah et al., 2021). For example, AHP deconstructs complex
decision problems into a hierarchical framework and applies pairwise comparisons to
transform qualitative judgements into consistent and measurable weights representing
the importance of parameters (Sun et al., 2013; Meesariganda & Ishizaka, 2016) while
fuzzy AHP translates subjective judgements into linguistic variables represented as
fuzzy intervals (Aruldoss et al., 2013; Ho & Ma, 2017). ANP models complex
interdependencies and relationships among decision elements through network
structures and super-matrix processes (Cheng & Li, 2005; Sanchez-Garrido et al.,
2022). MAUT assigns utility scores and uses weighted sums to support decision-
making under risk and conflicting objectives (Kahraman & Kaya, 2012; Mateo, 2012a;
Khalafalla & Rueda-Benavides, 2024). SMART assigns weights on a 1-100 scale,
normalizes attributes and aggregates the final attributes values to provide total ranking

(Dwanoko et al., 2018; Dervishaj et al., 2017).

Aggregation considers the performance of alternatives and preferences of stakeholders
to support optimization, sorting or ranking (Dell” Ovo et al., 2020) while aggregation
methods can be divided into three categories: compensatory, partially compensatory
and non-compensatory (Guitouni & Martel, 1998). Compensatory methods use value
functions and analytical approaches to provide an efficient solution that balances
performance of independent parameters (Guitouni & Martel, 1998; Dell’ Ovo et al.,
2020). Partially compensatory methods use pairwise comparisons to define outranking
relations and evaluate compensation (Guitouni & Martel, 1998; Dell’ Ovo et al., 2020)
while non-compensatory methods use rules by transforming knowledge from observed
data to classify alternatives and support decision-making (Dell’ Ovo et al., 2020).
Common aggregation methods in the context of water-related disaster events include
Data Envelopment Analysis (DEA), Weighted Sum Model (WSM), Weighted Product
Model (WPM), Goal Programming (GP), Technique for Order Preferences by
Similarity to Ideal Solutions (TOPSIS), Simulated Uncertainty Range Evaluations
(SURE), Elimination and Choice Translating Reality (ELECTRE) and Preference
Ranking Organization Method for Enrichment of Evaluations (PROMETHEE)
(Abdullah et al., 2021). For example, DEA evaluates the relative efficiency of decision-

making units to compare several inputs and outputs through linear programming
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(Amirteimoori et al.,, 2006; Abdullah et al., 2021). WSM aggregates uniform
parameters by summing the weighted scores of different alternatives (Abdullah et al.,
2021). WPM evaluates alternatives similarly to WSM, but uses multiplication, not
addition (Abdullah et al., 2021). GP addresses multiple conflicting decision problems
by minimizing deviations from predetermined goal values (Colapinto et al., 2015;
Giitmen et al., 2024). TOPSIS ranks alternatives by calculating their relative proximity
to an ideal solution and distance from a negative ideal solution using Euclidean distance
(Balali et al., 2022; Abdullah et al., 2021). SURE manages uncertainty and preference
overlaps by modeling alternatives with triangular distributions (Hodgett & Siraj, 2018;
Abdullah et al., 2021). ELECTRE selects, sorts or ranks alternatives by constructing
agreement, neutral and disagreement sets and matrices (Abdullah et al. 2021; Vahdani
et al.,, 2010; Akram et al.,, 2022). PROMETHEE uses preference functions and
comparisons of multiple conflicting parameters to rank alternatives across partial
(PROMETHEE I), complete (PROMETHEE II) and advanced (PROMETHEE III-VI)
ranking formats (Mateo, 2012b; Papathanasiou & Ploskas, 2018; Akram & Bibi, 2023)

The selection of the most appropriate MCDA method for each stage can differentiate
and be guided by multiple factors including the number of the decision-makers,
objectives and alternatives involved, potential constraints, risk tolerance, uncertainties,
scales and units, data availability and general problem-solving orientation (Greene et

al., 2011).

MCDA methods have been widely applied together with Geographical Information
Systems (GIS) to address spatial problems (Greene et al., 2011; Dell” Ovo et al., 2020).
GIS-based MCDA approaches provide more holistic and informed solutions increasing
the reliability of the final decision by combining the capabilities of MCDA with GIS
(Feizizadeh & Kienberger, 2017; Dell’ Ovo et al., 2020). Such frameworks typically
include procedures like collecting and standardizing parameters expressed as spatial
data with uniform units, weighting parameters to represent their relative importance and
aggregating them into a single index for the assessing alternatives (Feizizadeh &
Kienberger, 2017; Dell’ Ovo et al., 2020). Over time, various combinations of MCDA
methods and GIS applications have been proposed (Greene et al., 2011). Among these,
the AHP is one of the most widely used due to its capabilities and ease of integration

with GIS (Feizizadeh & Kienberger, 2017). However, GIS-based MCDA methods have
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also limitations related to uncertainties in model selection, system representation,
parameters weighting, data quality and subjectivity of expert judgments (Feizizadeh &
Kienberger, 2017).

2.2. Flood Risk Conceptualization and Assessment
2.2.1. Disaster Risk
The conceptualization of disaster risk has evolved significantly over the past decades;
a transformation that is reflected in the official definitions adopted by the United
Nations. The term was formally introduced in the United Nations Office for Disaster
Risk Reduction (UNDRR) Terminology (2009) providing a more probabilistic
definition to risk mainly focusing on the likelihood of hazards and their potential
impacts (UNDRR, 2009). The definition also implied the importance of understanding

the nature of hazards and the socioeconomic context in which risk is experienced.

A significant advancement was made with the revised definition proposed in 2017 by
the UNDRR, as part of the implementation of the Sendai Framework for Disaster Risk
Reduction (2015-2030) and its effort to establish a common terminology context. This
definition introduced a more sophisticated dimension. Disaster risk is defined not only
by its likelihood and its potential impacts but also as the continuous interaction among
hazard, exposure, vulnerability and capacity (UNDRR, 2017). These components are
considered as distinct and shaped by social, institutional, political and economic
conditions that influence communities’ perceptions and their capacity to manage risk
(UNDRR, 2017). Consequently, disaster risk is perceived as a dynamic system in which

multiple factors interact over time and when combined, disaster risk materializes.

According to UNDRR (2017), disaster risk is defined as:

“The potential loss of life, injury, or destroyed or damaged assets which could occur
to a system, society or a community in a specific period of time, determined

probabilistically as a function of hazard, exposure, vulnerability and capacity.”

This relationship of disaster risk, as defined by hazard, exposure, vulnerability and

capacity components, is often simplified and represented by the following formula.



Disaster Risk = f(Hazard, Exposure, Vulnerability, Capacity)

This equation implies that any change in one or more of these factors directly influences
the level of the total disaster risk. Crichton (1999) also conceptualized this relationship
using the “Risk Triangle”, where hazard, exposure and vulnerability form the sides of
a triangle and the area enclosed represents the overall risk. Modifying any triangle’s
side changes the total area or the overall disaster risk, highlighting the interdependent
relationship among them. However, in this case, capacity is not clearly included in the

model.

2.2.2. Flood Risk

Disaster risk increases in terms of intensity and frequency of hazard events due to
human activities that contribute to climate change along with the poor decision-making
in urban planning and inappropriate environmental management (UNDRR, 2024). The
potential impacts on population, infrastructure and the environment are intensified
when vulnerability and exposure levels are higher. To reduce disaster risk and promote
sustainable development, it is crucial to adopt preventive strategies that reduce
exposure and vulnerability and increase resilience. A crucial initial step in assessing
flood risk is the understanding of its nature through the analysis of its components. This
process involves not only identifying the direct triggers of hazard but also addressing
its root causes shaped by historical, social, economic and political factors

(UNDRR,2024).

Applying this conceptual framework to flood risk, flood risk is perceived as the
interaction of physical or environmental processes that trigger flooding and exposure,
vulnerability and capacity factors shaped by the socioeconomic and political context

within which flood risk is perceived.

The following analysis examines these components that contribute to flood risk,
recognizing that their conceptual understanding is crucial for effective flood risk

management.



2.2.2.1. Flood Hazard
UNDRR (2017) defines Hazard as:

“A process, phenomenon or human activity that may cause loss of life, injury or other
health impacts, property damage, social and economic disruption or environmental

degradation.”

Based on the above definition, flood hazard refers to hydrometeorological events that
have the potential to cause damage. Like all types of hazards, flood hazards are
characterized by their location, intensity, frequency and probability (UNDRR, 2017).
However, flood hazard only is perceived as risk when it interacts with exposed and

vulnerable elements.

2.2.2.2.  Flood Exposure
UNDRR (2017) defines Exposure as:

“The situation of people, infrastructure, housing, production capacities and other

tangible human assets located in hazard-prone areas.”

Based on the above definition, flood exposure refers to the presence of populations,
infrastructure and assets in flood-prone areas. It is also implied that while exposure
alone does not determine the flood risk (as its impact also depends on vulnerability) it
is necessary for risk to occur. Therefore, reducing exposure is a fundamental step for

flood risk reduction.

2.2.2.3. Flood Vulnerability
UNDRR (2017) defines a Vulnerability as:

“The conditions determined by physical, social, economic and environmental factors
or processes which increase the susceptibility of an individual, a community, assets or

systems to the impacts of hazards.”

Based on the above definition, flood vulnerability refers to the susceptibility of
population, infrastructure and assets to the potential impacts of flooding. Vulnerability

is influenced by several factors such as physical, social, economic, environmental and
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institutional (ADB, 2016; Bera et al., 2020). In this case, flood vulnerability increases
when for example, multiple conditions such as inadequate infrastructure or unplanned
settlements (physical vulnerability), marginalized or elderly population (social
vulnerability), limited access to resources or poverty (economic vulnerability),
degraded ecosystems or land use changes (environmental vulnerability) and absence of

operational or participatory planning (institutional vulnerability) coexist.

According to Tabasi et al. (2025), the gradual increase of vulnerability can be explained
through Pressure And Release (PAR) model which defines disaster through the
progression from root causes that generate dynamic pressures and lead to unsafe
conditions. Therefore, when vulnerable elements interact with hazard, disaster risk

intensifies, resulting in catastrophic events.

2.2.2.4. Flood Capacity
UNDRR (2017) defines a Capacity as:

“The combination of all the strengths, attributes and resources available within an
organization, community or society to manage and reduce disaster risks and strengthen

’

resilience.’

Based on the above definition, flood capacity refers to the ability of an organization,
community or society to manage flood events and enhance their resilience.
Alternatively, capacity is related to the ability of the elements to absorb, anticipate,
prevent, adapt or transform to manage hazardous events (Manyena et al., 2019).
Therefore, capacity is associated with resilience, which is perceived as a positive
parameter that mitigates vulnerability and contributes to reducing the overall flood risk

(Tabasti et al., 2025).

Flood risk is affected by the continuous interaction of hazard, exposure, vulnerability
and capacity. Contemporary floods increasingly deviate from historical patterns along
with neglect early warnings (UNDRR, 2019; UNDRR, 2024). Addressing these
challenges requires strategies that combine scientific analysis with local knowledge.
Learning from past catastrophic events and being adaptable to changing conditions is

crucial for efficient flood risk mitigation and building resilience (UNDRR, 2024).
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2.2.3. Flood Risk Parameters
Flood risk assessments apply several methods to analyze and evaluate flood risk based
on influencing factors and variables (Diez-Herrero & Garrote, 2020). The effectiveness
of these assessments depends on the selection of parameters that reflect hazard,
exposure and vulnerability/capacity and capture the unique characteristics of the study
area. Selecting the most appropriate parameters is a challenging process, as it requires
careful consideration of the factors influencing flood risk. One critical process is
balancing comprehensiveness with simplicity (Abdullah et al., 2021). While there is no
standard number of parameters that need to be included in flood risk assessments, their
selection should be made strategically. Particularly, many parameters can provide a
more detailed and holistic understanding of flood risk but may also increase the
complexity of decision-making and a limited number of parameters may overlook
crucial factors, potentially resulting in incomplete or insufficient assessments

(Abdullah et al., 2021).

Given the potential constraints associated with the required data, the most effective
approach is selecting a set of parameters that are relevant, feasible and reliable
(Abdullah et al., 2021). Additionally, the selection of analysis scale -whether employing
a localized approach that focuses on study area’s conditions or a systematic approach
that examines broader factors- can significantly influence the assessments (Abdullah et

al., 2021).

Previous studies that use MCDA in flood risk assessments have shown significant
variation in the number of chosen parameters, ranging from a few to many (Abdullah
et al., 2021). These studies also differ in scope, with some focusing mainly on flood
hazard while others integrate additional components such as exposure, vulnerability
and/or capacity. Diez-Herrero and Garrote (2020) observed in their extensive research
that flood risk assessments often place disproportionate emphasis on hazard analysis
while less emphasis is given on vulnerability and to a greater extent on exposure. They
also highlighted the importance of adopting a more balanced approach that equally
integrates all risk components and analyzes their associated uncertainties (Diez-Herrero

& Garrote, 2020).
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To systematize the existing literature on flood risk assessment, a comprehensive review
of 28 peer-reviewed studies was conducted, focusing on the parameters frequently used.
These were classified into four categories: flood hazard, flood exposure, flood
vulnerability and flood resilience (or capacity) parameters. The review identified 405
parameters which resulted in 220 parameters after removing duplicates. Among these
parameters, 83 were related to vulnerability, 40 to hazard, 34 to capacity-resilience and
24 to exposure. Additionally, 18 parameters were identified from studies that did not
clearly categorize them into flood risk components, adopting a more hazard-based
approach. Furthermore, some parameters were observed to overlap across multiple
components: 7 were shared between exposure and vulnerability concepts, 6 between
vulnerability and capacity-resilience, 3 between hazard and exposure, 3 between hazard
and vulnerability. While 2 parameters were categorized under the general umbrella of

flood risk.

The following section presents these parameters representing flood risk components.

2.2.3.1. Flood Hazard Parameters
The analysis of flood hazard parameters is divided into two categories: studies that
adopt a more technical or hazard-based approach without clearly defining other
components of flood risk and those that employ a more comprehensive approach
integrating exposure, vulnerability or capacity parameters. In the second case, flood

hazard is treated as one distinct flood risk component among others.

In this context, commonly used parameters in reviewed hazard-based studies include
horizontal and vertical overland flow distance, aspect, modified Fournier index,

topographic position index and stream power index.

Table 1 Hazard parameters identified in reviewed hazard-based studies (Source: see sources cited, own processing)

Hazard Parameter References

(non-distinct)

horizonal overland Stefanidis et al., 2021; Feloni et al., 2019; Papaioannou et al., 2015;

flow distance Kanani-Sadat et al., 2019

vertical overland  Stefanidis et al., 2021; Feloni et al., 2019; Papaioannou et al., 2015;

flow distance Kanani-Sadat et al., 2019
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aspect Feloni et al., 2019; Papaioannou et al., 2015; Tehrany et al., 2019

modified Fournier Feloni et al., 2019; Papaioannou et al., 2015; Kanani-Sadat et al.,

index 2019

topographic Stefanidis et al., 2021; Papaioannou et al., 2015; Kanani-Sadat et al.,
position index 2019

stream power index Tehrany et al., 2019; Wang et al., 2015

In addition to these commonly used parameters, several others have also been used in
hazard-based studies including: available water capacity (Kourgialas & Karatzas,
2017), building area (Xu et al., 2018), height above nearest drainage (Ashfaq et al.
2025), length of drainage conduits (Xu et al., 2018), maximum 3-day precipitation
(Wang et al., 2015), precipitation index (Taoukidou et al., 2025), precipitation time
(Wang et al., 2024), runoff depth (Wang et al., 2015), sediment transport index
(Tehrany et al., 2019), soil erodibility (Kourgialas & Karatzas, 2017), topographic
roughness index (Tehrany et al., 2019) and typhoon frequency (Wang et al., 2015).

Hazard parameters identified in the reviewed comprehensive risk-based studies include

hydrological (e.g. precipitation, flood depth, duration, velocity and curve number),
topographic and terrain (e.g. topographic wetness index and curvature) as well as

geological (e.g. geology) parameters.

Table 2 Hazard parameters identified in reviewed comprehensive risk-based studies (Source: see sources cited, own
processing)

Hazard References
Parameter
(distinct)
topographic Ashfaq et al. 2025; Hossain et al., 2023; Sharker et al., 2025; Gupta &
wetness index  Dixit, 2022; Lappas & Kallioras, 2019; Khan et al., 2025; Stefanidis et
al., 2021; Feloni et al., 2019; Papaioannou et al., 2015; Kanani-Sadat et
al., 2019; Tehrany et al., 2019; Wang et al., 2015
precipitation  Ashfaq et al. 2025; Hossain et al., 2023; Sharker et al., 2025; Khan et al.,
2025; Nahin et al., 2023; Yang et al., 2013; Theochari et al., 2021
curve number  Stefanidis et al., 2021; Ekmekcioglu et al., 2020; Feloni et al., 2019;
Papaioannou et al., 2015; Kanani-Sadat et al., 2019
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geology Gupta & Dixit, 2022; Lappas & Kallioras, 2019; Khan et al., 2025;
Taoukidou et al., 2025; Tehrany et al., 2019
curvature Ashfaq et al. 2025; Khan et al., 2025; Feloni et al., 2019; Tehrany et al.,
2019
flood depth Wang et al., 2024; Foudi et al., 2015; Cai et al., 2019; Xu et al., 2018
precipitation  Gupta & Dixit, 2022; Lappas & Kallioras, 2019; Lin et al., 2019;

intensity Kourgialas & Karatzas, 2017
flood duration Rana & Routray, 2017; Cai et al., 2019
flood velocity  Foudi et al., 2015; Xu et al., 2018

precipitation  Lin et al., 2019; Wang et al., 2024

frequency

Additionally, several less widely applied parameters have been identified in
comprehensive risk-based studies including: dam break (Yang et al., 2013), damages
of previous flood (Rana & Routray, 2017), debris (Foudi et al., 2015), discharge (Gain
et al., 2015), distance to embankment breach locations (Gupta & Dixit, 2022), drainage
capacity (Wang et al., 2024), erosion and sedimentation (Khan et al., 2025), erosive
force of water flow (Khan et al., 2025), flood area (Cai et al., 2019), floodplain (Foudi
et al., 2015), fractional vegetation cover (Wang et al., 2024), frequency of flood in the
neighborhood (Rana & Routray, 2017), frequency of flood inside the house (Rana &
Routray, 2017), geomorphology (Gupta & Dixit, 2022), height of flood measured from
local roads (Rana & Routray, 2017), height of flood measured from residence ground
floor (Rana & Routray, 2017), imperviousness (Theochari et al., 2021), likelihood of
inundation (Rana & Routray, 2017), number of rainy days in a year (Ekmekcioglu et
al., 2020), probability (Foudi et al., 2015), precipitation erosivity factor (Gupta & Dixit,
2022), return period of a storm event (Ekmekcioglu et al., 2020), river cross section
(Gain et al., 2015), runoff coefficient (Gupta & Dixit, 2022), spot height (Gain et al.,
2015), storm water pipe network (Ekmekcioglu et al., 2020), topographic relief (Wang
et al., 2024), tsunami (Yang et al., 2013), typhoon (Yang et al., 2013) and water level
(Gain et al., 2015).

Additionally, slope, elevation and normalized difference vegetation index are

frequently used parameters shared between flood hazard and exposure contexts.
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Table 3 Hazard/ exposure parameters identified in reviewed studies (Source: see sources cited, own processing)

Hazard/ References
Exposure
Parameter
slope Ashfaq et al. 2025; Hossain et al., 2023; Sharker et al., 2025; Gupta &

Dixit, 2022; Lappas & Kallioras, 2019; Khan et al., 2025; Lin et al., 2019;
Nahin et al., 2023; Danumah et al., 2016; Stefanidis et al., 2021;
Ekmekcioglu et al., 2020; Feloni et al., 2019; Papaioannou et al., 2015;
Taoukidou et al., 2025; Theochari et al., 2021; Kourgialas & Karatzas,
2017; Kanani-Sadat et al., 2019; Wang et al., 2024; Tehrany et al., 2019;
Jun et al., 2013; Cai et al., 2019; Xu et al., 2018; Wang et al., 2015
elevation Ashfaq et al. 2025; Hossain et al., 2023; Sharker et al., 2025; Gupta &
Dixit, 2022; Lappas & Kallioras, 2019; Khan et al., 2025; Lin et al., 2019;
Nahin et al., 2023; Danumabh et al., 2016; Feloni et al., 2019; Papaioannou
et al., 2015; Yang et al., 2013; Taoukidou et al., 2025; Theochari et al.,
2021; Kourgialas & Karatzas, 2017; Kanani-Sadat et al., 2019; Tehrany
et al., 2019; Cai et al., 2019; Xu et al., 2018
normalized Ashfaq et al. 2025; Hossain et al., 2023; Sharker et al., 2025; Khan et al.,
difference 2025; Lin et al., 2019; Kanani-Sadat et al., 2019; Wang et al., 2015

vegetation

index

Correspondingly, distance from river, drainage density and soil type are frequently used

parameters that appear either as hazard or as vulnerability factors.

Table 4 Hazard/ vulnerability parameters identified in reviewed studies (Source. see sources cited, own processing)

Hazard/ References
Vulnerability
Parameter
distance from  Ashfaq et al. 2025; Sharker et al., 2025; Gupta & Dixit, 2022; Lappas &
river Kallioras, 2019; Khan et al., 2025; Lin et al., 2019; Nahin et al., 2023;
Taoukidou et al., 2025; Tehrany et al., 2019; Xu et al., 2018; Wang et al.,
2015
drainage Ashfaq et al. 2025; Sharker et al., 2025; Gupta & Dixit, 2022; Khan et
density al., 2025; Lin et al., 2019; Nahin et al., 2023; Danumabh et al., 2016; Yang
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et al., 2013; Taoukidou et al., 2025

soil type Ashfaq et al. 2025; Sharker et al., 2025; Gupta & Dixit, 2022; Lappas &
Kallioras, 2019; Khan et al., 2025; Nahin et al., 2023; Danumah et al.,
2016; Tehrany et al., 2019; Wang et al., 2015

2.2.3.2. Flood Exposure Parameters
The most frequently used exposure parameters (distinctively defined as exposure
parameters) are grouped into socioeconomic and household, environmental/ climate

and land use/ infrastructure factors for the analysis purposes of this study.

Socioeconomic and household factors include housing type (Khan et al., 2025; Rana &
Routray, 2017), building construction materials (Rana & Routray, 2017), building
height (Rana & Routray, 2017), dependent population (Khan et al., 2025), family type
(Rana & Routray, 2017), house prices (Wang et al., 2024), household size (Rana &
Routray, 2017), household with injury/ death in previous floods (Rana & Routray,
2017), household's did not receive warning about last floods (Rana & Routray, 2017),
household's level of understanding national warning system (Rana & Routray, 2017),
humans (Foudi et al., 2015), location of the house (Rana & Routray, 2017) and people
dependent on agriculture (Gain et al., 2015).

Environmental and climatic factors include 5-day maximum precipitation (Jun et al.,
2013), daily maximum precipitation (Jun et al., 2013), days over 80mm precipitation
(Jun et al., 2013), ecosystems (Foudi et al., 2015), summer precipitation (June-

September) (Jun et al., 2013) and surface runoff (Jun et al., 2013).

Land use and infrastructure factors include monetary value of land use and land cover
types (Gain et al., 2015), non-residential (Foudi et al., 2015), number of bridges (Khan
et al., 2025), number of garments industry (Gain et al., 2015) and number of total cars
(Gain et al., 2015).

Seven parameters identified across the reviewed studies are shared between exposure
and vulnerability concepts. These include land use and land cover, population density,
total population, building age, agriculture, impermeability and residential parameters.
While the parameters shared between hazard and exposure have been discussed in the

previous hazard parameters section.
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Table 5 Exposure/ vulnerability parameters identified in reviewed studies (Source: see sources cited, own

processing)

Exposure/
Vulnerability

Parameter

References

land use land

Ashfaq et al. 2025; Hossain et al., 2023; Sharker et al., 2025; Gupta &

cover Dixit, 2022; Lappas & Kallioras, 2019; Khan et al., 2025; Lin et al., 2019;
Nahin et al., 2023; Ekmekcioglu et al., 2020; Taoukidou et al., 2025;
Theochari et al., 2021; Kourgialas & Karatzas, 2017; Gain et al., 2015;
Tehrany et al., 2019; Wang et al., 2015
population Gupta & Dixit, 2022; Khan et al., 2025; Lin et al., 2019; Nahin et al.,
density 2023; Danumabh et al., 2016; Moreira et al., 2021; Ekmekcioglu et al.,
2020; Yang et al., 2013; Wang et al., 2024; Jun et al., 2013
total Khan et al., 2025; Moreira et al., 2021; Gain et al., 2015; Jun et al., 2013
population
building age Moreira et al., 2021; Gain et al., 2015; Rana & Routray, 2017
agriculture Gain et al., 2015; Foudi et al., 2015
impermeability Cai et al., 2019
residential Foudi et al., 2015
2.2.3.3. Flood Vulnerability Parameters

Recognizing the importance of integrating multiple flood risk components into flood
risk assessments and acknowledging the limitations of the strictly technical or hazard-
based approaches that often underestimate socioeconomic dimensions, several studies
have adopted more holistic methodologies. Some studies integrate vulnerability along
with hazard (Nahin et al., 2023; Danumabh et al., 2016) while others integrate hazard,
exposure and/or vulnerability parameters (Cai et al., 2019; Foudi et al., 2015; Gain et
al., 2015). Several studies adopt the conceptual framework proposed by UNDRR
(2017) which includes capacity as an additional component of flood risk (Jun et al.,
2013; Rana & Routray, 2017; Wang et al., 2024). While other studies such as the study
of Moreira et al. (2021) focus exclusively on vulnerability, offering a focused analysis
on this flood risk component. The identified vulnerability parameters are grouped into
the following categories for the analysis purposes of this study:
* Hydrological and topographical parameters include among others: flow
accumulation (Gupta & Dixit, 2022; Lappas & Kallioras, 2019; Stefanidis et
al., 2021; Papaioannou et al., 2015; Taoukidou et al., 2025; Kourgialas &
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Karatzas, 2017; Kanani-Sadat et al., 2019), relief ratio of terrain (Lin et al.,
2019), distance from stream confluence (Gupta & Dixit, 2022), area ratio with
the banks (Jun et al., 2013), low-lying area of less than 10m (Jun et al., 2013),
low-lying household of less than 10m (Jun et al., 2013).

Structural parameters include among others: building density (Gupta & Dicxit,
2022; Cai et al., 2019), building material (Moreira et al., 2021; Gain et al.,
2015), building structure (Foudi et al., 2015), building type (Moreira et al.,
2021), building location (Moreira et al., 2021), built year of vulnerable
structures (Ekmekcioglu et al., 2020), road network (Moreira et al., 2021).
Social and demographic parameters include among others: education level
(Moreira et al., 2021; Ekmekcioglu et al., 2020; Rana & Routray, 2017),
female rate (Moreira et al., 2021; Rana & Routray, 2017), male rate (Rana &
Routray, 2017), age of vulnerable population (Ekmekcioglu et al., 2020),
elderly rate (Moreira et al., 2021), persons with disabilities (Moreira et al.,
2021), population poor (Moreira et al., 2021), vulnerable population (Gupta &
Dixit, 2022), distance to vulnerable populations (Wang et al., 2024).
Household parameters include among others: household with more than four
family members (Gupta & Dixit, 2022), family members (Moreira et al., 2021),
households having no means of transportation (Rana & Routray, 2017),
households without safe water (Moreira et al., 2021), households without
electricity (Moreira et al., 2021; Rana & Routray, 2017), households without
sanitation (Moreira et al., 2021; Rana & Routray, 2017).

Economic parameters include among others employment rate (Gupta & Dixit,
2022; Moreira et al., 2021), household income (Moreira et al., 2021), cost of
flood damage last three years (Jun et al., 2013), industrial production (Yang et
al., 2013), occupation of household head (Rana & Routray, 2017), population
of flood damage last three years (Jun et al., 2013).

Infrastructure and access include among others distance from road (Ashfaq et
al. 2025; Sharker et al., 2025; Gupta & Dixit, 2022; Khan et al., 2025; Tehrany
et al., 2019), no. of health personnel (Nahin et al., 2023), no. of shelters (Nahin
et al., 2023), education facilities (Khan et al., 2025), number of hospitals
(Moreira et al., 2021), own vehicle (Moreira et al., 2021), poi density (Cai et
al., 2019), number of bus stops (Ekmekcioglu et al., 2020).

Early Warning Systems include early warning system’s information content,
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lead time and reliability (Gain et al., 2015), speed on onset (Foudi et al., 2015).

= Land use and land cover include among others: vegetation coverage (Yang et
al., 2013), % of easily flooded farmland (Yang et al., 2013), agriculture,
forestry, animal husbandry and fishing production (Yang et al., 2013), urban
area (Moreira et al., 2021).

Shared parameters between hazard and vulnerability and between exposure and
vulnerability are described in the previous flood hazard parameters and flood exposure
parameters sections, respectively. Moreover, six parameters have been identified as
shared between vulnerability and capacity-resilience concepts. These include GDP,
literacy rate, dependency rate, distance from hospital, early warning system and income

level parameters.

Table 6 Vulnerability/ capacity-resilience parameters defined in reviewed studies (Source: see sources cited, own
processing)

Vulnerability/ References
capacity-
resilience
Parameter
GDP Lin et al., 2019; Moreira et al., 2021; Wang et al., 2024; Jun et al., 2013
literacy rate Khan et al., 2025; Nahin et al., 2023; Moreira et al., 2021; Gain et al.,
2015

dependency Moreira et al., 2021; Gain et al., 2015; Rana & Routray, 2017
rate

distance from  Gupta & Dixit, 2022; Wang et al., 2024; Rana & Routray, 2017

hospital

early warning  Foudi et al., 2015

system

income level Ekmekcioglu et al., 2020; Gain et al., 2015

2.2.3.4. Flood Capacity Parameters
The most frequently used capacity/ resilience parameters are grouped into coping,
adaptive and transformative capacity factors for the analysis purposes of this study:
= Coping capacity, which relates to elements’ ability to respond to and manage
flood risk or disasters, include parameters such as infrastructure (Lin et al.,

2019), medical (Lin et al., 2019), number of civil servants per population (Jun
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et al.,, 2013), number of civil servants related to water (Jun et al., 2013),
financial independence (Jun et al., 2013), flood insurance (Moreira et al.,
2021), households having any kind of savings, average monthly household's
savings, housing having building insurance, housing having insurance, number
of earning members in household, households having family member who can
swim, households having family member who has first aid knowledge,
households having households with family member employed outside flood-
prone area, households having land/ house outside the flood-prone community,
households having multiple sources of livelihood options, households having
relatives outside the city (Rana & Routray, 2017) and distance to fire station
(Wang et al., 2024).

= Adaptive capacity, which relates to element’s ability to learn from previous
experiences and adjust accordingly, include parameters such as past flood
experience (Moreira et al., 2021; Rana & Routray, 2017), frequency of public
awareness programs/ drills attended, availability and circulation of emergency
plans to households, households aware of emergency shelter, households
aware of evacuation routes, community having land use/zoning laws and HH
following them, households that have not gone to their local government for
assistance in the past twelve months, strength of community cooperation in
disaster response (Rana & Routray, 2017), emergency committee (Moreira et
al., 2021) and per capita resident savings (Wang et al., 2024).

= Transformative capacity, which relates to element’s ability to change
enhancing its resiliency and reducing its vulnerability, include parameters such
as accuracy of flood dispatching (Yang et al., 2013), flood control standard
(Yang et al., 2013), flood controllability of reservoirs (Jun et al., 2013),
capacity of drainage facilities (Jun et al., 2013), disaster relief agencies (Yang
et al., 2013), ratio of improved river section (Jun et al., 2013), community
having land use/zoning laws and HH following them (Rana & Routray, 2017)
and strength of community cooperation in disaster response (Rana & Routray,
2017).

Additionally, six parameters identified across the reviewed studies as shared between
vulnerability and capacity-resilience are presented in the corresponding section of flood

vulnerability parameters.
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2.3. Review of related studies using MCDA for flood risk assessment
Flood risk is influenced by multiple factors and underlying conditions that interact in
systematic and cumulative way, often leading to catastrophic events. Its
multidimensional nature renders flood risk challenging to interpret and, in some cases,
difficult to assess particularly when further exacerbated by climate change, which
increases the frequency and intensity of precipitation, as well as by population growth

and land use changes, which intensify exposure and vulnerability (UNDRR, 2020).

Flood risk assessment requires a holistic evaluation of multiple interrelated parameters
such hazard, exposure, vulnerability and capacity. To address these challenges, various
methodological approaches have been developed over time. These include the historical
disaster statistical method, multi-criteria index system method, remote sensing and GIS
coupling method, scenario simulation evaluation method and machine learning-based

algorithms (Tabasi et al., 2025; Wang et al., 2024).

Multi-Criteria Decision Analysis (MCDA) has been recognized as essential
methodological framework. MCDA methods are applied to support decision-making in
complex, multifaceted and time sensitive contexts such as flood risk management
(Taoukidou et al., 2025). These methods integrate and prioritize diverse parameters into

structured decision-making processes, enhancing transparency and accuracy (Abdullah

etal., 2021).

Several methods have been applied in flood risk assessments, particularly in the
mitigation phase of disaster risk management where decisions are made on developing
strategic and operational planning (Abdullah et al., 2021). Although many studies apply
a single MCDA method, there is a growing increase in hybrid methods applications.
These hybrid methods aim to overcome limitations of single MCDA methods and are
selected each time based on spatial scale, data availability, data quality, accuracy

requirements and resource constraints of different studies (Abdullah et al., 2021).

The integration of MCDA with Geographic Information Systems (GIS) is another
improvement in flood risk assessment. GIS enhances MCDA by providing capabilities
of data analysis and visualization, enabling the creation of detailed flood risk maps that

support early warning and mitigation efforts (Gupta & Dixit, 2022; Khan et al., 2025;
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Taoukidou et al., 2025). By integrating diverse spatial and non-spatial datasets
corresponding to examined parameters, GIS-based MCDA offers a better
understanding of flood risk and facilitates decision-making processes (Taoukidou et al.,
2025; Lin et al., 2019). However, GIS is mainly used passively for storing data and
creating maps rather than for comprehensive analysis (Diez-Herrero & Garrote, 2020).
This occurs given the absence of standardized data formats which limit systematic
analysis within GIS as well as the software flexibility to adapt to diverse geographic
contexts (Diez-Herrero & Garrote, 2020). These limitations undermine the potential

capacity of GIS to function as main analytical tool within flood risk management.

A review of relevant literature provides several methodological paradigms applied in
flood risk assessment, which combine GIS with MCDA methods such as AHP, ANP,
WLC, TOPSIS, fuzzy TOPSIS and Artificial Neural Networks (ANNs), often along
with other tools (Jun et al., 2013; Kourgialas & Karatzas, 2017; Xu et al., 2018; Kanani-
Sadat et al., 2019; Theochari et al., 2021; Ashfaq et al., 2025). These approaches in
some cases attempt to assess flood risk by using not only hazard but also vulnerability
and exposure parameters to create relative maps and support decision-making. Many of
these approaches apply mixed or advanced MCDA methods to overcome limitations of
single methods, particularly in scarce or ungauged data and across different geographic
scales. However, they include limitations like remaining subjectivity in expert
judgement (Jun et al., 2013; Kanani-Sadat et al.; 2019; Theochari et al., 2021; Ashfaq
et al., 2025), data availability and quality constraints (Xu et al., 2018; Theochari et al.,
2021; Ashfaq et al., 2025) and omission of critical socioeconomic parameters (Xu et
al., 2018; Theochari et al., 2021). To enhance model accuracy and decision-making,
they often recommend comprehensive vulnerability analysis (Jun et al., 2013; Xu et al.,
2018), fuzzy logic involvement (Kanani-Sadat et al.; 2019), artificial intelligence
(Kourgialas & Karatzas, 2017), hydrological and hydraulic modeling (Kanani-Sadat et
al.; 2019; Theochari et al., 2021) and high-resolution and quality datasets (Ashfaq et
al., 2025; Xu et al., 2018). Table 7 presents several paradigms of single and hybrid
MCDA approaches along with methodology details, their strengths and limitations as

well as improvement recommendations.
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Table 7 Overview of MCDA (single and hybrid) methods applications in flood risk assessment (Source: see sources cited, own processing)

Author Location Method/ tools Validation Strengths Limitations Improvement
recommendations
Jun et al. South Delphi technique,  -Comparison of -Considers impacts under different -Delphi results depend on the -Conduct extensive analysis of
(2013) Korea Climate Scenarios ~ WSM, TOPSIS climate change scenarios selection of experts uncertainty in vulnerability
(CCSM3 + and fuzzy -Addresses uncertainty using fuzzy -Ranking differences between assessments
SRES), WSM, TOPSIS concept (weighting) TOPSIS, fuzzy TOPSIS and WSM -Integrate vulnerability framework
TOPSIS, fuzzy -Spearman rank  -Combines climate change scenarios -Remaining uncertainty requires within MCDM field
TOPSIS correlation and MCDA methods for comparison vulnerability assessment
coefficients purposes (ranking)
Kourgialas Greece GIS-based 100 historical -Addresses gap in ungauged or -Black box nature of ANNs (lack of -Use of ANNs with GIS
& Karatzas MCDA using flood events poorly gauged basins physical meaning) -Training models to improve
(2017) Artificial Neural -High mapping accuracy with ANNs -Data training dependency extrapolation
Networks (ANNs) -Objective weighting
-Adaptability at different scales
-Policy and measures
recommendation
Xu et al. China Entropy weight &  Historical flood -Data driven approach -Accuracy depends on data -Use comprehensive index system
(2018) AHP, TOPSIS, k- damage data (no requirement in classification availability including socioeconomic factors
means, GIS, standards) -Overlooks/ underestimates -Use reliable/ available data
PCWMM -Integrates objective (entropy weight) socioeconomic factors -Prioritization of low impact

and subjective (AHP) weights

-Pre-determination of optimal

number of classes

infrastructures
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Kanani- Iran GIS-based Hybrid Receiver -Addresses uncertainty and -Subjectivity given the dependance -Use fuzzy logic and Al for
Sadat et al. MCDM using Operating subjectivity in on expert judgment addressing subjectivity
(2019) fuzzy DEMATEL Characteristic expert judgement using fuzzy logic -Cannot replace hydraulic and -Integrate with hydrologic and
ANP, AHP (ROC) Curve, -Adaptable in data-scarce and hydrologic models hydraulic models for accurate
Area Under the ungauged areas mapping
Curve (AUC), -Considers linkage and
kappa statistics, interdependencies of criteria using
historical data fuzzy DEMATEL
-Sensitivity analysis
Theochari Greece GIS-based No specific -Includes multiple environmental/ -Subjectivity in weighting -Conduct sensitivity analysis
et al. MCDA using method physical and socioeconomic -Non-spatial data are excluded from -Hydrological analysis for improved
(2021) AHP, WLC and parameters GIS analysis predictions
HEC-HMS -Proposed parameters by decision -Standardization method affects
hydraulic makers results
modelling -Uses AHP for weighting and WLC -Data inaccuracy affects hydraulic
for integration simulation
Ashfaq et Pakistan GIS-based ROC, AUC, -Integrates multiple key flood risk -AHP depends on subjective -Use high resolution data
al. (2025) MCDA AHP, 108 flood parameters judgement -Integrate fuzzy logic and advanced

Frequency Ratio
(FR), Remote

Sensing

inventory points

-Uses transferable methodology
applicable to diverse regions
-Effectively identifies flood-prone
areas

-High AHP and FR models accuracy

-FR depends on limited and
unreliable flood inventory data
-Medium-resolution DEM (30m)
-Does not simulate real time flood

processes

machine learning
-Combine existing approaches with
physical hydraulic modeling
-Improve flood protection
infrastructure
-Implement land use policies in high-

risk flood areas




The Analytic Hierarchy Process (AHP) is widely recognized as the most common
MCDA method in flood risk assessment given its structured approach, ease of
application and strong compatibility with GIS (Khan et al., 2025; Taoukidou et al.,
2025; Ashfaq et al., 2025). AHP’s ability to systematically compare and prioritize
flood-related parameters, makes it particularly effective for identifying flood-prone
areas and creating accurate flood risk maps (Lin et al., 2019; Taoukidou et al., 2025;
Ashfaq et al., 2025). When integrated with GIS, AHP enables the organization of spatial
and non-spatial parameters, enhancing the understanding of their relationships and
supporting their management (Papaioannou et al., 2015; Lin et al., 2019). This
integration is especially beneficial as it enables efficient spatial analysis and mapping
of diverse datasets, producing precise and visually interpretable outputs, supporting
effective interaction among decision-makers (Khan et al., 2025; Taoukidou et al.,
2025). This approach is also valuable in data scarce areas where GIS-based MCDA
(AHP) provides a practical solution for flood risk mapping (Taoukidou et al., 2025). To
effectively address uncertainty and subjectivity in expert judgements, the method has
been extended by integrating fuzzy logic (Papaioannou et al., 2015; Feloni et al., 2019;
Ekmekcioglu et al., 2020; Taoukidou et al., 2025). This extension, known as Fuzzy
AHP or FAHP offers increased objectivity and flexibility by using a more relaxed
numerical representation of expert preferences that AHP may fail to manage
(Taoukidou et al., 2025). Although FAHP addresses some limitations of AHP, the
literature also highlights that it can introduce additional complexity which could be

avoided in other cases (Taoukidou et al., 2025).

Several studies in related literature have applied AHP and Fuzzy AHP (FAHP) methods
within GIS framework to assess flood risk. Papaioannou et al. (2015) developed a GIS-
based MCDA (AHP, FAHP) framework to identify flood-prone areas in the Xerias
River watershed in Greece which has experienced repeated flood. They suggested an
AHP-FAHP approach that effectively minimized uncertainty and mainstreamed expert
knowledge, though some clustering methods proved unstable. In the end, they
recommended normalizing criteria and using clustering methods to improve the
approach. Lin et al. (2019) suggested a GIS-based MCDA (AHP) framework to
evaluate the potential areas prone to urban pluvial flooding in Zhengzhou city in China.
They integrated multiple parameters such geographic, hydrologic and socioeconomic

along with capacity parameters. However, their approach is characterized by
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subjectivity in expert judgement and data gaps. They finally recommended
improvement in weighting methods and real-time assessments. Feloni et al. (2019)
introduced a GIS-based hybrid MCDA (AHP, FAHP, MLC) framework to identify
flood-prone areas within Attica region in Greece. The authors by comparing AHP and
FAHP methods produced similar results, with FAHP showing better performance in
addressing uncertainty and reducing processing time. While they effectively classified
flood vulnerability using k-means clustering and developed an appropriate approach for
ungauged areas, they faced challenges due to the limited data availability as well as the
time consuming and complex nature of standardization. They also recommended the
application of sensitivity analysis, the use of high-quality UAV-based data and the
validation with historical satellite data. Ekmekcioglu et al. (2020) applied GIS-based
FAHP and sensitivity analysis to evaluate flood risk across different districts in Turkey.
While their method showed robustness, it heavily depended on expert judgment and
was less effective in complex geological settings. They also recommended integrating
additional updated datasets and additional experts’ perspectives in analysis. Gupta and
Dixit (2022) applied a flexible AHP for comprehensive regional flood risk assessment
in Assam, India, integrating hazard and vulnerability parameters. The authors observed
the lack of data quality and historical flood records and recommended the use of multi-
sensor SAR imaginary and Al and machine learning for improved assessments.
Taoukidou et al. (2025) applied a GIS-based MCDA framework to evaluate flood
hazard in regions of Chalkidiki, Greece. AHP and FAHP proved appropriate methods
particularly in areas lacking flood data and Frequency Ratio was recognized for its
predictive ability especially when quality data are available. However, they noted that
FAHP introduced additional complexity and FR’s effectiveness is limited due to
unavailable and low-quality data. Instead, they recommended integrating larger and
higher quality datasets and using advanced machine learning techniques. Finally, Khan
et al. (2025) applied AHP to assess flood risk in Pakistan by integrating flood hazard,
vulnerability and exposure parameters. They emphasized the omission of climate
change scenarios integration in their approach and recommended addressing this
limitation by integrating climate change projections, indigenous people insights and
flood risk maps into land use planning. Table 8 presents several paradigms of AHP and
fuzzy AHP methods along with methodology details, their strengths and limitations as

well as improvement recommendations.
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Table 8 Overview of AHP and fuzzy AHP methods in flood risk assessments (Source: see sources cited, own processing)

Author Location Method/ tools Validation Strengths Limitations Improvement
recommendations
Papaioannou Greece GIS-based using Historical -Effective with limited data -GMMC methods were unstable -Normalize criteria before MCA
et al. (2015) AHP, FAHP flood data -Minimizes uncertainty using low- -Natural Breaks had minimal application
subjectivity information contribution in high-risk zones -Use multiple clustering methods to
-Integrates expert knowledge simulate flood-prone areas and
-Verified consistency in results evaluate flood hazard
Lin et al. China GIS-based 74 test -Appropriate for data-scarce areas -Subjectivity in expert judgement -Objective weighting methods
(2019) MCDA using locations, -First attempt to map flood risk at -Socioeconomic data gaps -Improve real time assessment
AHP ROC curve urban blocks level -Bias from unreliable expert efficiency
-Integrate geographic, hydrologic and judgements
socioeconomic factors -Challenges in real time assessment
-Introduces resilience/ capacity as key
parameter
Feloni et al. Greece GIS-based Historical -AHP and FAHP produced similar -Limited precipitation data (limited -Apply in larger, ungauged or diverse
(2019) MCDA using flood data results rain gauge stations) areas
AHP, FAHP, -FAHP better addressed uncertainty -Standardization can be time- -Apply sensitivity analysis on weights
Weighted and reduced processing time (given the consuming and complex -Use UAV-based high-resolution
Linear zero weights) DEM
Combination -Effective classification of flood -Validate using historical satellite data
(MLC), k- vulnerability using k-means clustering
means -Applicable in ungauged areas
algorithm
Ekmekcioglu Turkey GIS-based Historical -Integrates hazard and vulnerability -Depends on expert judgement -Integrate additional vulnerability
et al. (2020) MCDA using flood data criteria

(subjectivity)

criteria




N
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FAHP,

-Appropriate for quick, regional and

-Performs better in areas with

-Integrate perspectives from multiple
Sensitivity fair budged flood risk assessment similar geological attributes and less stakeholders
Analysis -Sensitivity analysis ensured high in complex areas -Use of updated data
model reliability -Uses 2020 data while compared -Use the method to other cities across
floods are based between 2000-2015 the country
Gupta & India GIS-based Confusion -Developed based on existing literature -Data quality issues -Use of multi-sensor SAR imaginary
Dixit MCDA using matrix, and global research -Limitations in historical flood data -Integration of Al and machine
(2022) AHP relative mean -Integration of physical, social and -Challenging weighting learning
error, root environmental parameters
mean square -Regional scale analysis
error -Flexible and adaptable methodology
based on flood -Use of statistical measures for
data validation
Taoukidou et Greece GIS-based AUC, ROC, -AHP and FAHP are applicable in -AHP depends on expert judgement -Integrate larger and higher quality
al. (2025) MCDA using DSC, areas lacking flood records (subjectivity) datasets (updated flood inventory map,
AHP, FAHP, Historical -FR has high predictive capacity when -FAHP adds complexity without satellite data and high-resolution data)
Frequency Ratio flood data available data are available improving necessarily results of -Use advanced machine learning
(FR) -Provides reliable and robust results AHP techniques to improve accuracy
-AUC ROC correspondence between -FR introduces uncertainties due to  -Use outputs to develop adaptation and
predicted and historical flood events data unavailability and quality mitigation strategies
Khan et al. Pakistan GIS-based AUC -First comprehensive flood risk -Climate change scenarios are not -Integrate climate change projections
(2025) MCDA using assessment for the catchment integrated though their involvement
AHP

-Integrates flood hazard, vulnerability
and exposure parameters

-Applied in wider region

-Investigate land use changes’ impact

is suggested on water flow and surface runoff

-limitations of MCDA method -Involve indigenous’ insights
-Integrate flood maps into land use

planning
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3. Methods and Materials
3.1. Study Area

The wider area of Thermi has experienced significant urban expansion in recent years
due to its proximity to Thessaloniki city in northern Greece. This urban expansion
including the growth in residential, commercial and industrial uses has led to land use
and land cover changes, replacing natural surfaces and potentially affecting soil
infiltration and natural runoff dynamics. Such modifications are of particular concern,
as they may increase flood exposure and vulnerability of elements, especially under
climate change scenarios that predict increases in both the intensity and frequency of
extreme precipitation events. To ensure a comprehensive and methodologically robust
analysis, the study area was extended to the boundaries of the Thermi Basin including

the settlement of Thermi.

Thermi Basin is located in the southwestern part of Thessaloniki Prefecture in northern
Greece and southeast of Thessaloniki city. Administratively, the basin is distributed
across Municipalities of Thermi and Pylaia-Chortiatis. Municipality of Thermi includes
the Municipal Communities of Thermi, Mikra and Vasilika while Municipality of
Pylaia-Chortiatis includes the Municipal Communities of Chortiatis, Panorama,
Exochi, Asvestochori and Pylaia based on reforms introduced by Law 3852/2010
(‘Kallikratis Program”). The Municipality of Thermi is bordered by the Municipalities
of Pylaia-Chortiatis to the north, Lagkadas to the northeast and Nea Propontida to the
southeast and Thermaikos Gulf to the west while the Municipality of Pylaia-Chortiatis
is bordered by the Municipalities of Lagkadas to the north and northeast, Thermi to the
south, Kalamaria to the southwest, Thessaloniki to the west and Neapoli-Sykies and

Pavlos Melas to the northwest.

The study area covers a total of 6203,35ha and is located around 40°34° N latitude and
23°3” E longitude. The basin is characterized by diverse conditions that influence its
hydrological behavior. Particularly, the terrain is characterized by heterogeneity with
higher elevations and steeper slopes identified in the northern and central parts due to
the Mt. Chortiatis while low-lying areas are identified in the southern part near Thermi
and the coastal zone. The hydrographic network is quite dense, consisting of numerous
streams of varying orders (open and culverts). Among these, the Thermi stream is a

major water body, draining the long and narrow basin and receiving runoff originating
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in the higher altitudes of Panorama and Chortiatis foothills (Ypeka, 2025). The area
generally has a mediterranean climate characterized by mild, wet winters and hot, dry
summers but also has mainland characteristics with cooler summers and cold/ snowy
winters. Precipitation is seasonal with the majority occurring during autumn and winter
(Ypeka, 2025). Additionally, the settlements of Thermi, Panorama and Chortiatis are
identified within the study area as well as some smaller administrative parts of

Municipal Communities of Pylaia, Exochi and Asvestochori.

According to the Flood Risk Management Plan of Central Macedonia (Ypeka, 2025),
the southern part of the study area falls within the flood risk zone ELI0APSFR008
(Lowland Basin of Regional Trench T66, Loudias, Axios rivers including the area of
the former Lake Arjan and Galliko). This zone is the largest flood-prone area in Central
Macedonia (3099,38 km?) and includes both hydraulically interconnected basins and
independent basins with independent hydraulic function. Under 50-,100 and 1000-year
flood return periods, the Plan highlights that parts of the study area (particularly the
southern parts, within and around Thermi settlement) are expected to experience
impacts of varying extent. Despite the absence of a major river within the basin, such
as the Anthemountas River near its southern boundary, the combined characteristics of
the study area increase the potential for local flooding, thereby increasing its research

interest.

Figure 1 illustrates the study area in relation to the administrative boundaries of the
Municipalities and Municipal Communities as well as its key topographical and

hydrographical features.
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3.2. Methodology
This section presents the methodology adopted by this study to achieve its objectives.
Particularly, the study develops a GIS-based Multi-Criteria Analysis (MCDA)
framework to identify and map flood risk zones within the Thermi Basin. It combines
quantitative (hazard, exposure and vulnerability/ capacity parameters) with qualitative
(local expert insights) information to provide a flood risk assessment adapted to the
characteristics of the study area. The result of this process is the identification and
mapping of flood-prone areas, categorized into different flood risk levels ranging from
low to high, along with the estimation of the potential impacts on population,
infrastructure and the environment. The flood risk zones are then validated using
official Areas of Potential Significant Flood Risk (APSFR) and flood-prone locations

and some indicative strategies are proposed.

The methodology includes several steps such as data collection and preparation,

selection of flood risk parameters, weighting parameters and spatial analysis in GIS.

3.2.1. Data Collection and Preparation
Seventeen parameters were selected and classified into hazard, exposure and
vulnerability/ capacity parameters, following the United Nations Office for Disaster
Risk Reduction (UNDRR, 2017) conceptualization of disaster risk. All datasets used in
this study were obtained from publicly accessible sources. The study area corresponds
to the Thermi Basin whose boundaries were derived using the official geoportal of
Flood Risk Management Plans of the Hellenic Ministry of Environment and Energy
(Flood Risk Management Plan of Central Macedonia). Administrative boundaries were
obtained from the Digital Cartographic Backgrounds provided by the Hellenic
Statistical Authority (ELSTAT). DEM was derived from the global Advanced
Spaceborne Thermal Emission and Reflection Radiometer (ASTER) Digital Elevation
Model (DEM) with an approximate spatial resolution of 30m (27,68m x 27,68m)
obtained from NASA’s Earth Science data repository. Satellite data were obtained from
Landsat 8 imaginary provided by the U.S. Geological Survey (USGS) while yearly
precipitation data from Precipitation Estimation from Remotely Sensed Information
using Artificial Neural Network Cloud Classification System (PERSIANN-CCS)
which is a real time global satellite precipitation product with spatial resolution of 0,04°

% (0,04° developed by the Center for Hydrometeorology and Remote Sensing (CHRS)
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for the period 2004-2024. Soil type information was obtained from the Soil Map of the
World at a scale of 1:5000000 provided by the Food and Agriculture Organization
(FAO) of the United Nations. Land use and land cover data were obtained from the
CORINE Land Cover 2018 (version 2020) provided by the European Environment
Agency’s Copernicus Land Monitoring Service for Greece. Socioeconomic and
building related information including permanent population, population by age group
and buildings (residential) age were obtained from the ELSTAT based on the 2021
Population and Housing Census. Building footprints and road network data were
obtained from OpenStreetMap (OSM) for Greece. Qualitative information on the health
facilities was derived from the Strategic Development Plans of the Municipalities of
Thermi and Pylaia-Chortiatis while emergency shelters information was obtained from
the official Civil Protection Plans of the corresponding municipalities. Finally, the
boundaries of the official Areas at Potential Significant Flood Risk (APSFR) used for
validation purposes, were extracted from the Flood Risk Management Plan of the
Region of Central Macedonia, as it is publicly available through the corresponding

geoportal. While flood-prone locations were derived from municipal documents.

Table 9 Data sources (Source: see sources cited, own processing)

Parameter Source Resolution
Elevation ASTER satellite image, NASA  27,68m x 27,68m
Slope, Curvature, TWI, Drainage Derived from DEM 27,68m x 27,68m

Density, Distance from stream

Soil type FAO, United Nations -
Precipitation PERSIANN-CCS, CHRS 0,04° x 0,04°
NDVI Landsat 8 satellite image, USGS  27,68m x 27,68m

Population Density, Dependent
Population, Building Age

ELSTAT

LULC CORINE Land Cover, Copernicus -
Land Monitoring Service
Building Density, OpenStreetMap -

Distance from road

Distance from health facilities

Strategic Development Plans

Distance from emergency shelter

Civil Protection Plans
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3.2.2. Selection of Flood Risk Parameters
The selection of parameters was guided by an extensive review of twenty-eight peer-
reviewed studies, particularly those employing Multi-Criteria Decision Analysis
(MCDA) and Geographic Information Systems (GIS). This GIS-based MCDA
framework considers seventeen parameters representing hazard, exposure,
vulnerability and capacity. As there is no universally established set of parameters or a
strict categorization (Abdullah et al., 2021), their selection was driven by the need to
provide a holistic representation of flood risk, ensure a balance between
comprehensiveness and manageability and consider available, accessible and relevant
datasets. Despite their careful selection based on their conceptual relevance to flood
risk, potential underlying interdependencies among parameters are not extensively
examined which may introduce some redundancy in the analysis while their

categorization is justified according to the definitions adopted in this study.

The selected parameters are divided into three categories as follows:

» Flood hazard parameters include elevation (Ashfaq et al. 2025; Hossain et al.,
2023; Sharker et al., 2025; Gupta & Dixit, 2022; Lappas & Kallioras, 2019;
Khan et al., 2025), slope (Ashfaq et al. 2025; Hossain et al., 2023; Sharker et
al., 2025; Gupta & Dixit, 2022; Lappas & Kallioras, 2019; Khan et al., 2025),
soil type (Ashfaq et al. 2025; Sharker et al., 2025; Gupta & Dixit, 2022; Lappas
& Kallioras, 2019; Khan et al., 2025; Nahin et al., 2023), curvature (Ashfaq et
al. 2025; Khan et al., 2025; Feloni et al., 2019; Tehrany et al., 2019),
precipitation (Ashfaq et al. 2025; Hossain et al., 2023; Sharker et al., 2025;
Khan et al., 2025; Nahin et al., 2023; Yang et al., 2013; Theochari et al., 2021),
Topographic Wetness Index (TWI) (Sharker et al., 2025; Gupta & Dixit, 2022;
Lappas & Kallioras, 2019; Khan et al., 2025; Stefanidis et al., 2021; Feloni et
al., 2019), drainage density (Khan et al., 2025; Lin et al., 2019; Nahin et al.,
2023; Danumah et al., 2016; Yang et al., 2013; Taoukidou et al., 2025) and
distance from stream (Lin et al., 2019; Nahin et al., 2023; Taoukidou et al.,
2025; Tehrany et al., 2019; Xu et al., 2018; Wang et al., 2015).

* Flood exposure parameters include Normalized Difference Vegetation Index
(NDVI) (Hossain et al., 2023; Sharker et al., 2025; Khan et al., 2025; Lin et
al., 2019; Kanani-Sadat et al., 2019; Wang et al., 2015), population density
(Danumah et al., 2016; Moreira et al., 2021; Ekmekcioglu et al., 2020; Yang
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etal., 2013; Wang et al., 2024; Jun et al., 2013) and Land Use and Land Cover
(LULC) (Taoukidou et al., 2025; Theochari et al., 2021; Kourgialas &
Karatzas, 2017; Gain et al., 2015; Tehrany et al., 2019; Wang et al., 2015).

= Flood wvulnerability/ capacity parameters include dependent population
(Moreira et al., 2021; Gain et al., 2015; Rana & Routray, 2017), building
density (Gupta & Dixit, 2022; Cai et al., 2019), distance from road (Ashfaq et
al. 2025; Sharker et al., 2025; Gupta & Dixit, 2022; Khan et al., 2025; Tehrany
et al., 2019), distance from health facilities (Gupta & Dixit, 2022; Wang et al.,
2024; Rana & Routray, 2017), distance from emergency shelter (Nahin et al.,
2023) and building (residential) age (Moreira et al., 2021; Gain et al., 2015;
Rana & Routray, 2017).

Flood Risk Assessment

Flood Hazard Flood Exposure Flood Vulnerability/
Parameters Parameters Capacity Parameters

dependent population,

clevation, slope,. 59ﬂ type, : building density, distance
curvature, precipitation, NDVI, population from road, distance from

TWI, drainage density, density, LULC health facilities, distance
distance from stream from emergency shelter,
building age

Figure 2 Flood hazard, exposure and vulnerability/ capacity parameters (own processing)

The sections below describe each of these parameters and their contribution to the flood

risk.

Elevation, defined as the height above mean sea level, is inversely related to flood risk,
as low-lying areas are more prone to water accumulation while higher areas drain more
efficiently (Asfaq et al., 2025; Hossain et al., 2023; Lappas & Kallioras, 2019; Sharker
et al., 2025). Slope, defined as the level of steepness or inclination of the land surface

to the horizontal plane is inversely related to flood risk, as gentle slopes or flatter
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surfaces promote water accumulation and prolonged inundation while steeper slopes
enhance runoff but may increase flash flood and soil erosion (Sharker et al., 2025;
Hossain et al., 2023; Ashfaq et al., 2025; Lappas & Kallioras, 2019). Soil type, defined
by its texture, composition and infiltration properties, determines surface runoff and
flood potential with low permeable soils, such as clay soils, causing water accumulation
while permeable soils, such as sandy soils, enhancing infiltration (Ashfaq, 2025;
Lappas & Kallioras, 2019; Khan et al., 2025; Sharker et al., 2025). Curvature, defined
as the shape of the land surface in either a horizontal or vertical plane, determines the
movement of surface water with the flat (values around zero) and concave surfaces
(negative values) being more prone to water accumulation compared to convex surfaces
(positive values) (Ashfaq et al., 2025; Khan et al., 2025). Precipitation, defined as the
deposition of water from the atmosphere to the surface of Earth, is directly related to
flood risk as high intensity or prolonged precipitation may produce surplus water and
exceed drainage capacity increasing the flood likelihood (Ashfaq et al., 2025; Hossain
et al., 2023; Sharker et al., 2025; Khan et al., 2025). TWI, a terrain-based metric used
to assess how upstream contributing area and local slope influence soil moisture, is
directly related to flood risk, as higher values correspond to drainage depressions and
wetter conditions, increasing the likelihood of flooding compared to crests and ridges
with well-drained conditions (Ashfaq et al., 2025; Hossain et al., 2023; Sharker et al.,
2025; Lappas & Kallioras, 2019; Khan et al., 2025). Drainage density, defined as the
ratio of the total length of streams to the area’s size, is directly related to flood risk with
higher drainage density increasing drainage paths for water movement and runoff,
thereby increasing the likelihood of flooding, compared to the areas with lower
drainage density (Ashfaq et al., 2025; Sharker et al., 2025; Khan et al., 2025). Distance
from stream is inversely related to flood risk, as areas located close to streams are more
prone to flooding due to potential overflow during precipitation events, while more

distant areas are less likely to be affected (Sharker et al., 2025; Khan et al., 2025).

NDVI reflects the vegetation and soil conditions and is inversely related to flood risk
as low values correspond to sparse, unhealthy vegetation and higher exposure due to
increased runoff, while high values correspond to dense, healthy vegetation and lower
exposure due to infiltration capacity (Lin et., 2019). Population density reflects the
number of people potentially affected during a flood event and is directly related to

flood risk. Areas with higher population density are more exposed, as a greater number
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of individuals are at risk of injury or fatalities, while areas with lower population
density are generally less potentially affected (Khan et al., 2025; Lin et al., 2019).
LULC reflects the human and environmental characteristics of an area, where different
land use and land cover types are associated with varying levels of exposure to flooding.
Areas covered by forests and high vegetation show lower exposure due to infiltration
capacity while urban or impermeable surfaces show high exposure due to increased

runoff (Lin et al., 2019).

Dependent population is a critical parameter in flood risk assessment due to its
influence on vulnerability and response capacity. Children, older adults and people with
disabilities often perceive and experience physical, social or cultural constraints that
limit their ability to respond during flood events, affecting their evacuation and access
to services (Khan et al., 2025). A higher dependency rate is associated with a greater
part of population potentially affected by flooding. Building density reflects the
concentration of structures within an area, with low-density areas providing more open
space and facilitating evacuation during flood events while high-density areas limiting
movement and increasing evacuation time (Cai et al., 2019). Distance from road affects
evacuation and emergency response, with areas closer to road experiencing quicker
evacuation and better access to operational support while more distant areas may
experience delays and being more susceptible to flood impacts (Khan et al., 2025).
Distance from health facilities affects timely medical support during flood events (Khan
et al., 2025), with areas closer to health facilities benefiting from timely access to
medical care compared to more distant areas. Distance from emergency shelter is
important factor in flood risk assessment as shelters function as evacuation points and
support emergency response during flood events (Khan et al., 2025). Therefore,
communities located closer to shelters can generally respond timely and access related
services more easily, while those located farther may face challenges and higher
likelihood of being affected by flooding. Building (residential) age affects vulnerability
as older buildings that often do not comply with construction standards are more
susceptible to flood impacts compared to newer buildings that show greater resistance
(Ekmekcioglu et al., 2020). Therefore, a higher building age rate is associated with a
greater number of buildings potentially affected by flooding.
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At this stage, it is necessary to present the key limitations and assumptions adopted in
this study, particularly those that influence the methodological approach and the
interpretation of the results. While additional supporting details for these parameters

are provided in Appendix I.

Precipitation

Given the absence of meteorological stations within the study area, which limits the
efficient application of spatial interpolation methods, annual precipitation data for the
period 2004-2024 were derived from the publicly available PERSIANN-CCS dataset.
Although this dataset has lower resolution, as the original cell size is larger compared
to the cell size of other raster files used in this study, it is considered adequate for the

analysis given the extent of the basin and the range of precipitation values.

DEM

The analysis is based on the global ASTER DEM (NASA) with an approximate
resolution of 30m, as higher-resolution DEM (e.g. 10m) was not publicly available and
required additional costs. This relatively lower-resolution dataset may reduce the
accuracy of the DEM-derived parameters, such as terrain and hydrographic network
representation, particularly near study area’s boundaries where inconsistencies with the

officially derived boundaries of the basin may occur.

Population density

Population density was calculated using 2021 population data and administrative
boundaries data from the Hellenic Statistical Authority (ELSTAT) by dividing the
permanent population of each municipal community by its respective area. Population
density is aggregated at the municipal community level, with a single value assigned to
each municipal community which represents the lowest administrative level for which
detailed data are available for analysis in Greece. However, this approach may not
accurately capture micro-scale variation across municipal communities, particularly for

those that are only partially included within the study area (Municipal Communities of
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Pylaia, Asvestochori and Exochi), leading to an overestimation of the population

density.

Dependent population

Dependent population was estimated based on age-based data, particularly 2021
population data from ELSTAT. A dependency rate was calculated to represent the

proportion of dependent population as follows:

Population 0—14 years+Population 65+years

Dependency Rate (%) = ( ) x 100

Population 15—64 years
Dependent population is aggregated at the municipal community level, with a single
value assigned to each municipal community which represents the lowest
administrative level for which detailed data are available for analysis in Greece.
However, this approach may not accurately capture micro-scale variation across
municipal communities, particularly for those that are only partially included within the
study area (Municipal Communities of Pylaia, Asvestochori and Exochi), leading to an

overestimation or underestimation of dependent and non-dependent populations.
Building (residential) age

Building age was estimated based on the year of construction of residential buildings,
using 2021 housing data from ELSTAT. A building age rate was calculated to represent

the proportion of older buildings as follows:

Building Age Rate (%) =

(Buildings (residential)before 1945+Buildings 1946—1980+Buildings 1981—1990)
Buildings 1991—-2010+ Buildings After 2011

x 100

Building age population is aggregated at the municipal community level, with a single
value assigned to each municipal community which represents the lowest
administrative level for which detailed data are available for analysis in Greece.
However, this approach may not accurately capture micro-scale variation across

municipal communities, particularly for those that are only partially included within the
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study area (Municipal Communities of Pylaia, Asvestochori and Exochi), leading to an

overestimation or underestimation of buildings’ age.

Temporal Dimension

The analysis considers both static (e.g. topography, slope, soil characteristics) and
dynamic datasets (e.g. land use/ land cover, population, precipitation) introducing
temporal inconsistencies. Particularly, census data represent a single year (2021) while
precipitation data correspond to the period 2004-2024. Additionally, the use of
historical precipitation data, as derived from the PERSIANN-CCS, does not include
climate change projections, limiting the potential to represent future risk scenarios
especially in Mediterranean regions where an increase in intensity and frequency of

extreme precipitation events is expected.

3.2.3. Weighting Parameters
AHP was used to determine the relative importance of the selected parameters
contributing to flood risk in the Thermi Basin. AHP, developed by Saaty (1977), is one
of the most widely used methods in MCDA given its systematic approach and
effectiveness in addressing complex decision problems that involve different
competitive parameters (Abdullah et al., 2021; Wang et al., 2024; Khan et al., 2025).
The method supports decision-making by deconstructing the problem into a
hierarchical structure of criteria, sub-criteria and alternatives to support their weighting
and prioritization (Saaty, 1990). Moreover, it enables the evaluation of both qualitative
and quantitative parameters through pairwise comparisons, determining their relatively
importance as reflected in their assigned weights (Saaty, 1990; Sun et al., 2013). By
integrating consistency checks to address potential subjectivity or bias, AHP enhances
the reliability of the model, providing a comprehensive framework for informed
decision-making. AHP includes three main methodological steps: structuring the
decision problem and selecting relevant criteria, assigning weights to these criteria
through pairwise comparison and calculating the overall relative scores of alternatives

(Saaty, 1990).

42



Structuring the decision problem and selecting relevant criteria

The first methodological step of AHP involves structuring the decision problem by
decomposing it into several successive levels. At the top level is the main goal or
objective of the decision problem, followed by a set of criteria and sub-criteria and

decision alternatives at the bottom level (Saaty, 1990).

One of AHP’s advantages is the adaptability and flexibility of this hierarchical
structure. As Saaty (1990) states, the process supports non-completeness, meaning that
the hierarchy does not require all elements to be directly related or compared to each
other. Moreover, the hierarchy can include diverse perspectives on the decision
problem, enabling each level to represent different aspects or criteria. Hierarchy also
enables flexible management, with elements being selectively included or excluded
based on decision makers’ specific needs and priorities. Furthermore, the hierarchical
structure can be adjusted or reorganized shifting from general to specific concepts while
refinement can be applied by removing elements without requiring a complete

modification of previous judgments (Saaty, 1990).

Assigning weights to these criteria through pairwise comparison

The second methodological step of AHP involves assigning weights to these criteria
through pairwise comparison. In this phase, decision-makers by comparing two
elements express their relative importance or preference (Saaty, 1990; Lyu et al., 2018).
Typically, comparisons apply Saaty’s linear scale which ranges from 1 to 9, where 1
represents equal importance and 9 represents extreme importance (Saaty, 1990).
However, except from this scale, various alternative scales have been proposed over
time to better capture verbal judgments and enhance precision of priorities such as
power, geometric, logarithmic, root square, asymptotical (Meesariganda & Ishizaka,

2016).
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Table 10 Fundamental scale of Saaty (Source: Saaty 1990)

Intensity of Definition of Description
importance or importance

preference
1 Equal Equal contribution
3 Moderate One activity is slightly favored
5 Essential One activity is strongly favored
7 Very strong Strongly favored and dominant in practice
9 Extreme Absolut importance/ preference

2,4,6,8 Intermediate Compromising

The judgements of decision-makers develop a pairwise comparison matrix in which
two elements are compared each time by assessing their relative importance
(Meesariganda & Ishizaka, 2016). Particularly, each element ajjin the pairwise

comparison matrix represents the relative importance of criterion i compared to

criterion j. The matrix applies reciprocal property, meaning that aj; = - and the
ij

diagonal entries are equal to one (aj; = 1), reflecting that each criterion is equally
important to itself (Saaty, 1990; Vargas, 1990). These axioms of AHP are briefly

presented below.

Table 11 Axioms of AHP (Source: Vargas, 1990, own processing)

Axiom of AHP Description
Reciprocal comparison If A is x times preferred to B, then B is 1/x times preferred to A
Homogeneity Comparisons use a 1-9 scale; elements must be comparable
Independence Preferences for criteria are independent of the alternatives
Expectations All relevant criteria and alternatives should be considered

When the pairwise comparison matrix is completed, the relative criteria weights can be
calculated. One common method is the geometric mean method, where the weight w;

of each criterion i is derived as follows (Lyu et al., 2018).

M;
n
i=1 Mi

W; =
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where Mi :n’ ;-l=1 aij

To assess the sensitivity and consistency of the judgement matrix, Consistency Index
(CI) and Consistency Ratio (CR) are calculated (Saaty, 1990). CI can be calculated with
following formula:

-n

Cl = Amax

n-—1

where 4,4, 1s the largest eigenvalue of the matrix, can be calculated with the formula:

n
n
LN 2j=1 G W
Amax -

¢ nw;
=1

CR is calculated as follows:

CR==
RI
where Random Index (RI) is the average CI for randomly generated reciprocal matrices.

According to Saaty (1990) if CR is <10%, then the matrix is considered consistent.
Calculating the overall relative scores of alternatives

The third methodological step of AHP involves the calculation of the global priorities
(or overall scores) of the decision alternatives by combining the local priorities of the
alternatives under each criterion with the corresponding criterion weights. Particularly,
local priorities are organized in a matrix where each column represents a criterion and
each row represents an alternative. Each column is multiplied by the weight of the
specific criterion and the resulting weighted scores in each row are summed. The sum
of the scores refers to the global priority of each alternative. Based on the overall
relative scores of the decision alternatives, the alternatives can be ranked under the
problem objective. The alternative with the highest global priority is considered as the

most appropriate (Saaty, 1990).
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Although AHP is widely applied for decision-making, there are several limitations
associated with the method. One limitation is the use of consistency ratio (CR)
threshold of 0,1 which may not be appropriate for all the cases (Abdullah et al., 2021).
Another limitation is the rank change, where the ranking of existing elements in the
hierarchical structure may change when a new element is included or excluded,
influencing the force of the axiom of independence (Ho & Ma, 2017; Vargas, 1990).
Additionally, AHP can become challenging for medium and large decision problems
due to the great number of pairwise comparisons applied (Abdullah et al., 2021). The
pairwise comparison also introduces imprecision concerns, as it is based on expert
judgments who may find difficulty in assigning specific numerical values to their
preferences (Liu et al., 2020). Traditional AHP argues that judgments are precise, not
adequately capturing the uncertainty and subjectivity in decision makers’ preferences
(Aruldoss et al., 2013). To address this limitation, Fuzzy AHP was developed by
applying fuzzy logic in decision-making (Aruldoss et al., 2013). FAHP (originally
introduced by Zadeh in 1965) provides a structured framework for evaluating criteria
or alternatives that reflect the uncertainty and vagueness of real-world problems
(Aruldoss et al., 2013; Ho & Ma, 2017; Giindogdu & Kahraman, 2019). Particularly, it
translates subjective judgements into linguistic variables represented as fuzzy intervals
(zero or near zero weights) to capture the uncertainty in qualitative evaluations and
human preferences (Aruldoss et al., 2013; Ho & Ma, 2017). FAHP can explain
appropriately problems where information is uncertain, whereas AHP is suitable in

cases where judgements are more certain (Aruldoss et al., 2013).

Given the characteristics of the decision problem in this study, AHP was applied to
assess and map the flood risk within the study area, integrating parameters that reflect
hazard, exposure and vulnerability/ capacity. The seventeen parameters, identified
through an extensive literature review as described in previous sections, were organized
into a hierarchical structure. At the highest level was set the overall goal or decision
objective (assessment and mapping of flood risk), followed by flood risk components
(hazard, exposure and vulnerability/ capacity) and the flood risk parameters at the
lowest level. Then, pairwise comparisons to determine parameter weights based on
expert judgement were applied. For this purpose, a 17x17 Pairwise Comparison Matrix
(PCM) was constructed in which each parameter was compared to all other parameters

in pairs to evaluate their relative importance in contributing to flood risk.
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The comparison process followed the AHP Axioms (Saaty, 1990; Vargas, 1990):

= For each element ajj the reciprocal value aji= 1/ aj; was automatically assigned
and all diagonal elements were set to 1 (reciprocal comparison).

= All comparisons were constructed using Saaty’s 1-9 scale, ensuring that all
elements were comparable (homogeneity comparison).

= Preferences among parameters of the same hierarchical level were independent
of other levels (independence).

= All parameters identified in the literature review were included in the decision

hierarchy and considered in the analysis (expectations).

Local experts and stakeholders’ participation was essential to ensure that weighting
considers scientific knowledge and experience. The PCM was distributed to ten experts
and stakeholders. Participation was voluntary and anonymity and confidentiality were
ensured throughout the process. A total of five responses (n=5)! were collected from
experts, researchers and professionals from universities, research institutions,
municipal and regional authorities, activating in spatial and environmental planning,

hydrology/ hydraulics and disaster management fields.

Table 12 presents the participants’ profiles according to their sector, division and

proficiency.

Table 12 Participants' profiles (own processing)

Role Sector Division Proficiency
Professor University Environment Civil Engineer
Professor University Hydraulics Civil Engineer

Researcher Research Institute Hydrology Forest Engineer
Board Advisor Regional Authority Disaster Risk Civil Engineer
Management
Board Advisor Municipal Authority Urban Planning Topographical
Engineer

! The limited participation was mainly attributed to the high workload of potential participants and the
specialized nature of the survey. These obstacles represent common challenges in participatory
processes. However, they also raise concerns regarding the level of participatory maturity in co-planning.
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The five completed PCMs were examined for internal consistency according to AHP
methodology. Three responses satisfied the consistency threshold (CR<0,10) while two
responses slightly exceeded it. These two matrices were returned to the responders for
reassessment. However, only one changed matrix was received while the other was kept
without changes. Although two responses showed CR slightly above the threshold, their

judgements were retained due to the limited number of responses.

To address potential inconsistencies among experts, individual judgements were
aggregated using the geometric mean method. More particularly, for each row i of the
combined matrix the geometric mean M; was calculated. The normalized weight vector
wi was then calculated by dividing each geometric mean M; by the sum of all geometric
means, ensuring that the weights sum to one. Subsequently, the weighed sum vector Ay
was calculated by multiplying the combined matrix A by the weight vector w. Each
element of Ay was divided by the corresponding weight w; to calculate the consistency
vector, from which the maximum eigenvalue Amax was derived. The Consistency Index
and Consistency Ratio were then calculated to assess the reliability of the judgements.

For n=17, the Random Index is 1,59.

The aggregation of individual judgements applying the geometric mean method
reduced individual inconsistencies and resulted in a combined PCM that satisfied the
consistency criterion (CR<0,10), confirming the reliability of weights. This approach
is widely applied in interdisciplinary studies, particularly in environmental decision-
making and spatial planning, where expert-based AHP studies with small sample sizes
are common. In this context, the results are based on the consistency of pairwise
comparisons and the quality of expert judgements rather than statistical
representativeness (e.g. through hypothesis testing). In addition, no extensive
sensitivity analysis was applied to further assess the influence of variations in weights

and results, given the scope of the study.

3.2.4. Spatial Analysis in GIS
The combination of MCDA with GIS is recognized as a significant advancement in
flood risk assessment, providing spatial analysis, data management and visualization
capabilities to create detailed flood risk maps that can inform early warning systems

and support mitigation strategies (Gupta & Dixit, 2022; Khan et al., 2025; Taoukidou
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et al., 2025). GIS played a central role across all methodological steps of this study
supporting data management, weighted overlay analysis, impact analysis and

validation.

3.24.1. Data Management
After completing the collection of all required datasets corresponding to flood hazard,
exposure and vulnerability/ capacity parameters, data were imported into ArcGIS Pro
(version 3.6.0) for analysis. All raster and vector layers were projected into a common
coordinate reference system, with the Greek Grid (EPSG:2100) adopted as Projected
Coordinate System and GGRS 1987 (EPSG: 4121) as Geographic Coordinate System.
Additionally, they were clipped to the boundaries of the Thermi Basin and resampled
to a cell size of 27,68m x 27,68m corresponding to analysis resolution. To ensure
comparability among parameters expressed in different units (meters, percentage, index
values) all datasets were standardized using a min-max normalization and then
classified using the Natural Breaks (Jenks) method. The following sections provide a

detailed description of the management of each dataset individually.

Elevation data were obtained from the ASTER DEM, specifically from
ASTGTMV003 N40E022 dem and ASTGTMV003 N40E023 dem tiles, which were
combined to cover the whole study area’s extension. The mosaic raster was projected
and clipped to the boundaries of the Thermi Basin. Elevation values ranged from 2 to
1185m and were classified into five categories using the Natural Breaks (Jenks)
method: 2,001-168m; 168,001-368m; 368,001-573m; 573,001-795m; 795,001-1185m
corresponding to 1-5 classes and then assigned flood risk values. Given the inverse
relationship between elevation and flood risk, classes were assigned risk values in
descending order from 5 (lowest elevation, highest risk) to 1 (highest elevation, lowest

risk).

Slope was derived from the DEM using the Slope tool from Spatial Analyst Tools. The
raster was projected into the common reference system and clipped to the boundaries
of the study area. Slope values ranged from 0 to 57,138° and were classified into five
categories using the Natural Breaks (Jenks) method: 0,001-5,826°; 5,827-11,652°;
11,653-18,374°; 18,375-27,113°; 27,114-57,138° corresponding to 1-5 classes and then

assigned flood risk values. Given the reverse relationship between slope and flood risk,
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classes assigned risk values in descending order from 5 (lowest slope, highest risk) to

1 (steepest slope, lowest risk).

Soil type data (vector format) were obtained from the FAO Digital Soil Map of the
World (DSWM). The layer was projected into the common reference system, clipped
to the boundaries of the study area and rasterized using the same cell size as the other
raster files. Two soil types were identified in the study area including Chromic Luvisols
(Lc104-2/3bc) and Calcaric Regosols (Rc49-2ab). The raster was classified into two
categorical classes, Calcaric Regosols-Rc49-2ab and Chromic Luvisols-Lc104-2/3bc
and then assigned flood risk values. Based on other studies assessing flood risk of
Calcaric Regosols and Chromic Luvisols, it is concluded that Calcaric Regosols- Rc49-
2ab show low flood risk corresponding to a flood risk value of 2 (Ashfaq et al., 2025)
while Chromic Luvisols show moderate flood risk corresponding to flood risk value of
3 (Gebremichael et al., 2025). These flood risk values are similarly adopted in this
study.

Curvature was derived from the DEM using the Curvature tool from Spatial Analyst
Tools. The raster was projected into the common reference system and clipped to the
boundaries of the study area. Curvature values ranged from -14,971 to 18,859 and were
classified into five categories using the Natural Breaks (Jenks) method: -14,971 - -
3,297; -3,296 - -0,909; -0,908 - 0,949; 0,95-3,469; 3,47-18,859 corresponding to 1-5
classes and then assigned flood risk values. Given that the relationship between
curvature and flood risk, flat areas (class 3, near zero) were assigned with the highest
risk value of 5, concave surfaces (negative curvature) were assigned risk values of 4
(for Ist class — strongly concave) and 3 (for 2nd class — weakly concave) and convex
surfaces (positive curvature) were assigned lower risk values of 2 (for 4th class- weakly

convex) and 1 (for 5th class — strongly convex).

Precipitation data were obtained from the PERSIANN-CCS satellite-based dataset of
the CHRS for the period 2004-2024. The set of rasters corresponding to each year was
projected into the common reference system, clipped to the boundaries of the study area
and resampled using the same cell size as the other raster files. It should be noted that
the original raster resolution of 0,04° x 0,04° limits the spatial precision of the resulting

raster. Average annual precipitation was calculated using the Raster Calculator tool in
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Spatial Analyst Tools. Precipitation values ranged from 621,049 to 672,381mm and
were classified into five categories using the Natural Breaks (Jenks) method: 621,049-
622,859mm; 622,86-640,172mm; 640,173-647,62mm; 647,621-658,491mm; 658,492-
672,38 1mm corresponding to 1-5 classes and then assigned flood risk values. Given
the direct relationship between elevation and flood risk, classes were assigned risk
values in ascending order from 1 (lowest precipitation, lowest risk) to 5 (highest

precipitation, highest risk).

TWI was derived from the DEM following a sequential creation of filled DEM, flow
direction and flow accumulation layers (Hydrology tools) and slope calculated in

radians. TWI was calculated using the formula:

N

TWI =1
n tanf

where As is the specific catchment area and B is the local slope (in radians). TWI index
was calculated using the Raster Calculator tool. TWI values ranged from 3,203 to
19,232 and were classified into five categories using the Natural Breaks (Jenks)
method:  3,204-5,592; 5,593-7,163; 7,164-9,3; 9,301-12,255; 12,256-19,232
corresponding to 1-5 classes and then assigned flood risk values. Given the direct
relationship between TWI and flood risk, classes were assigned risk values in ascending

order from 1 (lowest TWI value, lowest risk) to 5 (highest TWI value, highest risk).

Drainage density was derived from the DEM following several steps. Firstly, the
Stream Order layer was created by applying the respective Spatial Analyst tool and
using the same cell size and spatial extent with other raster files. Then, the raster stream
network was converted to vector format using the Stream to Feature tool. Only streams
with orders greater than 3 were kept and then dissolved based on their stream order.
Then, the Line Density tool was used to generate a continuous surface raster
representing drainage density across the study area. Drainage density values ranged
from 0 to 10,821 and were classified into five categories using the Natural Breaks
(Jenks) method: 0,001-1,188; 1,189-2,419; 2,42-3,565; 3,566-5,814; 5,815-10,821
corresponding to 1-5 classes and then assigned flood risk values. Given the direct

relationship between drainage density and flood risk, classes were assigned risk values
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in ascending order from 1 (lowest drainage density, lowest risk) to 5 (highest drainage

density, highest risk).

Distance from stream was calculated using the Euclidean Distance tool based on the
dissolved stream network derived from the previous process. Distance from stream
values ranged from 0 to 765,683m and were classified into five categories using the
Natural Breaks (Jenks) method: 0,001-81,072m; 81,073-168,15m; 168,151-258,23m;
258,231-375,335m; 375,336-765,683m corresponding to 1-5 classes and then assigned
flood risk values. Given the reverse relationship between distance from stream and
flood risk, classes assigned risk values in descending order from 5 (shortest distance,

highest risk) to 1 (greatest distance, lowest risk).

NDVI values were derived from USGS Landsat 8 imaginary (bands 4 and 5; path 184,
row 032, Level 1, Collection 2, Tier 1) and the NDVI index was calculated using the
Raster Calculator (Spatial Analyst Tool) based on the expression NDVI=NIR-RED/
NIR+RED with red band corresponding to band 4 and NIR band corresponding to band
5. NDVI values ranged from -0,036 to 0,546 and were classified into five categories
using the Natural Breaks (Jenks) method: -0,036-0,173; 0,174-0,237; 0,238-0,301;
0,302-0,377; 0,378-0,546 corresponding to 1-5 classes and then assigned flood risk
values. Given the reverse relationship between NDVI and flood risk, classes assigned
risk values in descending order from 5 (lowest NDVI value, highest risk) to 1 (highest
NDVI value, lowest risk).

Population density was calculated by dividing the total population of each municipal
community by the area of the corresponding municipal community in hectares (ha),
after joining the relevant tables obtained from the 2021 ELSTAT census. Population
density values ranged from 0,792 to 15,031 permanent residents per hectare and were
classified into four categories using the Natural Breaks (Jenks) method: 0,792-1,852;
1,853-5,258; 5,259-8,106; 8,107-15,031 corresponding to 1-4 classes and then assigned
flood risk values. Given the direct relationship between population density and flood
risk, classes were assigned risk values in ascending order from 1 (lowest population
density, lowest risk) to 4 (highest population density, highest risk). It is noted that the
Natural Breaks method couldn’t produce five statistically meaningful classes, therefore

in this case only four classes were used.
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LULC data (vector format) were derived from CORINE Land Cover dataset provided
by the Copernicus Land Monitoring Service. The layer was projected into the common
reference system, clipped to the boundaries of the study area and rasterized using the
same cell size as the other raster files. Within the study area, nineteen LULC types were
identified with sclerophyllous vegetation covering the largest part, followed by
transitional woodland-shrub, discontinuous urban fabric and complex cultivation
patterns, while smaller areas were covered by other LULC types. These nineteen LULC
types were classified into five categorical classes based on their infiltration capacity
and contribution to runoff: coastal and marine zones, forested areas, semi-natural
grasslands and shrubs, agricultural lands and mixed farming and built-up and industrial
urban areas. These categories corresponding to 1-5 classes (1 corresponds to lowest
contribution/lowest runoff and 5 corresponds to highest runoff/ lowest infiltration)
assigned flood risk values. Given the direct relationship between LULC characteristics
and flood risk, classes were assigned risk values in ascending order from 1 (coastal and

marine zones, lowest risk) to 5 (built up and industrial urban areas, highest risk).

Table 13 LULC categorization in the study area based on infiltration capacity and runoff potential (Source:
Copernicus, own processing)

Infiltration Class LULC Category LULC
Capacity/ Runoff  Value based on Copernicus Category in
this study
Very low 5 Continuous urban fabric, Built-up and
infiltration / High Discontinuous urban fabric, industrial urban
runoff Industrial or commercial units, areas
Airports,

Mineral extraction sites,

Construction sites

Low infiltration / 4 Non-irrigated arable land, Permanently Agricultural
Moderate-high irrigated land, Pastures, Complex lands and
runoff cultivation patterns, Land principally mixed farming

occupied by agriculture, with significant

areas of natural vegetation

Medium 3 Natural grasslands, Semi-natural
infiltration Sclerophyllous vegetation, grasslands and
Transitional woodland-shrub shrubs
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High infiltration / 2 Broad-leaved forest, Forested areas
Low runoff Coniferous forest,

Mixed forest

Little or no 1 Salt marshes, Coastal and

additional runoff Sea and ocean marine zones

Dependent and non-dependent populations were calculated for each municipal
community using age-based data from the 2021 ELSTAT census. The Dependency
Rate was used to express the proportion of dependent population (individual aged 0-14
years and 65+ years) to the non-dependent (individuals aged 15-64 years) as a
percentage. After joining the census data with the corresponding municipal
communities, the index was calculated using the Raster Calculator tool. Dependency
Rate values ranged from 49,308 to 57,054% and were classified into four categories
using the Natural Breaks (Jenks) method: 49,308-50,188%; 50,189-52,497%; 52,498-
54,806%; 54,807-57,054% corresponding to 1-4 classes and then assigned flood risk
values. Given the direct relationship between dependency rate and flood risk, classes
were assigned risk values in ascending order from 1 (lowest dependency rate, lowest
risk) to 4 (highest dependency rate, highest risk). It is noted that the Natural Breaks
method couldn’t produce five statistically meaningful classes, therefore in this case
only four classes were used. The assignment of risk values was since the range of
dependency rate values was relatively small. The highest rate values couldn’t
correspond to the highest possible risk value (5) as this risk value should correspond to
higher dependency rate values and therefore, such an assignment couldn’t justify the
values. Although there is relatively little differentiation among the values, they were
assigned different risk values to distinguish their different contribution to the total flood

risk.

In case of building density, building polygons were obtained from OpenStreetMap for
Greece. Building polygons were projected into the common reference system and
clipped to the boundaries of the study area. Centroids were generated from polygons
using the Feature to Point tool (Data Management Tools) and then rasterized to create
a continuous surface (reclassification into binary values). Subsequently, Focal Statistics

(Spatial Analyst Tools) with a 5x5 window was applied to smooth the results by
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summing the number of buildings present in each neighborhood. Building density (per
hectare) was then calculated using Raster Calculator for the study area. Building density
values ranged from 0 to 13,049 and were classified into five categories using the
Natural Breaks (Jenks) method: 0-1,023; 1,024-3,121; 3,122-6,243; 6,244-9,415;
9,416-13,049 buildings per hectare corresponding to 1-5 classes and then assigned
flood risk values. Given the direct relationship between building density and flood risk,
classes were assigned risk values in ascending order from 1 (lowest building density,

lowest risk) to 5 (highest building density, highest risk).

Road network was obtained from OpenStreetMap for Greece. Roads were projected
into the common reference system and clipped to the boundaries of the study area.
Distance to the closest road was calculated using Euclidean Distance tool (Spatial
Analyst Tools). Distance from road values ranged from 0 to 1869,598m and were
classified into five categories using the Natural Breaks (Jenks) method: 0,001-
175,962m; 175,963-469,232m; 469,233-828,488m; 828,489-1275,726m; 1275,727-
1869,598m corresponding to 1-5 classes and then assigned flood risk values. Given the
direct relationship between distance from road and flood risk, classes were assigned
risk values in ascending order from 1 (shortest distance, lowest risk) to 5 (greatest

distance, highest risk).

Health facilities data were obtained from Strategic Development Plans of the
Municipalities of Thermi and Pylaia-Chortiatis. Their locations identified and manually
digitized as point features in GIS. Distance from the closest health facility was then
calculated using the Euclidean Distance tool (Spatial Analyst tools). Distance from
health facilities values ranged from 0 to 6009,576m and were classified into five
categories using the Natural Breaks (Jenks) method: 0-1319,75m; 1319,751-
2262,429m;  2262,43-3157,973m;  3157,974-4218,487m; 4218,488-6009,576m
corresponding to 1-5 classes and then assigned flood risk values. Given the direct
relationship between distance from health facilities and flood risk, classes were
assigned risk values in ascending order from 1 (shortest distance, lowest risk) to 5

(greatest distance, highest risk).

Emergency shelter data within the boundaries of the study area were obtained from

Civil Protection Plans of the Municipalities of Thermi and Pylaia-Chortiatis. Their
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locations identified and manually digitized as point features in GIS. Distance from the
closest emergency shelter was then calculated using the Euclidean Distance tool
(Spatial Analyst tools). Distance from emergency shelter values ranged from 0 to
4287,341m and were classified into five categories using the Natural Breaks (Jenks)
method:  0-790,216m; 790,217-1479,553m; 1479,554-2152,077m; 2152,078-
2858,227m; 2858,228-4287,341m corresponding to 1-5 classes and then assigned flood
risk values. Given the direct relationship between distance from health facilities and
flood risk, classes were assigned risk values in ascending order from 1 (shortest

distance, lowest risk) to 5 (greatest distance, highest risk).

Older and newer buildings (residential) were calculated for each municipal community
using the construction year from the 2021 ELSTAT census. The Building Age Rate was
used to express the proportion of older buildings (before 1945, 1946-1980, 1981-1990)
to the newer buildings (1991-2010 and after 2011) as a percentage. After joining the
census data with the corresponding municipal communities, the index was calculated
using the Raster Calculator tool. Building Age Rate values ranged from 32,08 to
90,646% and were classified into four categories using manual method: 32,08-
51,601%; 51,602-71,124%; 71,125-90,646% corresponding to 1-3 classes and then
assigned flood risk values. Given the direct relationship between dependency rate and
flood risk, classes were assigned risk values in ascending order 2 (lower building age
rate, lower risk), 3 (moderate building age rate, moderate risk) and 4 (higher building
age rate, higher risk). It is noted that in this case manual classification of the building
age rate was chosen due to inability of the Jenks method to produce meaningful classes.
This decision ensured that all values were represented and corresponded to a class.
Although an attempt was made to classify the values into 5 or 4 classes with Jenks
method, this was not possible as some municipal communities were unpresentable.
Therefore, the building age rate values were categorized into three classes, reflecting
the progression from lower to higher building age rate. In this case, risk values were
assigned 2, 3, 4 representing low, moderate and high-risk categories respectively. The
absence of risk values 1 (lowest risk) and 5 (highest risk) was justified as values did not
reach extremes of 0% and 100% dependency age rate and therefore, the assignment of
those values would have been inappropriate. While sensitivity analysis or expert
judgement would provide more robustness in such cases, it is considered reasonable

given the limited range of the values.
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3.2.4.2. Weighted Overlay Analysis
A weighted overlay analysis was applied to assess and map the spatial distribution of
flood risk across the study area, considering parameters that represent hazard, exposure
and vulnerability/ capacity. As described, all datasets were managed in GIS, projected
into a common coordinate reference system (Greek Grid), clipped to the study area

boundaries and in case of vector data, converted into raster format.

The resulting raster files were standardized, classified and assigned with risk values
ranging from 1 (very low risk) to 5 (very high risk). Then, they were combined using
the Weighted Overlay tool (Spatial Analyst tools) in ArcGIS Pro with weights derived
from AHP based on expert judgments. During this process, each raster cell value was
multiplied by its corresponding weight and summed to produce a final flood risk index.
Although the input raster data were classified into total 3-5 classes and assessed through
the overlay analysis on a 1-5 scale, the final output (flood risk map) was classified into
three categories (low, moderate and high) due to the methods applied (e.g.

normalization, classification) and the weighted aggregation of parameters.

The weighted overlay tool combines the raster files to represent flood risk as the
cumulative interaction of parameters based on an additive approach. This approach
assumes independence among parameters and their linear contribution to flood risk.
Therefore, it does not typically capture the differing contributions of hazard, exposure,
vulnerability and capacity. To address this constraint of the tool, all datasets were
classified and assigned with risk values according to their relationship with flood risk,
as described in section 3.2.4.1. (Data Management). Particularly, parameters positively
associated with flood risk were assigned risk values in ascending order while
parameters negatively associated with flood risk were assigned inverse risk values. This
approach was also applied to capacity parameters, where higher capacity values

correspond to lower risk values.

3.2.4.3. Impact Analysis
Based on the resulting flood risk map, an impact analysis was conducted to assess the
potential impacts on the environment, infrastructure and population within the study
area. The quantification of the impacts was mainly performed using Extract by Mask

tool, extracting the corresponding parameter values for each flood risk zone.
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3.2.4.4. Validation
Validation is essential to assess the plausibility of the model’s results. There is a variety
of validation methods that are applied in similar studies, with test locations (Lin et al.,
2019) and historical flood records being among the most widely used approaches
(Papaioannou et al., 2015; Feloni et al., 2019; Ekmekcioglu et al., 2020; Taoukidou et
al., 2025).

Given the absence of publicly available georeferenced historical flood data from the
fire department (only the total number of flood-related incidents is recorded), validation
was applied through comparison with the official Areas of Potential Significant Flood
Risk (APSFR), particularly the zone EL10APSFRO0O08 (Lowland Basin of Regional
Trench T66, encompassing the Loudias and Axios rivers, the former Lake Arjan, and
Galliko) as identified in the Flood Risk Management Plan of Central Macedonia.
Particularly, ELI0OAPSFRO08 zone overlaps with the southern part of the study area.
APSFRs are generally defined by combining the assessment of significant past floods,
the identification of areas likely to be flooded and areas with significant impacts to
future floods at strategic level for Central Macedonia (Ypeka, 2025). Additionally,
these official zones provide a reliable basis for comparison as they identified in

alignment with national regulations and EU flood risk management directives.

For the part of the study area that is not included within the EL1I0APSFRO08 zone,
validation was conducted using qualitative data. For this purpose, an application was
submitted to the related municipality services to collect information on flood-prone
locations. The eighteen identified locations include some representative or main areas
showing water accumulation after heavy precipitation events (e.g. due to alterations in
stream channels or disrupted stream continuity) as well as stream points where

inadequate maintenance is observed.
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4. Results

The following sections present the results of the methodology application.

4.1. Parameters Analysis
The largest part of the area (87%) is located in very low to moderate elevations ranging
from 2 to 573m. Lowest elevations are found in the southwest part of the study area
given its proximity to sea while low to moderate elevations extend northward. These
areas correspond to very high to moderate flood risk. In contrast, the highest elevations
(5% of the total area) are located in the northeast where Mt. Chortiatis is and these areas
correspond to the lowest flood risk. Additionally, most of the area (62%) has slopes
ranging from 0 to 11,652° which are mainly found in the southern and northern parts
of the study area, corresponding to higher flood risk. In contrast, steeper slopes (4% of
the total area) are located in the central and northeastern parts and these correspond to
the lowest flood risk. The largest part of the area (60%) is covered by chromic luvisols
found in the central and northern part of the study area. This type is considered
moderately susceptible to flooding. 40% of the area is covered by calcaric regosols, in
the northern part of the study area which shows low flood risk. As for the curvature,
the majority of the area (39%) consists of flat surfaces which show the highest flood
risk. Then, follow the concave surfaces (31% of the total area) which show moderate
to high flood risk and the convex surfaces (29% of the total area) which correspond to

lower flood risk.

Analyzing hydrological parameters, the largest part of the area (40%) receives higher
annual precipitation (>647,621mm) mainly in the central and northern parts which
corresponds to higher flood risk. This is mainly influenced by the orographic effect due
to Mt. Chortiatis. These areas are followed by areas with moderate precipitation
(640,173-647,62mm) mainly in the northern part but also in a southern part of the study
area corresponding to moderate flood risk. Moreover, the largest part of the study area
(71%) shows lower TWI values which correspond to lower susceptibility to flooding,
while areas with higher TWI values are limited to 10% of the total study area
corresponding to higher flood risk. Regarding drainage density, the largest part of the
area (57%) shows from very low to low drainage densities (0-2,419) corresponding to
lower flood risk, followed by areas with moderate drainage density covering 28% of

the total area (moderate flood risk). While areas with higher drainage density
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corresponding to higher flood risk represent 15% of the total area. On the other hand,
66% of the total area is located close to stream (within a distance of 168,15m)
corresponding to higher flood risk while only 13% of the area is located in a distance

greater than 258,23 1m corresponding to lower flood risk.
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Figure 3 Flood hazard parameters a) elevation, b) slope, c) soil type, d) curvature, e) precipitation, f) TWI, g)
drainage density and h) distance from stream (own processing)
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The largest area (41%) shows lower NDVI values (<0,237) corresponding to higher
flood risk. Then follow the areas with moderate NDVI values (31%) mainly identified
in the central part while higher NDVI values are observed in the 28% (>0,302) of the

study area mainly around Mt. Chortiatis corresponding to lower flood risk.

Regarding population density, the largest area (36%) is characterized by low population
density. This class includes the settlement of Thermi in the southern part of the study
area which despite rapid development in recent years still shows suburban
characteristics compared to Pylaia. The highest population densities are observed in
municipal communities located closer to the urban fabric of Thessaloniki, such as
Panorama and Pylaia (32% of the total area). The same proportion (32%) correspond

to areas with very low population density such Chortiatis.

As for land use and land cover, the largest part of the total area (34%) is covered by
semi-natural grasslands and shrubs. Then follow areas covered by agricultural lands
and mixed farming (32%), built-up and industrial urban areas (24%) and forested areas
(10%). While coastal and marine zones represent a small part of the study area located

near Thermaikos Gulf.
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Figure 4 Flood exposure parameters i) NDVI, j) population density and k) LULC (own processing)

Dependency rate is higher in the Municipal Community of Exochi corresponding to the
higher flood risk. However, the largest area is characterized by low dependency rate
(36%) for Municipal Communities of Thermi and Asvestochori corresponding to low
flood risk while the lowest and moderate values are observed in the same proportion
(32%) for Municipal Communities of Chortiatis, Panorama and Pylaia corresponding

to the lowest and moderate flood risk.

Regarding building density, the largest part of the study area (67%) shows very low
building density (<1,023 buildings per ha) due to the topography of the region, followed
by areas showing low building density (17% of the total area). Higher building densities
are mainly observed in the centers of the settlements of Thermi, Panorama and
Chortiatis, as well as in parts of Pylaia, Exochi and Triadi near the boundaries of the
study area. Thermi has a more concentrated and high-density core while Panorama
shows higher density in certain parts. Moderate building densities are smoothly
distributed across the settlement. On the other hand, Chortiatis given its smaller size,

has more localized building densities in certain parts due to significant development
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and expansion over the past decade. Moderate and low building densities are also found
along the road network. Overall, the higher densities exceeding 6,244 buildings per ha
cover 7% of the total area and correspond to higher flood vulnerability while moderate

densities are observed in 9% of the study area.

Analyzing the access to road, emergency services and health care provides the
following insights into the flood vulnerability of the study area. Regarding distance
from road, the largest part of the study area (78%) is close to road network
(<469,232m), corresponding to lower flood risk given the ability for direct access and
quicker emergency response. Areas located in moderate distances from roads (469,233-
828,488m) correspond to 11% of the total area. The same proportion (11% of the total
area) have the areas farther from roads corresponding to higher flood risk. However,
these areas are mainly uninhabited due to the topography of the region. Regarding
distance from health facilities, most areas (44%) are near health facilities (<2262,429m)
corresponding to lower flood risk due to the ability of quicker access to health care. On
the other hand, areas located in greater distances from health facilities (>3157,974m)
cover 27% of the total area corresponding to higher flood vulnerability. While areas at
moderate distances cover the remaining proportion. Regarding distance from
emergency shelters, the largest part of the area (47%) is located close to emergency
shelters (<1479,553m) corresponding to lower flood vulnerability given direct access
to emergency services and protection points. However, relatively high is the proportion
of the areas located farther from emergency shelters (>3157,974m) (30%) but may be
related to parts of remote and uninhabited regions not exclusively corresponding to

higher flood vulnerability.

Finally, building age rate is highest (35%) in the Municipalities of Panorama, Pylaia
and Asvestochori, ranging from 71 to 91%, since they are generally older settlements.
In contrast, Municipal Communities of Chortiatis which has expanded mainly over the
past decade and Thermi, which has experienced rapid development in recent years, have
a relatively greater proportion of newer buildings ranging from 32 to 71%,
corresponding to more flood-resilient structures and therefore, low and moderate flood

risk.
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Figure 5 Flood exposure parameters ) dependency rate, m) building density, n) distance from road, o) distance
from health facilities, p) distance from emergency shelter and q) building age rate (own processing)

The table in Appendix II (Table 23) presents the detailed classification and risk values

of the selected parameters as well as area statistics.

4.2. AHP Results
Combining the completed 17x17 Pairwise Comparison Matrices as derived from
participants, the geometric means, normalized weight vector, weighted sum vector and
consistency vector were calculated to derive maximum eigenvalue and compute
Consistency Index and Consistency Ratio. Precipitation received the highest weight
(0,1528), followed by slope (0,1257), distance from stream (0,1022), soil type (0,0730),
TWI (0,0656), drainage density (0,0588), land use and land cover (0,0584), curvature
(0,0569), population density (0,0554), dependent population (0,0520), elevation
(0,0508), building density (0,0380), NDVI (0,0313), distance from road (0,0234),
distance from health facilities (0,0222), distance from emergency shelter (0,0202) and
building age (0,0132). Given the Cl is calculated 0,0696 and CR 0,0438 which is below
the threshold of 0,10 (for n=17, RI=1,59) the comparisons are consistent and therefore
reliable. Table 14 presents the combined matrix of pairwise comparisons and the

calculated weights.
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Table 14 Combined Pairwise Comparison Matrix (PCM) and calculated weights (own processing)

Para P1 P2 P3 P4 P5 P6 P7 P8 P9 P10 P11 P12 P13 P14 P15 P16 P17 Weights
mete (Wi)
rs
P1 1,0 0,44 1,15 1,52 048 086 093 045 1,58 0,76 057 090 095 1,40 241 2,11 394 0,0508
P2 2,3 1,00 347 365 088 3,16 339 148 501 2,12 1,55 193 274 380 328 4,08 6,11 0,1257
P3 0,9 0,29 100 28 1,25 143 197 078 285 1,12 1,00 1,11 1,52 2,51 2,5 3,23 4283 0,0730
P4 0,7 0,27 035 1,00 1,08 1,58 1,63 0,78 245 1,23 09 085 1,38 2,05 227 246 285 0,0569
P5 2,1 1,13 0,80 092 1,00 535 499 224 6,72 3,71 483 3,18 452 6,15 584 647 7,22 0,1528
P6 1,2 0,32 0,70 0,63 0,19 1,00 1,84 064 3,68 148 1,32 1,01 1,95 4,08 390 390 5,52 0,0656
P7 1,1 0,29 0,51 0,61 020 054 1,00 0,82 448 1,64 1,38 1,25 1,95 291 3,13 295 4,66 0,0588
P8 2,2 0,68 1,29 1,28 045 1,55 1,21 1,00 455 2,11 295 295 3,06 572 4,17 4,17 6,11 0,1022
P9 0,6 0,20 035 041 0,05 027 022 022 1,00 068 1,00 084 1,27 227 1,64 227 267 0,0313
P10 1,3 047 089 081 027 067 061 047 148 1,00 1,58 1,43 2,04 283 224 263 3,71 0,0554
P11 1,7 0,64 100 105 021 076 0,72 034 1,00 063 1,00 202 261 452 293 293 4,15 0,0584
P12 1,1 0,52 09 1,18 031 09 08 034 1,18 0,70 050 1,00 1,70 3,47 2,779 2,779 3,47 0,0520
P13 1,1 0,37 0,66 0,72 022 051 051 033 079 049 038 059 1,00 285 2,18 224 384 0,0380
P14 0,7 0,26 040 049 0,16 025 034 017 044 035 022 029 035 1,00 2,04 2,04 347 0,0234
P15 0,4 0,31 039 044 0,17 026 032 024 061 045 034 036 046 049 1,00 1,52 2,09 0,0222
P16 0,5 0,24 031 041 0,5 026 034 024 044 038 034 036 045 049 0,66 1,00 2,54 0,0202
P17 0,3 0,16 021 035 0,14 0,18 021 0,16 037 027 024 029 026 029 048 039 1,00 0,0132

Where P1: elevation, P2: slope, P3: soil type, P4: curvature, P5: precipitation, P6. topographic wetness index, P7: drainage density, PS8. distance

from stream, P9: normalized difference vegetation index, P10: population density, P11: land use and land cover, P12: dependent population, P13:

building density, P14 distance from road, P15: distance from health facilities, P16: distance from emergency shelter and P17: building age.



4.3. Flood Risk Assessment
The weighted overlay analysis was applied to create a flood risk map using the weights
derived from AHP. The resulting map classifies the study area into three categories:
low, moderate and high flood risk. Most of the area is characterized by moderate flood
risk, followed by low and high-risk areas. Particularly, of the total area, 503 ha (8,26%)
are classified as low-risk, 5114 ha (83,94%) as moderate-risk and 476 ha (7,80%) as
high-risk?.

Analyzing the spatial distribution of flood risk within the study area several variations
are observed. Initially, most areas of all municipal communities are classified as
moderate flood risk. The largest proportions of moderate-risk areas are observed in
Municipal Communities of Thermi (29,82% of the area), Chortiatis (23,61%) and
Panorama (22,08%). High flood risk areas are mainly observed in Municipal
Community of Thermi (2,96% of the total area), followed by Panorama (2,78%) and
Chortiatis (1,08%) while the remaining municipal communities have smaller
proportions. Areas classified as low flood risk are comparatively limited, with
Municipal Community of Chortiatis showing the largest proportion (7,14%) while the

other municipal communities show smaller proportions.

Table 15 shows the distribution of flood risk across municipal communities.

Table 15 Flood risk categories per municipal community (own processing)

Municipal Low Moderate High
Community Cells Area %  Cells Area % Cells Area %
Count  (hay  total  COUNt  (ha)  total  COUNL  (ha)  otal

area area area
Asvestochori 308 23,60 0,39 2166 16599 2,72 41 3,14 0,05
Exochi 5 0,38 0,01 222 17,01 0,28 29 2,22 0,04

Thermi 278 21,30 0,35 23705 1816,67 29,82 2354 180,40 2,96
Panorama 221 16,94 0,28 17555 134536 22,08 2214 169,67 2,78
Pylaia 81 6,21 0,10 4316 330,76 543 709 54,34 0,89
Chortiatis 5673 434776 7,14 18767 1438,24 23,61 858 65,75 1,08

2 During raster processing and clipping a slight difference in boundaries was observed between the
original basin extent (6203,35ha) and the final analyzed area (6092,76ha). Therefore, only cells within
the final extent were kept and all were classified into flood risk categories.
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Figure 6 Flood risk within the study area (own processing)

Low Flood Risk Zone

Most areas in the low flood risk zone are located at high elevations with a mean of
731,91m and on steeper slopes with a mean of 22,44° corresponding to low flood risk.
The main soil type is Chromic Luvisols with a minority of Calcaric Regosols. There,
curvature has a mean of 0,95 and precipitation a mean of 645,71 mm, which are related
to low and moderate flood risk respectively. TWI has a mean of 5,18 and drainage
density a mean of 1,24 corresponding to very low and low flood risk, while the mean
distance from streams is 235,71m corresponding to moderate flood risk. Regarding
exposure, the mean NDVI is 0,36 indicating dense and healthy vegetation and land use/
land cover is mainly forested corresponding to low flood risk. Population density is
very low with a mean of 1,38 residents per hectare. Regarding vulnerability/ capacity

parameters, these areas show a mean population dependency rate of 49,74% and
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building density of 0,23 buildings per hectare corresponding to very low flood risk. The
mean distance from road is approx. 232m and from health facilities is 2078m, indicating
a low vulnerability. On the other hand, the mean distance from emergency shelters is
2006m and building age rate has a mean of 62,38% corresponding to moderate flood
vulnerability. The combination of these parameters along with their flood risk values

results in the classification of the areas as low flood risk.

Moderate Flood Risk Zone

Most areas in the moderate flood risk zone are located at lower elevations with a mean
of 306,34m and on smoother slopes with a mean of 10,03° reflecting high flood risk.
The main soil type is Chromic Luvisols with a minority of Calcaric Regosols. There,
curvature has a mean of -0,02 and precipitation a mean of 649,66mm, which are related
to very high and high flood risk respectively. TWI has a mean of 6,54 and drainage
density a mean of 2,28 corresponding to low flood risk, while the mean distance from
streams is 136,21m corresponding to high flood risk. Regarding exposure, the mean
NDVI is 0,25 indicating moderately dense and healthy vegetation and land use/ land
cover is mainly semi-natural grasslands and shrubs corresponding to moderate flood
risk. Population density is low with a mean of 4,66 residents per hectare. Regarding
vulnerability/ capacity parameters, these areas show a mean population dependency
rate of 52,26% and building density of 1,35 buildings per hectare corresponding to low
flood risk. The mean distance from road is approx. 279m and from health facilities
2495m indicating low and moderate vulnerability respectively. On the other hand, the
mean distance from emergency shelters is 1572m and building age rate has a mean of
56,66% corresponding to moderate flood vulnerability. The combination of these
parameters along with their flood risk values results in the classification of the areas as

moderate flood risk.

High Flood Risk Zone

Most areas in the high flood risk zone are located at low elevations with a mean of
231,68m and on flat slopes with a mean of 5,25° reflecting high and very high flood
risk susceptibility respectively. The main soil type is Chromic Luvisols with a minority

of Calcaric Regosols. There, curvature has a mean of -0,92 and precipitation a mean of
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656,51mm, which are related to moderate and high flood risk respectively. TWI has a
mean of 9,55 and drainage density a mean of 3,52 corresponding to high and moderate
flood risk respectively, while the mean distance from streams is 46,86m corresponding
to very high flood risk. Regarding exposure, the mean NDVI is 0,24 indicating
moderately dense and healthy vegetation and land use/ land cover is mainly semi-
natural grasslands and shrubs corresponding to moderate flood risk. Population density
is moderate with a mean of 6,09 residents per hectare. Regarding vulnerability/ capacity
parameters, these areas show a mean population dependency rate of 53,08% and
building density of 1,44 buildings per hectare corresponding to moderate and low risk
respectively. The mean distance from road is approx. 355m and from health facilities
2706m indicate a low and moderate vulnerability respectively. On the other hand, the
mean distance from emergency shelters is 1460m and building age rate has a mean of
57,22% corresponding to low and moderate flood vulnerability respectively. The
combination of these parameters along with their flood risk values results in the

classification of the areas as high flood risk.

4.4. Impact Analysis
The potential impacts on exposed environment, infrastructure and population are
assessed in this section. Particularly, land use and land cover, infrastructure (building
and roads) and population parameters are quantified for each flood risk zone to evaluate

the potential damages and losses.

4.4.1. Impact on the Environment
Most areas are located within the moderate flood risk zone. In this zone, agricultural
land and mixed farming (1760,88ha) is the most potentially affected LULC category
given its exposure, followed by semi-natural grasslands and shrubs (1713,59ha), built-
up and industrial urban areas (1303,82ha), forested areas (332,14ha) and coastal and

marine zone (3,60ha).

The low flood risk zone covers the second largest area. In this area, forested areas
(226,77ha) are the most potentially affected, followed by semi-natural grasslands and
shrubs (162,09ha), agricultural lands and mixed farming (78,63ha) and built-up and

industrial urban areas (35,71ha).
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The high flood risk zone covers the smallest area. In this zone, semi-natural grasslands
and shrubs (196,73ha) are the most potentially affected, followed by built-up and
industrial urban areas (137,33ha), agricultural lands and mixed farming (127,68ha) and

forested areas (13,7%ha).

Table 16 Potentially affected land use and land cover by flood risk level (own processing)

LULC Low flood Moderate flood High flood
category risk zone risk zone risk zone
Cells Area Cells Area Cells Area
Count (ha) Count (ha) Count (ha)
Built-up and 466 35,71 17013 1303,82 1792 137,33
industrial urban
areas

Agricultural lands 1026 78,63 22977 1760,88 1666 127,68
and mixed farming

Semi-natural 2115 162,09 22360 1713,59 2567 196,73
grasslands and
shrubs
Forested areas 2959 226,77 4334 332,14 180 13,79
Coastal and marine 0 0 47 3,60 0 0
zones

4.4.2. Impact on Infrastructure
Infrastructure potentially most affected due to its exposure is located within the
moderate flood risk zone. In this zone, the exposed roads cover an area of 967,31ha and
buildings cover 200,02ha. Critical infrastructure is located in this zone, including
Trans-Balkan Medical Center (partially), Saint Luke’s General Clinic and Chortiatis
Municipal Health Center. The second most potentially affected infrastructure is located
within the high flood risk zone. In this zone, the roads cover an area of 101,54ha and
buildings cover 20ha. Additionally, Trans-Balkan Medical Center is identified partially
in this zone. Finally, potentially affected infrastructure is located within the low flood

risk with roads covering an area of 42ha and buildings covering 2,76ha.

Table 17 Potentially affected infrastructure by flood risk level (own processing)

Infrastructure Low flood Moderate flood High flood
Type risk zone risk zone risk zone
Cells Area Cells Area Cells Area
Count (ha) Count (ha) Count (ha)
Buildings 36 2,76 2610 200,02 261 20,00
Roads 548 42,00 12622 967,31 1325 101,54
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Figure 7 Potentially affected infrastructure by flood risk level (own processing)

4.4.3. Impact on Population
The exposed populations were assessed using census data at the municipal community
level. As noted in the methodology section, a single value is assigned to each municipal
community, therefore the approach does not capture micro-scale variation. However,
flood risk is expected to affect the exposed population more locally rather than the total
population of the municipal community. Particularly:
= The population of Municipal Community of Thermi is 19602 residents and the
dependent population is 6747 residents based on 2021 census. Most of this
population is exposed to moderate flood risk while some areas particularly in
the central and northwestern as well as eastern expansions of the settlement
are in high risk zones, potentially affecting residents in these parts more
intensively.
= The population of Municipal Community Chortiatis is 4512 and the dependent
population is 1495. Most of this population is exposed to moderate flood risk
while some parts especially in the center of the settlement and its western
expansion are at high risk. However given the lower population density in
these high risk zones, the number of exposed people potentially affected is

smaller.

73



= The population of Municipal Community Panorama is 17680 and the
dependent population is 6261. Most of this population is exposed to moderate
flood risk with some western and eastern parts located in high risk zones. Other
parts, particularly in the south are exposed to low flood risk.

= A larger area in the southern part of the study area close to coast line is exposed
to high flood risk. This area is mainly characterized by commercial and third
sector activities, as well as critical infrastructure and some industrial uses. As
a result, there is no permanent population at risk in this part.

= A part of the Municipal Community of Pylaia located within the study area
near the Panorama is potentially affected since it is classified as high-risk.
However, the exposed populations in this area as well as in small parts of

Asvestochori and Exochi are affected proportionally.

4.5. Validation Results
An area of 614,0lha of the APSFR EL10APSFR008 (Lowland Basin of Regional
Trench T66, encompassing the Loudias and Axios rivers, the former Lake Arjan, and
Galliko) overlaps with the southern part of the study area. By comparing the APSFR
zone with the flood risk zones of this study, it is observed that the ELI0APSFRO008
zone is mainly included in moderate and high-risk areas, while a smaller part is included
in the low-risk areas. More particularly, the majority of the APSFR zone is classified
as moderate risk based on the proposed flood risk zones by this study (526,34ha),
followed by the high-risk (87,06ha) and low-risk (0,61ha). The areas represent 10,29%
of the total moderate risk zone, 18,31% of the total high-risk zone and 0,12% of the
total low risk zone in the study area. These indicate that the model generally identifies

those flood-prone areas defined by the official APSFR.

Although the part of the APSFR included in the study area covers approx. 10% of the
total study area, this result is expected due to methodological differences between two
applications. Particularly, APSFR are defined by combining the assessment of
significant floods, the identification of areas likely to be flooded and areas with
significant impacts to future floods at strategic level. On the other hand, the
methodology of this study is applied at basin level considering smaller streams as well
as hazard, exposure and vulnerability/ capacity parameters to categorize flood risk from

low to high.
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For the part of the study area not included within the ELIOAPSFRO00S8 zone, validation
was conducted using eighteen documented potentially flooding locations as recorded
from municipal services. All these points are included in the moderate flood risk zone,
supporting the reliability of the model’s results given the absence of publicly available

and independent past flood events.
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5. Discussion

This GIS-based MCDA framework considers seventeen parameters representing
hazard, exposure and vulnerability/ capacity components, following the internationally
recognized conceptualization of flood risk proposed by UNDRR (2017). The approach
aligns with recent studies that recognize the need for more comprehensive flood risk
assessments that beyond hazard consider exposure, vulnerability and capacity
parameters. While no comprehensive flood risk assessments have been identified in the
wider area, several studies in Greece have partially integrated hazard with exposure and
vulnerability, although capacity aspect has generally underestimated. In this context,
the study addresses this gap by developing a framework that covers all these

components and highlights their cumulative contribution to flood risk.

An additional advantage of the study is the involvement of local expert and stakeholder
knowledge through Analytical Hierarchy Process (AHP), a widely used method in flood
risk assessments. The results of the weighting process indicate that precipitation is the
most influential parameter followed by slope, distance from stream, soil type,
topographic wetness index, drainage density, land use and land cover, curvature,
population density, dependent population, elevation, building density, normalized
difference vegetation index, distance from road, distance from health facilities, distance
from emergency shelter and building age. Prioritization shows that hazard parameters
are the main influential factors for flood occurrence while exposure and vulnerability
parameters are less influential. This finding is consistent with other Mediterranean
studies, where physical/ environmental parameters are identified as the main

determinants of flood risk.

The resulting flood risk map shows that the largest part of the study area is classified
as moderate flood risk (83,94%) followed by low (8,26%) and high (7,80%) risk-areas.
This distribution reflects not only the interactions among these specific parameters but
also the effects of methodological choices. Particularly, the use of min-max
normalization and Natural Breaks (Jenks) classification may affect results, as these
methods tend to be sensitive to outliers and minimize variance within classes and
maximize variance between classes (Papaioannou et al., 2015). Moreover, although
weights are assigned independently, they influence the flood risk distribution through

the weighted overlay analysis in GIS. This approach also provides a linear and additive
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rather than a dynamic representation of flood risk that captures synergistic or
antagonistic interactions among parameters. While the GIS-based MCDA framework
provides a structured and transparent approach for mapping flood risk distribution and
prioritizing risk areas, it remains less predictive than physics-based simulation models.

Therefore, the results should be interpreted accordingly.

In addition, validation generally supports the plausibility of the model’s results,
particularly the consistency between the flood risk zones and the ELI0APSFRO0S zone
defined in Flood Risk Management Plan of Central Macedonia as well as the eighteen
documented locations of water accumulation and inadequate maintenance. However,
the use of APSFR may introduce a risk of circular validation, as these zones are
potentially derived from underlying data sources that may overlap with those used in

this study.

Several additional methodological limitations should be acknowledged. The approach
simplifies complex hydrological processes into linear relationships, highlighting a
limitation of MCDA compared to hydraulic and hydrological models (e.g. HEC-RAS
or MIKE) or machine learning, which typically provide higher predictive accuracy.
Parameters selection introduces uncertainty as some parameters may show partial
underlying interdependence (e.g. distance from stream and TWI), potentially leading
to redundancy in the analysis. Furthermore, the applied normalization and classification
methods may influence the distribution of values and consequently affect the results.
Additional limitations related to data include the use of datasets with different temporal
characteristics (static e.g. topography, slope and dynamic e.g. LULC, population data,
precipitation), the absence of climate change projections as well as limitations in data
resolution and availability. For example, the relatively low-resolution DEM may have
influenced the accuracy of DEM-derived parameters such as terrain and hydrographic
network, particularly near boundaries where inconsistencies with the study area derived
from official sources may occur. Additionally, the use of low-resolution publicly
available precipitation data, due to the absence of local meteorological stations within
the study area, affects the precise representation of local precipitation variability.
Similarly, the aggregation of socioeconomic data (e.g. population density, dependency
ratio) at municipal community level, reduces the model’s ability to identify micro-scale

variation, introducing further uncertainty. Finally, the relatively small number of
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participants (n=5) involved in the weighting process may limit the representativeness
of the results and introduce potential bias, such as groupthink, due to their similar field
of expertise. Finally, no extensive sensitivity analysis was applied to assess how

variations in weights (e.g. £10-20% variation) influence the robustness of the results.

Based on these methodological limitations, future improvements may focus on
combining the results with information derived from hydraulic and hydrological
models (such as HEC-RAS or MIKE) as well as machine learning that efficiently
capture complex interactions and provide higher predictive accuracy. However, given
that these models may introduce additional complexity, particularly in strategic
planning, their use should be carefully assessed depending on the decision-making
context. Although parameters selection was based on their conceptual relevance to
flood risk and supported by literature, uncertainty related to potential underlying
interdependencies and redundancy in the analysis could be reduced through extensive
parameters analysis (e.g. correlation analysis). Additionally, the influence of
normalization and classification methods on the results could be examined through
comparison with other methods. This could confirm if the spatial distribution of flood
risk is driven by the interaction among these specific parameters or by the
methodological choices. The use of higher resolution datasets (e.g. UAV-based high-
resolution DEM) and climate change projections would also enhance the quality and
reliability of the results (mapping). Increasing participation in the AHP and applying
sensitivity analysis to assess how weights variations affect results could reduce
subjectivity and improve the accuracy of weights. Moreover, the use of independent

datasets (e.g. historical satellite data) could reduce potential circular validation.

Finally, the study provides a transferable methodology that can support decision-
makers to identify and prioritize risk areas using publicly available datasets. However,
its application requires adaptation to local conditions. In this case, the study area is
characterized by a Mediterranean climate, specific topography and socioeconomic
characteristics while application in different contexts, such as Nordic climate or a
region with different socioeconomic structure, would require additional adjustments

(e.g. in parameters selection and weighting).
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6. Conclusions

This study developed a comprehensive GIS-based MCDA framework for flood risk
assessment in the Thermi Basin in northern Greece, considering seventeen parameters
that represent hazard, exposure and vulnerability/ capacity. The Analytic Hierarchy
Process (AHP) was applied to assign weights through expert judgments and the
weighted parameters were aggregated in GIS using the Weighted Overlay Tool to create
a flood risk map. The map classified the study area into low, moderate and high flood
risk zones and revealed that most of the area is classified as moderate-risk, followed by
low and high-risk. Moderate flood risk areas are generally expected to be the most
affected due to their extent and relatively high exposure of assets and population, while
high flood risk areas, although covering the smallest area, intersect some critical
infrastructure and parts of settlements, indicating potential considerable impacts.
Validation against APSFR and eighteen documented flood-prone locations was also

applied, generally confirming the plausibility of the model’s results.

The framework enabled the simultaneous consideration of multiple and diverse
parameters in a simplified and transparent approach. Although it is based on a additive
representation of flood risk and is less predictive compared to physics-based simulation
models, it provided a prioritization of flood risk areas that can support decision-makers
in formulating informed and differentiated strategies, particularly in data-scarce and
ungauged regions. Indicatively, given that moderate-risk areas represent a balanced yet
dynamic system, they require preventive strategies including land-use planning and
infrastructure completion, upgrading or maintenance. Low-risk areas, characterized by
limited flood potential, should prioritize conservation and nature-based solutions to
maintain their risk level while high-risk areas require more targeted mitigation
strategies including stormwater drainage system improvement, sediment management
and stream boundary regulation. In addition, horizontal measures such as long-term
monitoring and early warning systems, sustainable spatial planning, flood risk
management regulations and public awareness initiatives could enhance sustainability
across the study area. However, these strategies are indicative and serve only as a basis

for planners to further develop specific measures based on local needs.

In addition, the results should be interpreted based on the methodological assumptions

and limitations including the simplified approach of the framework compared to
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physics-based models, potential interdependencies among parameters, methodological
choices’ influence on results, data resolution issues, absence of climate change
projections, potential circularity in validation, potential bias due to the limited
participation in AHP (n=5) and absence of extensive sensitivity analysis. Future studies
could combine the results with those from higher-predictive approaches (depending on
the context), use higher-resolution data and climate change projections, increase AHP
participation, apply sensitivity analysis and parameters analysis as well as use more

independent datasets for validation.
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8. Appendices
Appendix I

Precipitation

Within the boundaries of the study area, no meteorological stations provided by the
national meteorological service are available for measuring annual precipitation. The
closest station, the one located within the regional unit, is approximately 10km away.
However, the development of reliable precipitation maps requires a greater number of
stations for spatial interpolation. Such data could potentially be obtained by combining
datasets from various stations by different institutions or agencies having
meteorological stations within the wider study area. However, considering the required
time for data collection from different sources, the potential costs and the study’s
requirements, annual precipitation data was obtained from publicly access PERSIANN-
CCS dataset. It should be noted that these data present limitations related to their spatial
resolution as the original cell size is larger than the cell size of the other raster files used
in this study. However, this resolution is considered adequate for the analysis given the

extent of the basin and the range of precipitation values.

Population density

In this study, population density was calculated by dividing the permanent number of
residents in each municipal community by the corresponding area of each municipal
community, using 2021 census data from ELSTAT and spatial information from the
ELSTAT Digital Cartographic Backgrounds. The table below presents the total
population, area and population density of municipal communities within the study

arca.

Table 18 Total population, area and population density of each municipal community within the study area (Source:
ELSTAT, own processing)

Municipal Total Population Area (ha) Population Density
Community 2021 (people/ha)
Asvestochori 6553 3517,33 1,86
Exochi 1267 240,63 5,27
Thermi 19602 5592,82 3,50
Panorama 17680 2174,38 8,13

93



Pylaia 36843 2451,15 15,03
Chortiatis 4512 5707,13 0,79

Dependent population

In this study, the dependent population was analyzed solely based on populations’ age
groups (dependent population: 0-14years and 65+ years, non-dependent population: 15-
64 years) using municipal community level data from the 2021 ELSTAT census and
spatial information from the ELSTAT Digital Cartographic Backgrounds. The
disability dimension, although recognized as critical factor for inclusive flood risk
assessments, was not included due to data limitations. The following present some
conclusions drawn from the research of the relevant datasets. ELSTAT does not provide
data on the total population with disabilities due to the sensitivity of such information.
Additionally, Municipal Social Services are often unaware of the exact population with
disabilities in their municipalities or the relevant information is fragmented across
different municipal departments, requiring significant time to concentrate such
information. In Greece, the number of people with disabilities is officially recorded
only for those receiving disability allowances, a measure that does not represent their
actual population. Therefore, the disability aspect was excluded from this analysis. In
this study it is considered appropriate to analyze the dependent population using the
total dependency rate, which combines dependent and non-dependent populations into
a single index (also for effective use in GIS analysis). The dependency rate was

calculated using the following formula:

Population 0—14 years+Population 65+years

Dependency Rate (%) = (

) x 100

Population 15—-64 years

The total number of dependent and non-dependent populations along with the

dependency rate is presented in the table below.
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Table 19 Dependent population, non-dependent population and dependency rate of each municipal community
within the study area (Source: ELSTAT, own processing)

Municipal Total Dependent Non- Dependency
Community population Population Dependent Rate (%)
2021 2021 Population
2021
Asvestochori 6553 2188 4359 50,195
Exochi 1267 461 808 57,054
Thermi 19602 6747 12853 52,494
Panorama 17680 6261 11426 54,796
Pylaia 36843 12958 23879 54,265
Chortiatis 4512 1495 3032 49,307

Health facilities

Within the study area, two facilities were identified including the Chortiatis Municipal
Health Center and the Trans-Balkan Medical Center (private clinic). Due to their size
and regional significance, additional facilities on the boundaries of the study area were
also considered including Saint Luke’s General Clinic (private clinic), Thermi
Municipal Health Center and slightly beyond the study area boundaries Georgios

Papanikolaou General Regional Hospital.

The table below presents the health facilities identified within, on the boundaries or
very close to the boundaries of the study area as derived from Strategic Development

Plans of the Municipalities of Thermi and Pylaia-Chortiatis.

Table 20 Health facilities identified within or very close to the study area (Source: Strategic Development Plans,
own processing)

Municipal Health Facility X (Greek Y (Greek
Community Grid) Grid)
Chortiatis Chortiatis Municipal Health Center 423787,98 4495528,67
Pylaia Trans-Balkan Medical Center 414137,82 4488795,24
Panorama Saint Luke’s General Clinic 416472,59 4493775,53
Thermi Thermi Municipal Health Center 415752,40 4487749,46
Exochi Georgios Papanikolaou General 419261,50 4497850,77
Regional Hospital

95



Emergency shelters
The table below presents the emergency shelters identified within the boundaries of the
study area as derived from Civil Protection Plans of the Municipalities of Thermi and

Pylaia-Chortiatis.

Table 21 Emergency shelters within the study area based on their type (Source: Civil Protection Plans, own
processing)

Municipal n. Points Assembly Camp site Shelter Disposal
Community Point point Area
Asvestochori - - - - -
Exochi - - - - -
Thermi 7 3 - 4 -
Panorama 15 3 1 10 1
Pylaia - - - - -
Chortiatis 3 1 1 1 -

Building (residential) age

In this study, building (residential) age was analyzed using municipal community level
data from the 2021 ELSTAT census. The data includes the total number of residential
buildings (empty and occupied) constructed across five time periods: before 1945,
1946-1980, 1981-1990, 1991-2010 and after 2011, referred to municipal community
level. In this study it is considered appropriate to analyze the building (residential) age
using the building age rate, which combines older and newer buildings into a single
index (also for effective use in GIS analysis). The building age rate was calculated using

the following formula:

Building Age Rate (%) =

Buildings (residential)before 1945+ Buildings 1946—1980+Buildings 1981—1990
Buildings 1991—-2010+ Buildings After 2011

( ) x 100

The total number of buildings (residential) based on their year of construction along

with the dependency rate is presented in the table below.
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Table 22 Number of buildings based on their construction year and building age rate of each municipal community
within the study area (Source: ELSTAT, own processing)

Municipal Total Before 1946- 1981- 1991- After Building
Community  residential 1945 1980 1990 2010 2011  Age Rate
(%)

Asvestochori 2768 115 709 494 1368 86 90,646
Exochi 611 11 135 103 271 91 68,785
Thermi 7273 27 744 993 4532 967 32,079
Panorama 7250 37 1316 1767 3879 263 75,326
Pylaia 16245 113 2998 3926 8359 849 76,423
Chortiatis 2169 20 318 489 1301 41 61,624
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Appendix 11

Table 23 Classification and risk values of the selected parameters and area statistics (own processing)

Parameter Natural Breaks Class Risk Cells Area % of the total area
(Jenks) Value Value Count (ha) (ha)
Elevation 2,001-168 1 5 24845 1904,04 31
168,001-368 2 4 20362 1560,47 25
368,001-573 3 3 25418 1947,95 31
573,001-795 4 2 6451 494,38 8
795,001-1185 5 1 3849 294,97 5
Slope 0,001-5,826 1 5 26093 1999,68 32
5,827-11,652 2 4 24459 1874,46 30
11,653-18,374 3 3 16114 1234,92 20
18,375-27,113 4 2 9279 711,11 11
27,114-57,138 5 1 3570 273,59 4
Soil Type Rc49-2ab 14 1 2 32158 2464,48 40
Lc104-2/3bc 9 2 3 48777 3738,10 60
Curvature -14,971 - -3,297 1 4 5059 387,70 6
-3,296 - -0,909 2 3 20134 1543,00 25
-0,908 - 0,949 3 5 31921 2446,32 39
0,95-3,469 4 2 18931 1450,81 23
3,47-18,859 5 1 4879 373,91 6
Precipitation 621,049-622,859 1 1 2238 171,51 3
622,86-640,172 2 2 18755 1437,32 23
640,173-647,62 3 3 27828 2132,64 34
647,621-658,491 4 4 13566 1039,65 17
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658,492-672,381 5 5 18427 1412,18 23
TWI 3,204-5,592 1 1 27726 2124,83 34
5,593-7,163 2 2 29850 2287,60 37
7,164-9,3 3 3 13487 1033,60 17

9,301-12,255 4 4 6047 463,42 7

12,256-19,232 5 5 2405 184,31 3
Drainage density 0,001-1,188 1 1 17412 1334,40 22
1,189-2,419 2 2 29088 222921 36

2,42-3,565 3 3 22327 1711,07 28
3,566-5,814 4 4 11094 850,21 14

5,815-10,821 5 5 1024 78,48 1
Distance from 0,001-81,072 1 5 27878 2136,48 34
stream 81,073-168,15 2 4 25748 1973,24 32
168,151-258,23 3 3 16744 1283,20 21
258,231-375,335 4 2 8023 614,86 10

375,336-765,683 5 1 2557 195,96 3

NDVI -0,036-0,173 1 5 8601 659,15 11
0,174-0,237 2 4 24507 1878,13 30

0,238-0,301 3 3 25151 1927,49 31

0,302-0,377 4 2 16306 1249,64 20

0,378-0,546 5 1 6133 470,01 8

Population density 0,792-1,852 1 1 25542 1957,45 32
1,853-5,258 2 2 29493 2260,24 36

5,259-8,106 3 3 296 22,68 0,37
8,107-15,031 4 4 25593 1961,36 32




001

LULC Coastal and marine 1 1 79 6,05 0,10
zones
Forested areas 2 2 7695 589,72 10
Semi-natural 3 3 27249 2088,27 34
grasslands and
shrubs
Agricultural lands 4 4 26091 1999,53 32
and mixed farming
Built-up and 5 5 19818 1518,78 24
industrial urban
areas
Dependent 49,308-50,188 1 1 25552 1958,22 32
Population 50,189-52,497 2 2 29511 2261,62 36
(Dependency 52,498-54,806 3 3 25587 1960,90 32
Rate) 54,807-57,054 4 4 295 22,61 0,36
Building Density 0-1,023 1 1 54608 4184,97 67
1,024-3,121 2 2 13975 1071,00 17
3,122-6,243 3 3 7060 541,05 9
6,244-9,415 4 4 3765 288,54 5
9,416-13,049 5 5 1536 117,71 2
Distance from 0,001-175,962 1 1 50480 3868,62 62
road 175,963-469,232 2 2 12662 970,37 16
469,233-828,488 3 3 8799 674,33 11
828,489-1275,726 4 4 5938 455,07 7
1275,727-1869,598 5 5 3071 235,35 4
Distance from 0,001-1319,75 1 1 15473 1185,80 19
health facilities 1319,751-2262,429 2 2 20515 1572,20 25
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2262,43-3157,973 3 3 23411 1794,14 29

3157,974-4218,487 4 4 14022 1074,60 17

4218,488-6009,576 5 5 7524 576,61 9

Distance from 0-790,216 1 1 19617 1503,38 24
emergency shelter ~ 790,217-1479,553 2 2 18615 1426,59 23
1479,554-2152,077 3 3 18335 1405,13 23

2152,078-2858,227 4 4 15682 1201,82 19

2858,228-4287,341 5 5 8701 666,32 11

Building age 32,08-51,601 1 2 26846 2057,39 33
(Building Age 51,602-71,124 2 3 25847 1980,83 32
Rate) 71,125-90,646 3 4 28252 2165,14 35
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