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Abstract

Urban areas face cumulative environmental pressures from climate variability, rapid ur-
banization, and growing concentrations of built assets, requiring geospatial methods that
capture gradual, overlapping susceptibility patterns rather than rigid thresholds. This
study presents the Urban Geoenvironmental Impact Index (UGII), a GIS-based fuzzy
hydro-climatic and Earth Observation (EO) framework evaluating cumulative urban envi-
ronmental susceptibility and built-asset exposure, supporting hazard-informed planning
and climate adaptation. Nine indicators are integrated: precipitation intensity (annualized
99th-percentile daily contribution, R99p) from ERA5-Land reanalysis (1995–2024); NDVI,
NDBI, and Land Surface Temperature from Landsat 9; DEM-derived Topographic Wetness
Index, flow accumulation, slope, and plan curvature; and road density. Fuzzy membership
functions and AHP weighting (Consistency Ratio = 0.0537) aggregate the standardized indi-
cators into continuous susceptibility surfaces. Applied to the southern Athens Metropolitan
Area, Greece, the framework compares a conventional AHP model (UGII 0.18–0.65) with
a fuzzy-AHP model (UGII 0.10–0.75; pixel-wise differences −0.09 to 0.14). The fuzzy for-
mulation widens the dynamic range and enhances spatial differentiation while preserving
the principal susceptibility patterns of the conventional model. Elevated-susceptibility
zones intersect high built-asset concentrations, identifying exposure hotspots relevant to
hazard-informed planning, climate adaptation, and disaster-resilience decision support,
with direct application to real-estate exposure assessment.

Keywords: Urban Geoenvironmental Impact Index (UGII); cumulative environmental
susceptibility; fuzzy logic; R99p (precipitation intensity); earth observation; GIS-based
susceptibility assessment; AHP; real-estate planning; climate adaptation; disaster resilience

1. Introduction
Urban areas are increasingly shaped by the combined effects of climate variability,

rapid urbanization, land-use transformation, and the continuous expansion of the built
environment. These processes rarely act in isolation. Instead, they interact across space,
generating complex patterns of cumulative environmental susceptibility that influence the
functioning, sustainability, and resilience of contemporary metropolitan landscapes. As
cities continue to grow under increasing environmental pressures, identifying where multi-
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ple stressors converge has become an essential prerequisite for informed urban planning,
climate adaptation, and sustainable development [1].

Urban environmental conditions emerge from the interaction of diverse natural and
anthropogenic processes, including terrain morphology, hydrological dynamics, vegetation
patterns, surface thermal behaviour, transportation infrastructure, and urban expansion.
The combined effects of these processes cannot be adequately represented through isolated
environmental indicators or single-hazard assessments. Instead, they require integrated
geospatial approaches capable of combining heterogeneous spatial information into co-
herent susceptibility assessments that better reflect the complexity of urban systems while
supporting evidence-based spatial decision-making [2].

Recent advances in Earth Observation (EO), Geographic Information Systems (GIS),
and spatial modelling have substantially improved our ability to monitor environmen-
tal processes at metropolitan scales. Freely available satellite imagery, high-resolution
terrain models, and open geospatial datasets now offer unprecedented opportunities to
characterize urban environments with ever-increasing spatial and thematic detail. When
integrated within multi-criteria analytical frameworks, these datasets enable the devel-
opment of robust geospatial models capable of identifying areas where environmental
pressures accumulate and interact [3,4].

Representing these interactions, however, remains a methodological challenge. Many
environmental processes evolve gradually rather than through clearly defined thresholds,
while their influence often changes non-linearly across space. Conventional weighted-
overlay techniques and binary classifications may therefore oversimplify environmental
behaviour by assuming proportional relationships between indicator values and suscepti-
bility. Fuzzy logic serves as an effective alternative by representing environmental influence
as continuous degrees of membership, allowing gradual transitions, uncertainty, and non-
linear responses to be incorporated into spatial modelling. This capability is particularly
valuable in urban environments, where hydrological, thermal, ecological, and anthro-
pogenic processes interact simultaneously and continuously [5,6].

Despite considerable progress in urban geospatial analysis, many existing studies
continue to focus on individual environmental processes, such as flooding, urban heat,
vegetation loss, or land-use change, rather than their combined spatial interaction. Compar-
atively fewer studies integrate Earth Observation (EO), terrain-derived parameters, urban
infrastructure, and fuzzy multi-criteria analysis within a unified framework capable of
representing cumulative susceptibility while simultaneously supporting the assessment of
built-asset exposure and risk-informed urban planning [7,8].

To address this gap, this study develops the Urban Geoenvironmental Impact Index
(UGII) for the southern sector of the Athens Metropolitan Area, Greece. The proposed frame-
work integrates Earth Observation-derived indicators, terrain-based morphometric and hy-
drological parameters, transportation infrastructure density, fuzzy membership modelling,
and Analytic Hierarchy Process (AHP)-based weighting within a unified GIS environment.
Rather than evaluating individual environmental processes separately, the methodology
captures their cumulative spatial interactions and produces continuous susceptibility sur-
faces that better represent the complexity of metropolitan environments [9–11].

The proposed framework extends beyond environmental mapping by providing a
transferable GIS-based decision-support tool capable of identifying areas where cumulative
susceptibility coincides with high built-asset concentrations. This information supports
hazard-informed urban planning, climate adaptation, infrastructure management, and
real-estate exposure assessment by identifying sectors where environmental pressures are
most likely to influence future urban development and redevelopment strategies [12,13].

The main contributions of this study are:
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• integrating climatic (precipitation-intensity), Earth Observation, terrain-hydrological,
and infrastructure indicators within a single cumulative urban susceptibility frame-
work, coupling climatic forcing with terrain-controlled hydrological response at the
metropolitan scale;

• applying fuzzy membership functions, calibrated to each indicator’s observed value
distribution, to represent gradual environmental transitions rather than discrete classi-
fication thresholds;

• systematically comparing conventional AHP and fuzzy-AHP formulations, including a
one-at-a-time weight-sensitivity analysis demonstrating the robustness of the resulting
susceptibility ranking (Spearman ρ ≥ 0.990 under ±20% weight perturbation);

• integrating cumulative susceptibility with building-density data to derive a built-asset
exposure surface, distinguishing areas of high environmental pressure from areas
where that pressure coincides with concentrated urban development.

1.1. Urbanization, Climate Change and Urban Environmental Susceptibility

Contemporary cities are increasingly exposed to multiple environmental
pressures—climatic, hydrological, and anthropogenic—that develop simultaneously and
interact across space. Climate variability, rapid urbanization, expanding infrastructure,
and continuous land-use transformation have altered the environmental behaviour of
metropolitan areas, creating conditions where hydrological, thermal, geomorphological,
ecological, and anthropogenic processes rarely operate independently. Instead, these pro-
cesses reinforce one another, producing complex spatial patterns that are difficult to capture
through conventional single-hazard assessments [2,14].

In this context, urban environmental susceptibility should not be interpreted as the
occurrence or probability of a specific hazard. Rather, it describes the propensity of urban
environments to accumulate multiple environmental pressures resulting from the inter-
action of natural and human-induced processes. Consequently, susceptibility represents
an intrinsic characteristic of the urban landscape, reflecting how terrain configuration,
hydrological behaviour, vegetation dynamics, urban sealing, infrastructure density, and
surface thermal conditions combine to shape the environmental response of metropolitan
systems [4,15,16].

Traditional hazard assessments commonly examine individual processes such as
flooding, heat stress, erosion, or drainage-related problems. Although these approaches
remain indispensable for hazard-specific investigations, they offer only a partial under-
standing of the environmental conditions that influence urban systems. In practice, runoff
concentration, moisture accumulation, vegetation loss, surface heating, imperviousness,
and infrastructure development frequently overlap, creating areas where environmental
pressures exceed the influence of any single factor [17–20].

This integrated perspective is particularly relevant in Mediterranean metropolitan
regions, where prolonged dry periods coexist with episodic high-intensity rainfall events,
extensive urban sealing, fragmented vegetation, and rapidly expanding infrastructure
within highly modified landscapes. Within the southern Athens sector, the annualized
contribution of extreme daily precipitation (R99p)—derived from the 1995–2024 ERA5-
Land record—ranges between 27.3–30.3 mm year−1, indicating a persistent, non-negligible
extreme-rainfall forcing despite the region’s predominantly dry climatic regime. The result-
ing environmental conditions are controlled not by isolated processes but by the continuous
interaction of hydrological, geomorphological, climatic, ecological, and anthropogenic
drivers operating across multiple spatial scales.

Identifying areas of cumulative susceptibility provides valuable information for spa-
tial planning and climate adaptation. Spatial susceptibility assessments can support the
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prioritization of mitigation measures, guide infrastructure investments, identify environ-
mentally sensitive urban sectors, and strengthen the integration of resilience considerations
into long-term development strategies [2]. When combined with information on the spa-
tial distribution of built assets, susceptibility mapping also provides an effective basis
for evaluating environmental exposure and identifying locations where converging en-
vironmental pressures may have the greatest implications for urban development and
redevelopment [21–23].

Within this perspective, cumulative urban environmental susceptibility constitutes
a complementary layer of geospatial information rather than a replacement for detailed
hazard-specific analyses. It provides a broader understanding of the environmental context
within which individual hazards develop, offering a GIS-based spatial decision-support
layer that helps integrate EO, terrain analysis, and urban infrastructure information into
more comprehensive assessments of metropolitan environmental conditions [12].

1.2. Earth Observation and Urban Environmental Susceptibility Assessment

Earth Observation (EO) has fundamentally transformed the way urban environments
are monitored and analysed by providing consistent, spatially explicit, and repeatedly
acquired information on land-surface conditions. The increasing availability of open
satellite imagery has enabled the systematic characterization of metropolitan environments
at spatial scales that would be difficult, costly, or impractical to achieve through field-based
surveys alone. As a result, EO has become a core component of contemporary GIS-based
environmental assessment, supporting the identification of spatial patterns associated with
climate adaptation, hazard assessment, and sustainable urban development [3].

Within urban environments, satellite-derived indicators capture complementary as-
pects of urban environmental conditions that directly influence cumulative susceptibil-
ity. Vegetation condition reflects the capacity of urban landscapes to moderate thermal
stress and enhance infiltration, built-up intensity represents the degree of surface sealing
and anthropogenic modification, and land surface temperature offers direct information
on the spatial distribution of thermal pressure. These variables describe different but
interconnected dimensions of the urban environment, each contributing to the overall
geoenvironmental response of the metropolitan system [10,11,18,22].

Nevertheless, EO alone cannot fully represent the complexity of urban environmental
processes. Hydrological behaviour is strongly controlled by terrain morphology, while
infrastructure networks modify runoff pathways, landscape fragmentation, and patterns of
urban development. Furthermore, satellite-derived indicators capture the current state of
land-surface conditions but do not represent climatic forcing factors such as precipitation
intensity, which operate at coarser spatial scales yet exert a direct influence on hydrological
loading and runoff generation. Consequently, a comprehensive assessment of cumula-
tive susceptibility requires the integration of EO-derived indicators with terrain-based
morphometric and hydrological parameters, climatic forcing, and infrastructure-related
information within a unified analytical framework [9].

In the proposed Urban Geoenvironmental Impact Index (UGII), EO therefore functions
as more than merely a source of environmental variables. It forms the observational foun-
dation upon which heterogeneous geospatial information is integrated through GIS-based
multi-criteria analysis. By combining satellite-derived indicators with terrain analysis,
infrastructure density, and fuzzy modelling, the framework identifies areas where multi-
ple environmental pressures converge and interact, producing continuous susceptibility
surfaces that support hazard-informed spatial planning, climate adaptation, built-asset
exposure assessment, and spatial decision-making [6].
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The integration of EO with GIS, fuzzy logic, and multi-criteria analysis transforms
individual environmental indicators into a coherent geoenvironmental assessment frame-
work capable of supporting evidence-based planning in rapidly evolving metropolitan
environments. Rather than analysing environmental variables independently, the proposed
approach reveals their cumulative spatial interactions, providing a transferable methodol-
ogy that can be applied to other urban regions using widely available geospatial datasets.

1.3. Fuzzy Logic for Geoenvironmental Susceptibility Assessment

Urban environmental systems are inherently characterized by uncertainty, gradual
transitions, and complex interactions among multiple environmental processes. Hydrologi-
cal accumulation, terrain response, vegetation dynamics, thermal behaviour, and anthro-
pogenic pressure rarely change abruptly across space. Instead, they evolve continuously,
with their influence increasing or decreasing progressively according to local environ-
mental conditions. Representing these gradual changes is therefore essential for realistic
geoenvironmental assessment [6].

Conventional multi-criteria approaches generally rely on linear normalization or
discrete classification schemes, implicitly assuming that the contribution of each envi-
ronmental factor changes proportionally across its entire range of values. While these
methods provide transparent and computationally efficient solutions, they may oversim-
plify environmental responses by imposing rigid thresholds on processes that naturally
evolve in a continuous and often non-linear manner. Consequently, locations with similar
environmental characteristics may be assigned substantially different susceptibility values
simply because they fall on opposite sides of an arbitrary classification boundary [4,15].

Fuzzy logic offers an alternative framework by representing environmental influence
as continuous degrees of membership rather than discrete classes. Instead of assuming that
an environmental variable either contributes or does not contribute to susceptibility, fuzzy
membership functions describe the extent to which each location belongs to a given suscep-
tibility condition. This approach allows uncertainty, gradual transitions, and non-linear
environmental responses to be incorporated directly into spatial modelling, producing
susceptibility surfaces that more closely reflect the behaviour of real urban systems [6,24].

Within the proposed Urban Geoenvironmental Impact Index (UGII), fuzzy logic is em-
ployed to transform heterogeneous environmental indicators into comparable continuous
susceptibility surfaces while preserving their individual environmental response patterns.
Increasing sigmoidal membership functions are applied to variables positively associated
with cumulative environmental susceptibility, including flow accumulation, Topographic
Wetness Index (TWI), slope, concave plan curvature, Land Surface Temperature (LST),
Normalized Difference Built-up Index (NDBI), precipitation intensity (R99p), and road den-
sity. Conversely, a decreasing sigmoidal function is applied to the Normalized Difference
Vegetation Index (NDVI), reflecting the protective role of vegetation in moderating thermal
stress, enhancing infiltration, and reducing cumulative environmental pressure [4,8,12].
For the precipitation indicator (R99p), membership function parameters were derived
statistically, with the sigmoid midpoint set to the sample mean and the steepness parameter
scaled to the sample standard deviation (k = 4.394/4σ, calibrated so that membership
values span approximately 0.10–0.90 across ±2 standard deviations of the observed distri-
bution), ensuring the transformation reflects the empirical range of this variable directly.
For the remaining eight indicators, midpoint and steepness parameters were calibrated
based on the observed value range of each variable within the study area, informed by
expert interpretation of physically meaningful transitions in each geoenvironmental pro-
cess (Section 3.3.2); this calibration approach follows established practice in fuzzy-AHP
susceptibility modelling [4].
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Rather than replacing conventional multi-criteria analysis, fuzzy logic complements it
by improving the representation of gradual environmental transitions while preserving
the transparency of the weighting procedure. Combined with Analytic Hierarchy Process
(AHP), the proposed fuzzy-AHP formulation retains the expert-driven weighting struc-
ture but introduces a more realistic representation of environmental processes, allowing
the UGII to capture cumulative geoenvironmental impacts more effectively and deliver
stronger support for hazard-informed spatial planning, climate adaptation, and built-asset
exposure assessment.

1.4. Research Gap

Recent advances in EO, Geographic Information Systems (GIS), and spatial multi-
criteria analysis have substantially improved the assessment of urban environmental
conditions. Numerous studies have successfully mapped individual phenomena such
as urban heat, flood susceptibility, vegetation loss, surface runoff, or land-use change,
demonstrating the value of geospatial technologies for monitoring environmental processes
at metropolitan scales. Despite these advances, most existing approaches continue to
examine environmental processes separately, providing only a partial representation of the
complex interactions that characterize contemporary urban environments [17,18].

Urban environmental conditions rarely result from a single controlling factor. Instead,
they emerge through the combined interaction of hydrological, geomorphological, thermal,
ecological, and anthropogenic processes that evolve simultaneously across space. Conse-
quently, evaluating individual hazards independently may overlook areas where multiple
environmental pressures converge, producing cumulative impacts that are not readily
identified through conventional single-process assessments.

A second methodological limitation concerns the representation of environmental
behaviour. Many existing GIS-based susceptibility models rely on linear normalization pro-
cedures or discrete classification schemes that assume proportional relationships between
environmental variables and susceptibility. However, environmental processes frequently
evolve through gradual transitions and non-linear responses, making it difficult for con-
ventional approaches to adequately represent uncertainty and intermediate environmental
conditions [4,15,24].

A further limitation is the limited integration of cumulative susceptibility with the
spatial distribution of built assets. Although environmental susceptibility mapping has
advanced considerably, relatively few studies explicitly connect susceptibility information
with the spatial concentration of urban development to evaluate built-asset exposure.
As a result, environmental assessments and urban development analyses often remain
disconnected, despite the increasing importance of integrating environmental information
into redevelopment strategies, infrastructure planning, climate adaptation, and long-term
urban resilience [13,23].

Finally, there remains a need for transparent and transferable GIS-based frameworks
that combine EO, terrain analysis, fuzzy modelling, and multi-criteria decision analysis
within a unified methodology capable of supporting both cumulative susceptibility assess-
ment and exposure-oriented spatial decision-making. Comparative evaluations between
conventional weighted-overlay techniques and uncertainty-aware fuzzy approaches are
still relatively limited, particularly within densely urbanized metropolitan environments
where multiple environmental pressures interact simultaneously [25].

To address these methodological gaps, this study develops the Urban Geoenviron-
mental Impact Index (UGII), a GIS-based framework that integrates EO-derived indica-
tors, terrain-based morphometric and hydrological parameters, transportation infrastruc-
ture density, fuzzy membership modelling, and Analytic Hierarchy Process (AHP)-based
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weighting within a unified spatial assessment methodology. By combining cumulative
environmental susceptibility modelling with built-asset exposure assessment, the proposed
framework establishes a transferable decision-support tool for hazard-informed urban
planning, climate adaptation, and sustainable metropolitan development.

1.5. Aim and Contributions

The Urban Geoenvironmental Impact Index (UGII) is proposed as a GIS-based frame-
work for assessing cumulative urban environmental susceptibility through the integration
of EO, terrain analysis, fuzzy logic, and multi-criteria decision analysis. The framework
is developed and demonstrated in the southern sector of the Athens Metropolitan Area,
Greece, a rapidly evolving Mediterranean metropolitan environment where hydrological,
thermal, geomorphological, ecological, and anthropogenic processes interact across a highly
urbanized landscape.

Rather than evaluating individual environmental processes independently, the pro-
posed methodology captures their cumulative spatial interaction and produces continuous
susceptibility surfaces that better represent the complexity of urban environmental sys-
tems. The framework further extends susceptibility assessment by integrating built-asset
distribution, providing the basis for built-asset exposure assessment, supporting real-estate
decision-making and hazard-informed urban planning.

The specific objectives of this study are:

• to derive complementary environmental and urban indicators from Landsat 9 imagery,
Digital Elevation Model (DEM) analysis, and OpenStreetMap infrastructure data;

• to represent the environmental behaviour of these indicators through fuzzy member-
ship functions that capture gradual transitions and non-linear responses;

• to integrate the standardized indicators using Analytic Hierarchy Process (AHP)-based
weighting and compare conventional and fuzzy-AHP susceptibility modelling approaches;

• to identify urban sectors where cumulative environmental susceptibility coincides
with concentrated built assets, supporting real-estate exposure assessment and
spatial decision-making.

The principal scientific contributions of the proposed framework are as follows.
First, the study introduces an integrated GIS-based methodology that combines EO-

derived indicators, terrain-based morphometric and hydrological variables, infrastructure
density, fuzzy logic, and multi-criteria analysis within a single cumulative geoenvironmen-
tal assessment framework.

Second, it demonstrates how fuzzy membership modelling can represent gradual
environmental transitions and uncertainty while preserving the transparency and inter-
pretability of conventional AHP-based weighting.

Third, it extends cumulative environmental susceptibility assessment beyond envi-
ronmental mapping by explicitly incorporating built-asset distribution to identify areas of
increased environmental exposure.

Finally, the proposed methodology constitutes a transparent and transferable decision-
support framework that can support hazard-informed urban planning, climate adaptation,
infrastructure management, and real-estate exposure assessment in metropolitan areas
undergoing environmental and urban transformation using widely available geospatial
datasets. In the context of the proposed framework, the term “impact” does not denote
observed environmental damage or the occurrence of a specific hazard. Instead, it refers
to the cumulative geoenvironmental impact potential emerging from the spatial interac-
tion of multiple environmental drivers, as represented through continuous susceptibility
modelling. Accordingly, the UGII quantifies the spatial propensity of urban environments
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to accumulate interacting environmental pressures rather than predicting individual haz-
ardous events or their consequences.

Within the scope of this study, the term “real-estate exposure assessment” refers to
the spatial evaluation of the exposure of built assets to cumulative geoenvironmental
susceptibility. It does not encompass property valuation, market forecasting, or economic
appraisal, but provides spatial decision-support information relevant to real-estate planning
and management.

2. Study Area
The study area comprises the southern sector of the Athens Metropolitan Area (Attica

Region, Greece), extending along the coastal urban front of the Saronic Gulf and including
the densely urbanized municipalities of the southern suburban zone. The area includes
some of the most rapidly redeveloping sectors of the Athens Metropolitan Area, including
the coastal municipalities and the Ellinikon redevelopment zone.

Geomorphologically, the study area forms part of the broader Athens Basin, a low-
relief metropolitan depression bounded by mountainous systems, including Mount Hymet-
tus to the east and the Saronic coastal zone to the southwest. Elevation ranges from sea
level along the coastal front to higher terrain sectors toward the northeastern margins.
The terrain is dominated by relatively low-gradient urbanized surfaces interrupted by
local hillslopes, runoff pathways, drainage corridors, and anthropogenically modified
terrain [26,27].

The region features a Mediterranean climatic regime with hot and dry summers, mild
winters, and strong seasonal thermal contrasts. In recent decades, the southern Athens
sector has experienced intensified urban heat island effects, increasing surface tempera-
tures, progressive reduction in vegetated surfaces, expansion of impervious urban cover,
and increasing environmental stress associated with dense metropolitan development.
Simultaneously, episodic high-intensity rainfall events combined with altered hydrological
pathways and extensive urban sealing have contributed to increased runoff concentration
and localized urban flooding phenomena [28–30].

The study area constitutes a well-suited environment for the application of the pro-
posed UGII framework due to the strong spatial interaction between:

• thermal stress conditions;
• hydrological accumulation processes;
• terrain-controlled runoff dynamics;
• built-up surface concentration;
• transportation infrastructure density;
• vegetation fragmentation;
• anthropogenic landscape transformation.

The urban structure of the southern suburbs consists of heterogeneous land-use pat-
terns including residential zones, transportation corridors, commercial districts, coastal
infrastructure, recreational facilities, fragmented urban green spaces, and rapidly devel-
oping waterfront sectors. This spatial heterogeneity creates an ideal testing environment
for evaluating integrated GIS-based susceptibility assessment and the spatial interaction
between environmental conditions and built-asset exposure.

For the purposes of this study, Landsat 9 multispectral imagery and 30 m spatial resolu-
tion digital elevation data were utilized to derive environmental, thermal, hydrological, and
morphometric indicators associated with urban environmental susceptibility. Additional
urban infrastructure information was extracted from OpenStreetMap road-network data.
Spatial analysis and geospatial modelling were conducted within a Geographic Information
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Systems (GIS) environment using projected coordinate reference systems appropriate for
regional-scale spatial analysis.

The study area was selected as the case study because it represents a characteristic
Mediterranean metropolitan coastal environment where climatic stress, morphometric/terrain-
hydrological processes, and urban infrastructure pressures strongly interact, producing in-
creasingly heterogeneous spatial patterns of cumulative urban environmental susceptibility
and geospatial exposure.

2.1. Athens Metropolitan Area

The study area comprises seven municipalities in the southern sector of the Athens
Metropolitan Area, Greece—including Vyronas, Ilioupoli, Agios Dimitrios, Alimos, Elliniko-
Argyroupoli, Glyfada, and Vari-Voula-Vouliagmeni—covering approximately 104.3 km2

(approximately 12.3 km east–west and 22.5 km north–south). The study area extends
between 37.765–37.964◦ N and 23.695–23.841◦ E. Approximately 46.6% of the study area
exhibits a raw Normalized Difference Built-up Index (NDBI) exceeding zero—the standard
built-up threshold [10]—confirming a densely urbanized Mediterranean environment. The
study area also encompasses The Ellinikon redevelopment (Elliniko-Argyroupoli), Europe’s
largest ongoing urban regeneration project, spanning approximately 6.2 million m2 (620 ha)
with an estimated investment of €8 billion, providing a quantitatively substantial and
practically significant case for evaluating the intersection of cumulative environmental
susceptibility with concentrated built-asset redevelopment.

The southern sector of the Athens Metropolitan Area forms part of the broader Athens
Basin and extends along the coastal front of the Saronic Gulf (Figure 1). The area features a
continuous coastal-to-inland gradient comprising densely developed neighbourhoods, ma-
jor transportation corridors, recreational areas, fragmented urban green spaces, and rapidly
evolving waterfront districts. Together, these landscape characteristics strongly influence
drainage organization, surface runoff, and local environmental variability, providing the
physical basis for cumulative geoenvironmental assessment. This coastal-to-metropolitan
gradient generates pronounced environmental and urban development contrasts, mak-
ing the area particularly well suited for investigating the spatial relationship between
cumulative environmental susceptibility and built-asset concentration.

Figure 1. Location of the study area within the Athens Metropolitan Area (base map: Google Earth;
map data © Google; data: SIO, NOAA, U.S. Navy, NGA, GEBCO; imagery: Landsat/Copernicus,
accessed September 2025).
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The broader Athens Metropolitan Area occupies a basin-shaped landscape surrounded
by mountainous terrain. Within the southern sector, elevation gradually increases from
the coastal zone toward the eastern and northeastern margins under the influence of
Mount Hymettus. Although elevation differences remain relatively moderate across much
of the coastal plain, they become progressively more pronounced toward inland and
peri-urban areas. This topographic configuration creates a heterogeneous terrain where
low-gradient surfaces, localized slopes, and convergent drainage pathways coexist within
a highly modified urban environment, influencing hydrological response and the spatial
distribution of environmental processes.

The coastal setting introduces an additional dimension of environmental complexity.
Shoreline features, marinas, transportation infrastructure, and adjacent urban develop-
ment create a dynamic interface between coastal and inland processes. The coexistence
of low-lying coastal sectors and progressively elevated inland terrain generates consider-
able spatial variability in runoff concentration, terrain-controlled flow pathways, surface
thermal behaviour, and urban environmental conditions. This combination of natural and
anthropogenic characteristics provides a suitable setting for evaluating the proposed Urban
Geoenvironmental Impact Index (UGII) within a complex metropolitan environment.

2.2. Urban Development Dynamics

The southern sector of the Athens Metropolitan Area has undergone substantial
urban transformation during recent decades. Residential expansion, infrastructure de-
velopment, transportation network densification, coastal redevelopment, and evolving
land-use patterns have progressively reshaped the spatial structure of the area. The result-
ing metropolitan landscape is dominated by a dense and heterogeneous built environment
extending from the inland suburban zone to the Saronic Gulf coastline.

These contrasting development patterns create pronounced environmental gradients
that can be effectively characterized through EO-derived indicators and GIS-based suscep-
tibility assessment. Urban morphology changes considerably over short spatial distances,
generating strong contrasts between densely built-up districts, lower-density residential
areas, open spaces, and coastal infrastructure. This spatial heterogeneity provides an ap-
propriate setting for evaluating the interaction of multiple environmental drivers within a
unified geoenvironmental assessment framework.

Transportation infrastructure has played a central role in shaping the spatial organiza-
tion of the southern metropolitan sector. The road network connects residential districts,
commercial centres, coastal zones, and major transportation corridors while simultaneously
contributing to the concentration of impervious surfaces and the modification of local
environmental conditions. Consequently, road density represents an effective indicator of
anthropogenic pressure and urban structural intensity within the study area.

The coastal zone is undergoing an additional phase of transformation associated
with major urban regeneration initiatives, most notably the redevelopment of the former
Ellinikon airport site. This large-scale project is expected to increase development intensity,
investment activity, and built-asset concentration within the southern metropolitan sector,
further emphasizing the importance of integrating geoenvironmental assessment into
long-term planning, redevelopment strategies, and climate adaptation.

The coexistence of mature urban districts and rapidly evolving redevelopment zones
makes the southern Athens sector particularly suitable for examining the relationship
between cumulative environmental susceptibility and built-asset exposure. Within this
context, the proposed Urban Geoenvironmental Impact Index (UGII) is applied as a GIS-
based assessment approach to identify spatial variations in geoenvironmental conditions
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and evaluate how these variations intersect with the spatial distribution of built assets
across a dynamic metropolitan landscape.

2.3. Urban Geoenvironmental Challenges

The southern sector of the Athens Metropolitan Area is influenced by multiple inter-
acting environmental pressures operating across a densely urbanized coastal landscape.
The study area combines low-lying coastal zones, progressively elevated inland sectors,
dense infrastructure networks, fragmented green spaces, and highly modified drainage
systems. Together, these characteristics generate heterogeneous patterns of environmental
susceptibility that cannot be adequately explained by any single environmental factor.

Hydrological processes represent one of the principal controls on the geoenvironmen-
tal dynamics of the study area. Urban development alters natural runoff pathways through
surface sealing, road construction, drainage modification, and the progressive reduction in
permeable land. During intense rainfall events, these changes accelerate runoff generation
and concentrate surface flow within low-gradient areas, drainage corridors, and topograph-
ically convergent sectors. Consequently, Flow Accumulation and the Topographic Wetness
Index (TWI) are incorporated to identify locations where terrain configuration promotes
the concentration or persistence of surface water.

Terrain morphology forms an additional level of environmental control. Slope regu-
lates runoff velocity and the downslope transfer of water, whereas concave plan curvature
enhances localized flow convergence and moisture accumulation. Although these mor-
phometric parameters do not independently determine environmental susceptibility, they
strongly influence the spatial organization and intensity of hydrological processes across
the metropolitan landscape.

Thermal conditions constitute a second major dimension of the urban geoenvironment.
Artificial surfaces, limited vegetation cover, and dense urban fabric contribute to elevated
land surface temperatures and the formation of localized thermal hotspots. These condi-
tions vary considerably according to surface materials, development intensity, vegetation
distribution, and land-use configuration. Land Surface Temperature (LST) is therefore
incorporated as a direct indicator of the spatial distribution of thermal pressure.

Anthropogenic transformation further modifies the functioning of urban environmen-
tal systems. Road network density provides complementary information on urban sealing,
infrastructure concentration, and the alteration of natural surface processes. The Normal-
ized Difference Built-up Index (NDBI) characterizes the spatial distribution of built-up
surfaces, whereas road density reflects neighbourhood-scale infrastructure intensity and its
influence on runoff routing and landscape fragmentation. Conversely, the Normalized Dif-
ference Vegetation Index (NDVI) represents the mitigating role of vegetation by enhancing
infiltration, moderating thermal conditions, and increasing the environmental buffering
capacity of urban landscapes.

Collectively, these hydrological, geomorphological, thermal, ecological, and anthro-
pogenic dimensions form the conceptual basis of the proposed Urban Geoenvironmental
Impact Index (UGII). Their integration within a unified GIS-based methodology enables the
identification of urban sectors where multiple environmental pressures interact, providing
the basis for evaluating cumulative environmental susceptibility and its relationship with
built-asset exposure.

3. Materials and Methods
The proposed Urban Geoenvironmental Impact Index (UGII) was developed as a

GIS-based methodology for assessing cumulative urban environmental susceptibility in
the southern sector of the Athens Metropolitan Area. The framework integrates EO-
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derived indicators, terrain-based morphometric and hydrological variables, and urban
infrastructure information within a GIS-based multi-criteria assessment workflow.

The methodological workflow comprises five sequential stages (Figure 2).

Figure 2. Overall methodological workflow of the proposed UGII framework.

First, the spatial datasets were collected, pre-processed, and harmonized within a
common projected coordinate reference system. Second, geoenvironmental and urban
indicators were derived from Landsat 9 imagery, Digital Elevation Model (DEM), and
OpenStreetMap road-network data. Third, the resulting raster layers were standardized
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using both conventional linear normalization and non-linear fuzzy membership functions.
Fourth, the relative importance of the selected indicators was determined through the
Analytic Hierarchy Process (AHP). Finally, the standardized indicators were aggregated
to generate two complementary UGII surfaces: a conventional AHP-based model and a
fuzzy-AHP model.

The comparison between the two formulations enables the evaluation of how
uncertainty-aware fuzzy standardization influences the spatial distribution, and inten-
sity of cumulative environmental susceptibility patterns. The resulting UGII surfaces serve
as the basis for evaluating the built environment and built-asset exposure.

The methodological workflow is organized as follows.

3.1. Data Sources

The construction of the Urban Geoenvironmental Impact Index (UGII) was based on
three primary open-access geospatial datasets: Landsat 9 Collection 2 Level-2 imagery, a 30
m spatial-resolution Digital Elevation Model (DEM), and OpenStreetMap road-network
data extracted through the QuickOSM plugin in QGIS. The selected datasets provide
complementary geoenvironmental information on surface thermal conditions, vegetation
distribution, built-up intensity, terrain morphology, hydrological accumulation, and an-
thropogenic infrastructure pressure (Table 1).

Table 1. Datasets used for the construction of the Urban Geoenvironmental Impact Index.

Dataset Source Spatial Resolution Derived Indicators Analytical Role

ERA5-Land Reanalysis
(daily total

precipitation,
1995–2024)

Copernicus Climate
Data Store (CDS)

0.1◦ (~9–11 km),
interpolated to 30 m

R99p (annualized
99th-percentile daily

precipitation
contribution)

Extreme precipitation
intensity and climatic
hydrological forcing

Landsat 9 Collection
2 Level-2

OLI/TIRS imagery

U.S. Geological
Survey—

Earth Explorer
30 m NDVI, NDBI, LST

Vegetation condition,
built-up intensity, and

surface thermal response

Digital Elevation
Model (DEM) Hellenic Cadastre 30 m

Flow accumulation,
TWI, slope, concave

plan curvature

Hydrological accumulation
and terrain morphology

OpenStreetMap
road network

OpenStreetMap,
extracted

through QuickOSM

Vector line features;
rasterized density

surface at 30 m

Road density within a
500 m search radius

Neighbourhood-scale
infrastructure

concentration and
anthropogenic pressure

A Landsat 9 OLI/TIRS scene acquired on 14 September 2025 was used to derive the
remotely sensed indicators. The selected Level-2 product corresponds to WRS Path 183 and
Row 34. The mid-September acquisition was selected deliberately to represent late-summer
environmental conditions rather than opportunistically based on data availability: a late-
summer, early-afternoon overpass over an eastern-Mediterranean metropolitan area cap-
tures the seasonal maximum of thermal and hydrological stress—peak land-surface temper-
ature and urban-heat-island expression, minimum soil moisture, and the strongest contrast
between sealed and vegetated surfaces. The scene therefore represents a conservative,
high-stress environmental configuration of the thermal and runoff-related pressures the
index is designed to detect, while also satisfying near-cloud-free conditions over the study
area (5% scene cloud cover per USGS metadata). Landsat 9 Collection 2 Level-2 products
are delivered with standard atmospheric correction applied by USGS—surface reflectance
via the Land Surface Reflectance Code (LaSRC) algorithm and surface temperature via
the single-channel algorithm—and no additional atmospheric correction was applied. No
cloud-masking artifacts were observed in the derived NDVI, NDBI, or LST layers within
the study-area extent. Surface-reflectance bands were used to derive the Normalized Differ-
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ence Vegetation Index (NDVI) and the Normalized Difference Built-up Index (NDBI). The
Level-2 Surface Temperature product (ST_B10) was converted to degrees Celsius and used
to represent Land Surface Temperature (LST).

Among the nine indicators, only LST and NDVI are sensitive to the acquisition date;
the precipitation indicator (R99p) is derived from a 30-year climatological record and is
therefore also time-invariant; NDBI is relatively stable at the intra-annual scale, and the
terrain-derived and infrastructure layers are time-invariant. The two date-dependent indi-
cators jointly account for approximately 16.3% of the aggregate AHP weight (LST = 0.126;
NDVI = 0.037), whereas roughly 83.7% of the index is governed by temporally stable terrain,
hydrological, and infrastructural components. The framework is therefore predominantly
structural in nature, and its principal susceptibility patterns are largely insensitive to the
choice of a single EO epoch.

Terrain-related indicators were derived from a 30 m spatial-resolution DEM. Prior to
hydrological analysis, depressions were filled to obtain a hydrologically conditioned eleva-
tion surface. The processed DEM was subsequently used to calculate flow accumulation,
the Topographic Wetness Index (TWI), slope, and plan curvature. Because concave terrain
forms are associated with localized flow convergence, the negative plan-curvature values
were transformed into a positive concavity layer for integration into the UGII framework.

Road-network data were obtained from OpenStreetMap through the QuickOSM plu-
gin. The extracted line features were used to calculate road density within a 500 m search
radius, generating a continuous raster surface representing neighborhood-scale infrastruc-
ture concentration and anthropogenic surface pressure.

Prior to spatial analysis, all datasets were projected to WGS 84/UTM Zone 34N
(EPSG:32634), clipped to the study-area extent, resampled where necessary to a common
30 m raster grid, and spatially aligned to ensure pixel-to-pixel correspondence during
subsequent indicator standardization and spatial integration.

The resulting harmonized geospatial database constituted the common analytical basis
for all subsequent indicator derivation and UGII construction.

3.2. Derivation of Geoenvironmental Indicators

The proposed framework incorporates hydrological, morphometric, thermal, veg-
etation, and anthropogenic indicators derived from EO data, Digital Elevation Model
(DEM) analysis, and urban infrastructure datasets. The selected indicators were chosen
to represent complementary environmental processes associated with surface moisture
accumulation, runoff concentration, terrain response, thermal stress, vegetation buffering
capacity, urban sealing, and infrastructure intensity.

The indicator derivation procedure transformed heterogeneous geospatial information
into spatially continuous raster layers suitable for subsequent standardization and integra-
tion during UGII construction. Hydrological and terrain-related indicators were derived
from a 30 m spatial-resolution DEM provided by the Hellenic Cadastre, while vegetation
and thermal indicators were extracted from Landsat 9 imagery. Anthropogenic influence
was represented by road-network density derived from OpenStreetMap data. Overall, these
indicators characterize the principal hydrological, geomorphological, thermal, ecological,
and anthropogenic dimensions that govern the geoenvironmental dynamics of the study
area, providing the analytical basis for subsequent standardization and integration within
the proposed Urban Geoenvironmental Impact Index (UGII).

3.2.1. Hydrological Indicators

Hydrological conditions represent a fundamental component of urban environmental
susceptibility as they control runoff generation, moisture accumulation, and the spatial
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concentration of surface water. Two complementary indicators were derived to represent
these processes: Flow Accumulation and the Topographic Wetness Index (TWI).

Flow Accumulation was calculated from the hydrologically conditioned DEM and
represents the number of upstream cells contributing runoff to each location. Higher values
identify preferential flow pathways and areas where runoff is likely to concentrate during
precipitation events. Because the distribution of flow accumulation values is typically
highly skewed, a logarithmic transformation was applied prior to subsequent analysis.

The Topographic Wetness Index (TWI) was calculated as:

TWI = ln(
As

tanβ
) (1)

where As represents the specific catchment area and β represents the local slope angle
(Equation (1)). TWI expresses the tendency of terrain to accumulate and retain mois-
ture. Higher values indicate sectors with increased potential for water concentration and
prolonged surface wetness, while lower values characterize well-drained locations.

Together, Flow Accumulation and TWI characterize complementary components of the
urban hydrological system by representing runoff-routing processes and terrain-controlled
moisture accumulation, respectively.

3.2.2. Terrain Indicators

Terrain morphology strongly influences the movement, concentration, and redistribu-
tion of surface water across the urban landscape. To characterize these controls, slope and
plan curvature were derived from the DEM.

Slope was calculated in degrees and expresses the local terrain gradient. Steeper slopes
are associated with increased runoff velocity and enhanced downslope water transfer,
whereas lower-gradient areas favour water retention and localized accumulation.

Plan curvature was used to identify terrain configurations that influence the lateral
convergence or divergence of surface flow. Negative curvature values represent concave
terrain forms that favour flow concentration, whereas positive values indicate divergent
surfaces. Because the study focuses on susceptibility associated with hydrological conver-
gence, negative curvature values were transformed into a positive concavity layer suitable
for integration into the UGII.

Together, these terrain indicators describe the geomorphological controls regulating
runoff organization and hydrological response across the study area.

3.2.3. Thermal and Urban Indicators

Thermal stress, urban sealing, vegetation distribution, and infrastructure concentration
represent key dimensions of the urban geoenvironment. To capture these characteristics,
Land Surface Temperature (LST), the Normalized Difference Built-up Index (NDBI), the
Normalized Difference Vegetation Index (NDVI), and Road Density were incorporated into
the UGII model.

Land Surface Temperature (LST) was derived from the Landsat 9 thermal infrared
product and used as a direct indicator of surface thermal conditions. Elevated LST values
are associated with urban heat accumulation, reduced evaporative cooling, and intensified
thermal stress.

The Normalized Difference Built-up Index (NDBI) was derived from Landsat 9 im-
agery using its standard formulation and was employed to represent built-up intensity
and urban sealing. Higher NDBI values indicate increased concentrations of impervious
surfaces and anthropogenic land-cover modification.
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The Normalized Difference Vegetation Index (NDVI) was also derived from Landsat
9 imagery using its standard formulation. NDVI was incorporated as an inverse geoen-
vironmental indicator because vegetation contributes to thermal regulation, infiltration
potential, moisture retention, and environmental buffering. Consequently, areas with
higher vegetation density are generally associated with lower environmental susceptibility.
NDVI and NDBI were calculated using standard formulations widely adopted in remote
sensing studies.

Road Density was derived from OpenStreetMap road-network data using a moving-
window density analysis with a 500 m search radius. The resulting raster surface represents
neighbourhood-scale infrastructure concentration and serves as a proxy for anthropogenic
influence, urban structural intensity, and landscape fragmentation.

NDBI and road density were retained as independent criteria. A pixel-wise correlation
across the study area (Pearson r = −0.37, Spearman ρ = −0.42, N ≈ 4.0 × 105) confirms
they are weakly and negatively associated, capturing complementary and partly oppos-
ing dimensions of urbanization—spectral surface imperviousness versus infrastructural
network pressure—rather than redundant information.

Precipitation intensity was represented by the annualized 99th-percentile daily pre-
cipitation contribution (R99p), computed from the wet-day (≥1 mm) fraction of the
1995–2024 daily ERA5-Land record [31] following standard practice for precipitation ex-
tremes indices [32], then annualized and interpolated from the native 0.1◦ grid to the 30 m
analysis resolution using a thin-plate-spline radial basis function, selected to avoid the
discontinuous interpolation-boundary artefacts produced by standard linear interpolation
given the sparse (11-cell) valid-land configuration within the study domain. This interpola-
tion does not increase the effective spatial information content of the native ERA5-Land
resolution; fine-scale (sub-9 km) spatial variability in the resulting R99p layer reflects the
interpolation surface rather than genuine sub-grid climatic variability.

Overall, these indicators describe the thermal, ecological, and anthropogenic dimen-
sions of the metropolitan environment, complementing the hydrological and geomorpho-
logical components of the proposed approach (Figure 2).

The derived indicators represent heterogeneous geospatial variables expressed in
different units and value ranges. Consequently, a standardization procedure was required
before their integration within the UGII framework. Both linear normalization and fuzzy
membership transformations were therefore applied to generate comparable standardized
surfaces suitable for multi-criteria analysis.

3.3. Indicator Standardization

Before spatial integration, all raster indicators were aligned to a common 30 m grid
and transformed into dimensionless standardized surfaces ranging from 0 to 1. Two
alternative standardization approaches were applied: linear min–max normalization for
the conventional AHP-based model and non-linear fuzzy membership transformation for
the fuzzy-AHP formulation.

Standardization converts heterogeneous geospatial variables into comparable dimen-
sionless values while preserving their relative environmental response. In this study,
both conventional linear normalization and fuzzy membership transformation were
implemented to evaluate the influence of alternative standardization strategies on the
resulting UGII.
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3.3.1. Linear Normalization

For the conventional UGII formulation, each indicator was standardized using min–
max normalization (Equation (2)):

Ni =
Xi − Xi,min

Xi,max − Xi,min
(2)

where (X) is the original raster value, (Xmin) and (Xmax) are the minimum and maximum
values observed within the study area, and (Ni) is the normalized standardized value
ranging from 0 to 1. Minor differences between numerical ranges obtained from the full
raster outputs and those calculated within the final 104.3 km2 study-area mask result
from spatial clipping to the study-area boundary. Unless otherwise specified, all area-
based statistics, normalized ranges, and comparative results reported in this study refer
exclusively to the final study-area extent.

For indicators expected to contribute positively to urban environmental susceptibility,
higher raster values were assigned higher normalized scores. This approach was applied
to flow accumulation, TWI, slope, concave curvature, LST, NDBI, and road density.

NDVI was treated inversely because higher vegetation presence is associated with
stronger environmental buffering, reduced thermal stress, and increased infiltration poten-
tial. The normalized NDVI layer was therefore inverted as follows (Equation (3)):

NDVIrisk = 1 − NDVInorm (3)

The observed value ranges used for linear normalization are presented in Table 2.

Table 2. Observed indicator ranges used for linear normalization.

Indicator Minimum Maximum Direction of Susceptibility
Log-transformed flow accumulation 0.301030 4.539096 Increasing

TWI 1.125519 20.083706 Increasing
R99p (mm year−1) 26.958 31.692 Increasing

Slope 0 52.089304 Increasing
Concave plan curvature 0 0.266155 Increasing

LST (◦C) 16.713440 49.177795 Increasing
NDBI −0.392606 0.230815 Increasing
NDVI −0.153199 0.534353 Decreasing

Road Density 0 0.070614 Increasing

The resulting normalized layers were subsequently integrated with the AHP-derived
weights to construct the conventional UGII surface.

3.3.2. Fuzzy Membership Functions

Linear normalization assumes that the contribution of an indicator to environmental
susceptibility increases proportionally across the full range of each indicator. This assump-
tion is not always appropriate for urban environmental systems, where low values may
exert limited influence, intermediate values may represent transition zones, and high values
may produce rapidly increasing pressure before reaching saturation.

The selection of sigmoidal membership functions was based on the expected environ-
mental behaviour of each indicator and its relationship with cumulative urban susceptibility.
Sigmoidal functions were considered appropriate because they allow gradual transitions,
emphasize environmentally meaningful thresholds, and accommodate saturation effects
frequently observed in urban environmental systems.
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To account for these non-linear relationships, each indicator was transformed into a
fuzzy membership surface ranging from 0 to 1. Increasing sigmoidal membership functions
were applied to indicators positively associated with susceptibility (Equation (4)):

µ(x) =
1

1 + e−k(x−c)
(4)

where (µ(x)) is the fuzzy membership value, (x) is the original raster value, (k) controls the
steepness of the transition, and (c) represents the midpoint at which membership equals 0.5.

For NDVI, a decreasing sigmoidal function was applied (Equation (5)):

µNDVI(x) = 1 − 1
1 + e−k(x−c)

(5)

This transformation assigns higher standardized values to areas with limited vegeta-
tion cover and lower values to areas with stronger vegetation presence.

The fuzzy-function parameters were selected according to the observed indicator
distributions, their physical interpretation, and their environmental significance within
the study area. The objective was to reduce the influence of weak signals, preserve mean-
ingful transition zones, and emphasize sectors where environmental pressure becomes
increasingly pronounced. The resulting membership functions and their parameters are
summarized in Table 3.

Table 3. Fuzzy membership functions applied to the UGII indicators. Midpoint (c) and steepness
(k) values for R99p were derived statistically from the sample distribution; values for the remaining
indicators were calibrated through expert interpretation of each variable’s observed range (see
Section 3.3).

Indicator Membership Function Midpoint (c) Steepness (k) Susceptibility Role

Flow accumulation Increasing sigmoid 2.7 4 Emphasizes runoff
concentration pathways

TWI Increasing sigmoid 10 0.6 Identifies zones of increasing
moisture-accumulation potential

R99p (precipitation intensity) Increasing sigmoid 28.805 1.100 Represents climatic
extreme-precipitation forcing

Slope Increasing sigmoid 18 0.18 Highlights terrain sectors with
stronger runoff acceleration

Concave plan curvature Increasing sigmoid 0.08 35 Emphasizes localized
flow-convergence zones

LST (◦C) Increasing sigmoid 34 0.35 Identifies
thermal-pressure hotspots

NDBI Increasing sigmoid 0.02 10 Represents increasing built-up
and sealing intensity

NDVI Decreasing sigmoid 0.18 10
Assigns higher susceptibility to

areas with limited
vegetation buffering

Road Density Increasing sigmoid 0.035 90 Represents neighbourhood-scale
infrastructure pressure

Prior to fuzzy transformation, invalid and NoData pixels in the LST raster were
removed to prevent propagation of undefined values during raster integration. The detailed
parameterization of all fuzzy membership functions, including the selected midpoint (c)
and steepness (k) values, is provided in Supplementary Table S1. The resulting standardized
fuzzy layers were combined with the AHP-derived weights to construct the fuzzy-AHP
formulation of the UGII.
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3.4. AHP Weight Determination

The relative importance of the nine geoenvironmental indicators incorporated into
the Urban Geoenvironmental Impact Index (UGII) was determined using the Analytic
Hierarchy Process (AHP). AHP enables the systematic comparison of heterogeneous envi-
ronmental and anthropogenic variables by assigning relative priorities through a pairwise
comparison matrix. AHP was selected because it delivers a transparent and reproducible
mechanism for incorporating expert knowledge into multi-criteria spatial analysis while
providing an objective assessment of judgement consistency through the Consistency
Ratio (CR).

Each indicator was compared against every other indicator using the Saaty scale, where
a value of 1 indicates equal importance and values from 3 to 9 represent progressively
stronger preference for one indicator over another. Reciprocal values were assigned when
the indicator listed in the column was considered more important than the corresponding
indicator listed in the row.

The pairwise comparisons were established according to the expected contribution of
each indicator to cumulative urban environmental susceptibility. The weighting scheme
was intentionally designed to reflect the conceptual importance of each environmental
process within the cumulative geoenvironmental susceptibility framework rather than to
reproduce historical hazard frequencies or calibrate the model against a specific hazard
inventory. Consequently, the assigned priorities express expert knowledge regarding the
relative contribution of each indicator to cumulative environmental susceptibility. Greater
importance was assigned to hydrological indicators, particularly the Topographic Wetness
Index (TWI) and flow accumulation, because they directly characterize moisture accumula-
tion potential and preferential runoff pathways. Land Surface Temperature (LST) and the
Normalized Difference Built-up Index (NDBI) were also assigned relatively high priorities
due to their association with thermal pressure, urban sealing, and anthropogenic surface
transformation. Road density, slope, NDVI, and concave curvature were incorporated
as complementary indicators representing infrastructure concentration, terrain response,
vegetation buffering, and localized flow convergence.

The pairwise comparison matrix is presented in Table 4.

Table 4. AHP pairwise comparison matrix for the UGII indicators.

TWI Flow Accumulation Rainfall Slope Concave Curvature LST NDBI NDVI Road Density

TWI 1 3 1 5 7 2 2 4 5
Flow Accumulation 1/3 1 1/2 3 5 2 3 5 4

Rainfall 1 2 1 5 6 2 3 3 4
Slope 1/5 1/3 1/5 1 3 1/3 1/3 3 1/2

Concave Curvature 1/7 1/5 1/6 1/3 1 1/5 1/5 1/2 1/5
LST 1/2 1/2 1/2 3 5 1 2 4 3

NDBI 1/2 1/3 1/3 3 5 1/2 1 4 2
NDVI 1/4 1/5 1/3 1/3 2 1/4 1/4 1 1/3

Road Density 1/5 1/4 1/4 2 5 1/3 1/2 3 1

To confirm that the precipitation criterion does not duplicate information already
captured by the remaining eight indicators, pixel-wise Pearson and Spearman correla-
tions were computed between R99p and each of the other criteria across the study area
(N ≈ 115,430). All coefficients remained below the 0.6 threshold adopted in this study as a
screening criterion for potential redundancy in multi-criteria frameworks (|r| ≤ 0.508).
The strongest association was observed with LST (r = −0.508, ρ = −0.524), reflecting the
coincidence of higher extreme-precipitation intensity in the less urbanized, terrain-proximal
northern sector with comparatively lower surface temperatures; this moderate negative
association is physically coherent rather than indicative of duplicated information and
falls short of the redundancy threshold. All remaining pairwise correlations were weak
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(|r| ≤ 0.26), confirming that the precipitation criterion contributes complementary rather
than redundant information to the UGII framework.

The resulting Consistency Ratio (CR = 0.0537) is well below the commonly accepted
threshold of 0.10, indicating satisfactory consistency of the expert judgements and support-
ing the reliability of the derived weighting scheme. Pairwise comparisons were elicited
from a single domain expert (the author); no group consensus process was applied, and
this is acknowledged as a methodological limitation (Section 5.4). The robustness of the
resulting susceptibility ranking to this single-expert weighting scheme is examined through
the sensitivity analysis presented in Section 5.2. The final weights are presented in Table 5.
The satisfactory consistency ratio indicates that the weighting scheme is internally coherent
and suitable for supporting the subsequent GIS-based multi-criteria integration.

Table 5. Final AHP weights assigned to the UGII indicators.

Indicator AHP Weight Relative Priority Environmental Dimension

TWI 0.228 Highest Moisture accumulation potential
Rainfall (R99p) 0.210 Very High Extreme precipitation forcing

Flow Accumulation 0.160 High Runoff concentration pathways
LST 0.126 High Thermal stress

NDBI 0.099 High Urban sealing and built-up intensity
Road Density 0.066 Moderate Infrastructure pressure

Slope 0.051 Moderate Terrain-controlled runoff response
NDVI 0.037 Low Vegetation buffering capacity

Concave Plan Curvature 0.023 Low Localized flow convergence
Total 1.000

To ensure a consistent comparison between the conventional and fuzzy formulations,
the AHP weights were applied identically in both models. Consequently, any differences
observed in the resulting UGII surfaces can be attributed exclusively to the alternative
standardization strategies rather than to changes in indicator weighting.

3.5. Construction of the Urban Geoenvironmental Impact Index (UGII)

The Urban Geoenvironmental Impact Index (UGII) was generated through the
weighted spatial integration of the standardized geoenvironmental indicators. Two com-
plementary formulations were developed: a conventional AHP-based model using linearly
normalized indicators and a fuzzy-AHP model using non-linear fuzzy membership sur-
faces. The same AHP-derived weights were applied in both cases to isolate the effect of
indicator standardization on the final spatial pattern [33,34].

3.5.1. Classical AHP-UGII

The conventional UGII formulation was calculated through a weighted linear combi-
nation of the normalized indicator rasters (Equations (6) and (7)):

UGIIAHP =
n

∑
i=1

wi Ni (6)

where

• UGIIAHP is the conventional Urban Geoenvironmental Impact Index;
• wi is the AHP-derived weight assigned to indicator (i);
• Ni is the linearly standardized raster value of indicator (i);
• n is the total number of indicators included in the model.

For the present study, the formulation was expressed as:
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UGIIAHP = 0.228 (TWInorm) + 0.160 (FAnorm) + 0.210 (R99pnorm) + 0.051 (Slopenorm)

+ 0.023 (Curvaturenorm) + 0.126 (LSTnorm) + 0.099 (NDBInorm)

+ 0.037 (NDVIrisk) + 0.066 (RDnorm)

(7)

where FA represents log-transformed flow accumulation, R99p represents the annualized
99th-percentile daily precipitation contribution, and RD represents road density.

This formulation produces a continuous susceptibility surface in which higher values
indicate stronger cumulative urban environmental susceptibility.

3.5.2. Fuzzy-AHP UGII Formulation

The fuzzy-AHP formulation was developed using the same AHP weights but replacing
the linearly normalized rasters with fuzzy membership surfaces (Equation (8)):

UGIIFuzzy =
n

∑
i=1

(wi × Fi) (8)

where

• UGIIFuzzy is the fuzzy Urban Geoenvironmental Impact Index;
• wi is the AHP-derived weight assigned to indicator (i);
• Fi is the fuzzy membership value of indicator (i), ranging from 0 to 1;
• n is the total number of indicators included in the model.

The final fuzzy formulation was expressed as (Equation (9)):

UGIIFuzzy =

0.228 (TWIfuzzy) + 0.160 (FAfuzzy) + 0.210 (R99pfuzzy) + 0.051 (Slopefuzzy)

+ 0.023 (Curvaturefuzzy) + 0.126 (LSTfuzzy) + 0.099 (NDBIfuzzy)

+ 0.037 (NDVIfuzzy) + 0.066 (RDfuzzy)

(9)

The fuzzy-AHP model preserves the relative importance structure defined through
AHP while representing the non-linear environmental response of each indicator. This
approach reduces the influence of weak signals, emphasizes meaningful transition zones,
and produces a more continuous and coherent susceptibility surface. The implementation of
both the conventional and fuzzy-based formulations enables a direct comparison between
linear weighted-overlay modelling and uncertainty-aware geoenvironmental assessment.

Both UGII surfaces were classified into five relative susceptibility classes using the Nat-
ural Breaks (Jenks) classification method, which identifies class boundaries by maximizing
within-class similarity and between-class differences [35]:

• Very Low;
• Low;
• Moderate;
• High;
• Very High.

The classified surfaces were used for comparative evaluation and for the subsequent
assessment of built assets and real-estate exposure.
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3.6. Built-Asset Exposure Assessment
3.6.1. Built-Asset Layer

The built-asset exposure component of the study was based on the spatial distribution
of built assets within the study area. Built assets constitute the physical concentration
of residential, commercial, industrial, and infrastructure-related structures that may be
exposed to environmental susceptibility.

A built-asset layer was developed using building-footprint information obtained from
OpenStreetMap. Individual building polygons were converted into a continuous density
surface through kernel-density estimation using a 300 m search radius. The resulting
raster expresses the relative concentration of built assets across the southern sector of
the Athens Metropolitan Area and serves as a proxy for the spatial distribution of urban
development intensity.

Higher density values indicate areas presenting greater concentrations of buildings
and infrastructure, whereas lower values correspond to open spaces, recreational zones,
coastal sectors, and areas with limited urban development. This built-asset exposure
assessment acts as a spatial proxy for real-estate exposure.

3.6.2. Exposure Model and Classification

Built-asset exposure was defined as the spatial coincidence between cumulative ur-
ban environmental susceptibility and the concentration of built assets. The underlying
assumption is that environmental susceptibility acquires greater practical significance
where environmental pressures overlap with dense urban development and substantial
concentrations of physical assets.

To represent this interaction, the fuzzy-AHP UGII surface was combined with the
normalized building-density layer through raster multiplication (Equation (10)). For con-
sistency, the term REE is retained to denote the built-asset exposure surface, which is used
here as a spatial proxy for real-estate exposure:

REE = UGIIFuzzy × BAD (10)

where

• UGIIFuzzy is the fuzzy-AHP Urban Geoenvironmental Impact Index;
• BAD is the normalized Built-Asset Density layer.

The resulting raster highlights sectors where elevated environmental susceptibility
coincides with high building concentrations. Higher values indicate areas characterized by
both increased environmental pressure and substantial urban development intensity. The
final exposure surface was classified into five relative exposure classes using the Natural
Breaks (Jenks) classification method: Very Low, Low, Moderate, High, and Very High.
These classes were used to identify priority sectors where susceptibility may have greater
implications for urban planning, redevelopment planning, and built-asset management.

3.7. Metrics for Comparing the Conventional and Fuzzy UGII Models

The conventional AHP-based UGII and the fuzzy-AHP UGII surfaces were quantita-
tively compared in order to evaluate the effect of fuzzy standardization on the statistical and
spatial characteristics of the resulting susceptibility maps. The comparison was performed
using descriptive statistical measures and pixel-wise correspondence metrics calculated
from the complete raster datasets.

For each UGII surface, the minimum value, maximum value, mean, standard deviation,
coefficient of variation (CV), and dynamic range were calculated. The standard deviation
and coefficient of variation were used to quantify the degree of spatial differentiation
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represented by each model, whereas the dynamic range was used to evaluate the extent to
which each formulation exploited the available susceptibility scale.

To assess the spatial consistency between the two approaches, Pearson’s correlation
coefficient and Spearman’s rank correlation coefficient were calculated using all raster cells.
These measures quantify the similarity of the spatial patterns independently of the visual
comparison of the maps.

This quantitative comparison complements the visual assessment of the susceptibility
maps and provides an objective evaluation of whether fuzzy standardization modifies the
spatial organization of susceptibility or primarily enhances the representation of gradual
environmental transitions.

4. Results
4.1. EO-Derived Indicators

The EO-derived, morphometric/terrain-hydrological, climatic, and infrastructure-
related indicators reveal pronounced spatial variability in the geoenvironmental conditions
of the study area across the southern sector of the Athens Metropolitan Area (Figures 3–11).
The observed patterns reflect the combined influence of terrain morphology, hydrologi-
cal organization, climatic forcing, urban development intensity, vegetation distribution,
and thermal conditions, highlighting the heterogeneous environmental character of the
study area.

Figure 3. Spatial distribution of the Topographic Wetness Index (TWI) derived from the 30 m Digital
Elevation Model (DEM) for the southern sector of the Athens Metropolitan Area, Greece. Higher
TWI values indicate terrain with greater potential for moisture accumulation and surface-water
concentration under topographic control.
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Figure 4. Spatial distribution of Flow Accumulation derived from the hydrologically conditioned
30 m Digital Elevation Model (DEM) for the southern sector of the Athens Metropolitan Area, Greece.
The raster represents the logarithmically transformed upstream contributing area, highlighting
preferential runoff pathways and locations where surface water is expected to concentrate during
rainfall events.

Figure 5. Spatial distribution of the annualized 99th-percentile daily precipitation contribution
(R99p) derived from the ERA5-Land daily precipitation reanalysis (1995–2024) for the southern
sector of the Athens Metropolitan Area, Greece. The raster represents the climatological extreme-
precipitation intensity, resampled to the common 30 m analytical grid for raster integration, while
retaining the effective spatial information content of the native ERA5-Land resolution, highlighting
the metropolitan-scale gradient of extreme rainfall forcing across the study area.
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Figure 6. Spatial distribution of slope (degrees) derived from the 30 m Digital Elevation Model
(DEM) for the southern sector of the Athens Metropolitan Area, Greece. Higher slope values indicate
steeper terrain, which promotes faster surface runoff and influences the spatial distribution of
hydrological processes.

Figure 7. Spatial distribution of concave plan curvature derived from the 30 m Digital Elevation
Model (DEM) for the southern sector of the Athens Metropolitan Area, Greece. Negative plan-
curvature values were transformed into a positive concavity layer to emphasize terrain sectors that
promote lateral flow convergence and localized surface-water accumulation.

https://doi.org/10.3390/hydrometeorology1020010

https://doi.org/10.3390/hydrometeorology1020010


Hydrometeorology 2026, 1, 10 26 of 43

Figure 8. Spatial distribution of Land Surface Temperature (LST) (◦C) derived from the Landsat
9 Collection 2 Level-2 thermal infrared product for the southern sector of the Athens Metropolitan
Area, Greece. Higher temperatures identify urban thermal hotspots associated with dense built-up
areas, extensive impervious surfaces, and limited vegetation cover.

Figure 9. Spatial distribution of the Normalized Difference Built-up Index (NDBI) derived from
Landsat 9 Collection 2 Level-2 surface reflectance imagery for the southern sector of the Athens
Metropolitan Area, Greece. Higher NDBI values indicate greater built-up intensity, impervious
surface cover, and urban sealing associated with densely developed areas.
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Figure 10. Spatial distribution of the Normalized Difference Vegetation Index (NDVI) derived from
Landsat 9 Collection 2 Level-2 surface reflectance imagery for the southern sector of the Athens
Metropolitan Area, Greece. Higher NDVI values indicate denser and healthier vegetation cover,
reflecting areas with greater environmental buffering capacity, enhanced infiltration potential, and
reduced surface thermal stress.

Figure 11. Spatial distribution of road density derived from the OpenStreetMap road network using
a 500 m moving-window density analysis for the southern sector of the Athens Metropolitan Area,
Greece. Higher road-density values indicate greater transportation infrastructure concentration,
reflecting increased anthropogenic pressure, urban structural intensity, and landscape fragmentation.

The precipitation indicator (R99p) displays comparatively limited spatial variability
within the study area, consistent with the metropolitan-scale extent of the domain relative
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to the synoptic scale of precipitation systems (Section 3.4). A modest inland-to-coastal
contrast is nevertheless discernible, with higher R99p values recorded across the northern,
terrain-proximal municipalities (mean 29.8 mm year−1) relative to the southern coastal
sector (mean 28.8 mm year−1) (Figure 5). This pattern indicates a weak but physically
coherent enhancement of extreme precipitation intensity toward the inland margins of the
study area.

The hydrological indicators exhibit distinct spatial concentration patterns associated
with terrain-controlled runoff processes. Elevated TWI values are primarily observed
within low-gradient sectors, topographically convergent areas, and drainage corridors
where moisture accumulation potential is enhanced (Figure 3). Similarly, the Flow Accu-
mulation layer identifies preferential runoff pathways and sectors with increased upstream
contributing area (Figure 4). The spatial coincidence of high TWI and elevated flow accumu-
lation values indicates areas where water concentration processes may become particularly
pronounced during precipitation events.

Terrain-related indicators reveal additional controls on hydrological behaviour. Higher
slope values are concentrated along the eastern and northeastern margins of the study area,
where the influence of the Hymettus mountain front becomes more evident (Figure 6). In
contrast, lower-gradient sectors dominate the coastal urban plain. The concave curvature
layer highlights localized convergence zones where terrain morphology favours lateral
concentration of surface flow (Figure 7). These morphometric characteristics influence the
spatial organization of runoff pathways and contribute to the development of localized
hydrological susceptibility patterns.

The thermal and land-cover indicators display strong spatial contrasts associated with
urban development intensity. Land Surface Temperature (LST) identifies distinct thermal
hotspots within densely urbanized sectors with extensive impervious surfaces and limited
vegetation cover (Figure 8). These areas generally coincide with elevated NDBI values
(Figure 9), indicating increased built-up intensity and urban sealing. Conversely, higher
NDVI values are concentrated within urban green spaces, recreational areas, and sectors
with greater vegetation presence (Figure 10), reflecting enhanced environmental buffering
capacity and reduced thermal stress.

Road Density further illustrates the spatial distribution of anthropogenic pressure
across the metropolitan landscape (Figure 11). Elevated density values occur along major
transportation corridors and highly urbanized sectors, reflecting increased infrastructure
concentration and landscape fragmentation. The spatial overlap between high road density,
elevated NDBI values, and increased surface temperatures highlights the strong influence
of urban development on environmental conditions within the study area.

Collectively, the derived indicators reveal that urban environmental susceptibility
is not controlled by a single environmental factor but emerges through the interaction
of hydrological accumulation, terrain morphology, climatic forcing, thermal stress, vege-
tation distribution, and infrastructure concentration. These spatial patterns provide the
analytical basis for the subsequent construction of the conventional and fuzzy-AHP Urban
Geoenvironmental Impact Index (UGII) surfaces.

4.2. Conventional AHP-Based UGII

The conventional AHP-based Urban Geoenvironmental Impact Index (UGII) was
generated through the weighted linear integration of the nine standardized environmental
indicators using the AHP-derived weights. The resulting susceptibility surface forms an
integrated representation of environmental conditions across the southern sector of the
Athens Metropolitan Area (Figure 12).
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Figure 12. Spatial distribution of the conventional AHP-based Urban Geoenvironmental Impact
Index (UGII) for the southern sector of the Athens Metropolitan Area, Greece. The index ranges from
0.18 to 0.65 and was classified into five relative susceptibility classes (Very Low, Low, Moderate, High,
and Very High) using the Natural Breaks (Jenks) classification method. Values reported in the text
refer to the seven-municipality study area (104.3 km2); the raster legend reflects the full analysis
raster extent.

The generated surface exhibits a relatively smooth spatial distribution with gradual
variations in susceptibility values throughout the study area. UGII values range from
approximately 0.18 to 0.64, indicating moderate spatial differentiation rather than the
presence of sharply defined susceptibility hotspots. This pattern reflects the averaging
effect inherent in weighted linear combination approaches, whereby individual indicator
contributions are integrated into a single continuous surface.

Higher susceptibility values are generally concentrated within densely urbanized
sectors and along areas where hydrological accumulation, elevated surface temperatures,
increased built-up intensity, and infrastructure concentration coexist. Conversely, lower sus-
ceptibility values are primarily associated with sectors characterized by greater vegetation
presence, reduced urban density, and less pronounced hydrological convergence.

A notable characteristic of the conventional UGII surface is the broad spatial conti-
nuity of susceptibility values. Transitional areas occupy a substantial proportion of the
study area, producing extensive zones of moderate susceptibility between higher and
lower value sectors. While this behaviour serves as a coherent regional representation
of cumulative environmental conditions, it may also reduce the ability of the model to
distinguish localized variations and gradual environmental transitions associated with
non-linear urban processes.

Overall, the conventional AHP-based UGII establishes a baseline representation of
cumulative urban environmental susceptibility and serves as the reference model for evalu-
ating the influence of fuzzy membership transformations on the spatial characterization of
susceptibility patterns.
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4.3. Fuzzy-AHP UGII

The fuzzy-AHP Urban Geoenvironmental Impact Index was generated by integrating
the fuzzy membership surfaces of the nine environmental indicators using the same AHP-
derived weighting structure applied in the conventional model. The resulting susceptibility
surface is presented in Figure 13.

Figure 13. Spatial distribution of the fuzzy-AHP Urban Geoenvironmental Impact Index (UGII) for
the southern sector of the Athens Metropolitan Area, Greece. The index ranges from 0.10 to 0.75 and
was classified into five relative susceptibility classes (Very Low, Low, Moderate, High, and Very
High) using the Natural Breaks (Jenks) classification method. Values reported in the text refer to the
seven-municipality study area (104.3 km2); the raster legend reflects the full analysis raster extent.

The fuzzy-AHP UGII exhibits a broader range of susceptibility values than the conven-
tional AHP-based formulation, with values ranging from approximately 0.10 to 0.75. This
wider distribution reflects the ability of fuzzy membership functions to represent gradual
environmental transitions and non-linear relationships between indicator values and sus-
ceptibility conditions. As a result, the fuzzy-based model enhances the contrast between
lower- and higher-susceptibility sectors while preserving the overall spatial organization of
the study area.

The spatial distribution of the fuzzy-AHP surface remains generally consistent with the
major susceptibility patterns identified by the conventional model. However, susceptibility
gradients become more clearly expressed, particularly within sectors characterized by
intermediate environmental conditions. Areas that exhibited moderate susceptibility under
the conventional formulation display greater spatial differentiation, reflecting the capacity
of fuzzy membership functions to capture variations that may be partially masked by linear
standardization approaches.

The fuzzy formulation also enhances the representation of transition zones between
low- and high-susceptibility areas. Rather than treating indicator influence as a strictly
proportional response, the fuzzy approach allows susceptibility to increase or decrease
according to the environmental response represented by each variable. This characteristic
is particularly relevant in urban environments, where hydrological accumulation, ther-
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mal stress, vegetation loss, and infrastructure concentration rarely operate through fixed
thresholds or strict linear processes.

Overall, the fuzzy-AHP UGII offers a more differentiated representation of cumulative
urban environmental susceptibility by incorporating uncertainty and gradual environmen-
tal transitions into the modelling process. While the principal susceptibility patterns remain
spatially comparable to those identified by the conventional UGII, the fuzzy formulation
produces a more differentiated susceptibility surface that is better suited to representing
the complexity of urban environmental systems.

4.4. Comparative Analysis of Conventional and Fuzzy-AHP UGII

A comparative assessment was performed to evaluate the influence of fuzzy mem-
bership transformation on the spatial representation of cumulative urban environmental
susceptibility. The comparison was based on the difference raster generated by subtracting
the conventional AHP-based UGII from the fuzzy-AHP UGII surface (Figure 14). The
resulting differences range from approximately −0.09 to 0.14, indicating that fuzzy transfor-
mation both increased and decreased susceptibility values depending on the environmental
characteristics of each location. Positive values correspond to areas where the fuzzy for-
mulation produced higher susceptibility estimates, whereas negative values represent
locations where susceptibility was reduced following fuzzy transformation.

Figure 14. Spatial difference between the fuzzy-AHP and conventional AHP-based Urban Geoen-
vironmental Impact Index (UGII) surfaces for the southern sector of the Athens Metropolitan Area,
Greece. Positive values indicate areas where the fuzzy formulation produced higher suscepti-
bility estimates, whereas negative values indicate lower susceptibility estimates relative to the
conventional model.

The difference map reveals that the overall spatial structure of susceptibility remains
largely consistent between the two modelling approaches. The principal susceptibility
patterns identified by the conventional UGII are preserved within the fuzzy formulation,
indicating that both models recognize similar areas of environmental concern across the
study area. This consistency suggests that the incorporation of fuzzy logic does not
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fundamentally alter the spatial geography of susceptibility but rather modifies the way
environmental influence is represented and weighted.

The observed differences are primarily concentrated within transitional sectors with
intermediate indicator values and mixed environmental conditions. These areas corre-
spond to locations where environmental behaviour cannot be adequately represented by
rigid linear responses and where gradual environmental transitions are more pronounced.
Under such circumstances, fuzzy membership functions allow susceptibility to vary ac-
cording to the degree of environmental influence rather than through strictly proportional
linear relationships.

The spatial distribution of positive and negative differences further indicates that
fuzzy transformation affects mainly those areas where multiple environmental drivers
interact simultaneously. Hydrological accumulation, terrain response, thermal stress, vege-
tation conditions, and infrastructure concentration often exhibit non-linear relationships
that are difficult to capture through conventional normalization procedures. The fuzzy
formulation accommodates these interactions by allowing susceptibility to increase or
decrease gradually as environmental conditions evolve across space.

A notable outcome of the comparison is that the fuzzy-AHP model enhances local
spatial differentiation while preserving the broader susceptibility pattern identified by the
conventional approach. Areas exhibiting consistently high or consistently low susceptibility
remain relatively stable, whereas intermediate zones display greater variability following
fuzzy transformation. This behaviour suggests that fuzzy logic contributes primarily to the
refinement of susceptibility gradients and the representation of environmental uncertainty
rather than to the generation of entirely new susceptibility patterns.

Overall, the comparative analysis demonstrates that the fuzzy-AHP formulation func-
tions as an enhancement of the conventional weighted-overlay approach. By incorporating
gradual transitions and non-linear environmental responses, the fuzzy model provides a
more realistic representation of cumulative urban environmental susceptibility while main-
taining consistency with the principal spatial patterns identified by the conventional UGII.
These findings support the use of fuzzy geoenvironmental approaches for the assessment
of complex urban environmental systems where uncertainty and gradual environmental
transitions play an important role in shaping spatial susceptibility patterns.

The comparison demonstrates that fuzzy standardization primarily refines the spa-
tial representation of environmental susceptibility rather than fundamentally altering
the spatial structure identified by the conventional model. This finding indicates that
the incorporation of fuzzy membership functions enhances the characterization of grad-
ual environmental transitions while preserving the overall geographical consistency of
the assessment.

4.5. Quantitative Comparison of the Conventional and Fuzzy UGII Models

To complement the visual comparison presented in Section 4.4, the two UGII surfaces
were quantitatively compared using descriptive statistics and pixel-wise correspondence
metrics (Table 6). The quantitative comparison confirms that the fuzzy-AHP formulation
substantially increases the spatial variability of the susceptibility surface while preserving
the overall spatial organization of the conventional model.

The standard deviation increased from 0.068 to 0.093 (approximately 37%), indicating
stronger local spatial differentiation. Similarly, the coefficient of variation increased from
0.183 to 0.240, demonstrating greater relative dispersion of susceptibility values.

The fuzzy formulation also expanded the dynamic range of the UGII from 0.522 to
0.684 (approximately 31%), indicating that fuzzy standardization more effectively exploits
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the available susceptibility range and enhances the discrimination between areas exhibiting
different levels of cumulative environmental susceptibility.

Table 6. Quantitative comparison between the conventional AHP-UGII and fuzzy-AHP UGII surfaces.

Metric Conventional AHP Fuzzy-AHP

Mean 0.372 0.387
Standard deviation 0.068 0.093

Coefficient of variation 0.183 0.240
Dynamic range 0.522 0.684

Pearson correlation 0.942 *
Spearman correlation 0.916 *

* Pearson and Spearman correlation coefficients quantify the agreement between the two
raster surfaces.

Despite these differences, both models remain highly consistent spatially. Pearson’s
correlation coefficient (r = 0.942) and Spearman’s rank correlation coefficient (ρ = 0.916)
indicate that the fuzzy formulation preserves the principal susceptibility pattern identi-
fied by the conventional AHP model while refining local transitions and improving the
representation of intermediate environmental conditions.

4.6. Urban Susceptibility Hotspots and Real-Estate Exposure

The integration of fuzzy-AHP susceptibility modelling with building-density informa-
tion enables the identification of urban sectors where cumulative environmental pressures
coincide with concentrated urban development. The resulting Built-Asset Density (BAD)
layer and the derived Real-Estate Exposure (REE) surface provide complementary informa-
tion for evaluating the spatial relationship between environmental susceptibility and urban
development intensity.

The normalized Built-Asset Density (BAD) layer, which represents the spatial concen-
tration of buildings independently of environmental susceptibility, is presented in Figure 15.
This layer constitutes the exposure component of the proposed framework and forms the
basis for the calculation of the Real-Estate Exposure (REE) surface.

Figure 15. Spatial distribution of the normalized Built-Asset Density (BAD) layer derived from
OpenStreetMap building footprints using kernel density estimation (300 m search radius). Higher
values indicate increasing concentrations of buildings and urban development.
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The spatial distribution of exposure exhibits a heterogeneous pattern reflecting the
combined influence of hydrological conditions, terrain configuration, thermal stress, urban
sealing, infrastructure concentration, and building density. High and very high exposure
classes occur in sectors where elevated susceptibility values overlap with dense urban
development, indicating locations where environmental pressures and urban development
intensity interact most strongly.

The identified exposure hotspots are primarily concentrated within the highly urban-
ized coastal and metropolitan sectors of the study area. These areas exhibit dense building
concentrations, extensive transportation infrastructure, elevated surface temperatures, and
increased levels of urban sealing. The convergence of these environmental and anthro-
pogenic factors results in greater cumulative susceptibility and consequently higher levels
of built-asset exposure.

The resulting Real-Estate Exposure (REE) surface is presented in Figure 16. The map
illustrates the spatial coincidence between cumulative geoenvironmental susceptibility
and building concentration, highlighting localized urban sectors where environmental
pressures intersect with dense built development.

Figure 16. Spatial distribution of the Real-Estate Exposure (REE) surface obtained by combining
the fuzzy-AHP Urban Geoenvironmental Impact Index (UGII) with the normalized Built-Asset
Density (BAD) layer through raster multiplication. The REE surface was classified into five expo-
sure classes (Very Low, Low, Moderate, High, and Very High) using the Natural Breaks (Jenks)
classification method.

In contrast, lower exposure values are generally associated with sectors with reduced
urban development intensity, greater vegetation presence, and lower building concentra-
tions. Although some of these areas may exhibit locally elevated environmental susceptibil-
ity, the limited concentration of urban assets reduces their overall exposure significance.
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Environmental susceptibility alone does not necessarily imply increased built-asset
exposure. Rather, exposure emerges where susceptibility intersects with the spatial concen-
tration of urban properties and development. This distinction highlights the importance of
integrating environmental intelligence with information on the built assets when evaluating
the potential implications of cumulative environmental pressures in metropolitan regions.

The resulting exposure surface is therefore a practical GIS-based decision-support
product capable of supporting urban planning, redevelopment prioritization, infrastructure
management, and climate adaptation strategies. By identifying sectors where multiple en-
vironmental pressures coincide with significant development concentration, the proposed
framework offers a transferable approach for incorporating environmental susceptibility
information into urban decision-making processes.

The statistical distribution of REE values is shown in Figure 17. The histogram exhibits
a strongly positively skewed distribution, indicating that low exposure values dominate
most of the metropolitan area, whereas only a limited number of cells attain high exposure
values. This behaviour confirms that elevated exposure is spatially concentrated in localized
hotspots rather than being uniformly distributed across the study area.

Figure 17. Histogram of Real-Estate Exposure (REE) values showing the frequency distribution of
raster-cell values across the study area. The distribution is strongly positively skewed, indicating that
high exposure values occupy only a limited proportion of the metropolitan area.

Table 7 summarizes the analytical progression of the proposed UGII framework from
environmental indicator integration to assessing the exposure of built assets. The frame-
work is structured as a sequential geoenvironmental process in which environmental
susceptibility is first identified through conventional and fuzzy-AHP modelling and sub-
sequently combined with building-density information. This progression enables the
transition from environmental characterization to exposure-oriented spatial assessment,
thereby providing information that can support urban planning, redevelopment prioritiza-
tion, infrastructure resilience, and climate adaptation strategies.
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Table 7. Conceptual progression of the UGII framework from susceptibility assessment to built-asset
exposure interpretation.

Analytical Output Methodological Basis What It Represents Main Interpretation Planning Relevance

Conventional AHP-UGII
Linear min–max
normalization +
AHP weighting

Baseline cumulative urban
environmental
susceptibility

Is a generalized
representation of the

combined influence of
hydrological,

morphometric, thermal,
vegetation, and
infrastructure-
related factors

Metropolitan-scale
environmental screening

and preliminary
susceptibility assessment

Fuzzy-AHP UGII
Fuzzy membership

functions +
AHP weighting

Non-linear cumulative
urban environmental

susceptibility

Captures gradual
environmental transitions,

uncertainty, and
non-linear responses more

effectively than
conventional

weighted overlays

Identification of
environmentally sensitive
sectors and prioritization
of adaptation measures

Difference Map
(Fuzzy − Conventional)

Cell-by-cell subtraction of
UGII surfaces

Spatial effect of
fuzzy transformation

Reveals areas where fuzzy
logic modifies

susceptibility estimates
and improves local

spatial differentiation

Evaluation of
methodological

improvements and
uncertainty representation

Built-Asset Density (BAD)
Kernel density estimation

of OpenStreetMap
building footprints

Spatial concentration
of buildings

Represents the intensity of
urban development and

the distribution of
potentially

exposed development

Identification of
development

concentration patterns and
urban growth hotspots

Real-Estate
Exposure (REE)

Fuzzy-AHP UGII ×
Built-Asset Density

Spatial coincidence of
environmental

susceptibility and
urban development

Highlights sectors where
environmental pressures

overlap with concentrated
urban development

Supports redevelopment
planning, infrastructure

management, climate
adaptation, and
risk-informed

investment decisions

The area occupied by each susceptibility class under the two formulations is summa-
rized in Table 8.

Table 8. Area distribution of UGII susceptibility classes (Natural Breaks, Jenks) across the study area
(104.3 km2).

Class Conventional AHP Range Area (km2) % Fuzzy-AHP Range Area (km2) %

Very Low 0.175–0.308 22.9 22.0 0.102–0.301 24.8 23.8
Low 0.308–0.354 34.7 33.3 0.301–0.359 40.4 38.8

Moderate 0.354–0.410 27.1 26.0 0.359–0.440 22.9 21.9
High 0.410–0.488 13.3 12.8 0.440–0.557 9.6 9.2

Very High 0.488–0.647 6.3 6.0 0.557–0.747 6.6 6.3
Total 104.3 100 104.3 100

Note: Area values are rounded to one decimal place; therefore, totals may differ slightly from that of
the reported study area (104.3 km2) because of rounding.

The REE classification confirms that exposure is highly concentrated spatially. Approx-
imately 61.5% of the study area belongs to the Very Low exposure class, whereas only 9.2%
(High and Very High combined) exhibits elevated exposure. The Very High exposure class
occupies only 1.8 km2 (1.8% of the metropolitan area), indicating that the coincidence of
high geoenvironmental susceptibility and dense built development is confined to relatively
limited urban sectors. These findings demonstrate that the proposed framework identi-
fies localized priority areas for urban resilience, redevelopment planning, infrastructure
management, and climate-adaptation interventions.

Across the 104.3 km2 study area, the conventional AHP model assigns 18.8% of the area
to the High and Very High classes combined, compared with 15.5% under the fuzzy-AHP
model, indicating that the elevated-susceptibility footprint is closely preserved between
the two formulations. The combined Very Low and Low classes account for 55.3% of the
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area under the conventional model and 62.6% under the fuzzy model, while the Moderate
class contracts from 26.0% to 21.9%. Within the elevated-susceptibility range, the High
class narrows from 12.8% to 9.2% while the Very High class increases marginally from 6.0%
to 6.3%, indicating that fuzzy standardization slightly sharpens the distinction between the
most severe susceptibility sector and the remainder of the elevated range.

Overall, the results demonstrate that the proposed UGII framework is a coherent
progression from geoenvironmental characterization to susceptibility assessment and fi-
nally to built-asset exposure analysis. This sequential workflow highlights the practical
value of integrating EO, fuzzy modelling, and GIS-based spatial analysis within a unified
methodological framework for metropolitan environmental assessment.

Together, Figures 15–17 and Table 9 provide a complete spatial and quantitative
representation of built-asset exposure across the study area.

Table 9. Area distribution of Real-Estate Exposure (REE) classes (Natural Breaks, Jenks).

Class REE Range Area (km2) %

Very Low 0.000–0.033 64.2 61.5
Low 0.033–0.101 16.2 15.6

Moderate 0.101–0.187 14.3 13.7
High 0.187–0.306 7.8 7.4

Very High 0.306–0.704 1.8 1.8
Total 104.3 100

5. Discussion
This section discusses the methodological significance and practical implications of the

proposed UGII framework. Emphasis is placed on the contribution of EO-derived indica-
tors, the role of fuzzy logic in representing cumulative urban environmental susceptibility,
the comparison between conventional and fuzzy formulations, and the potential applica-
tion of the resulting susceptibility and built-asset exposure surfaces in urban planning and
environmental decision support.

5.1. Urban Environmental Susceptibility and the Contribution of EO-Based Indicators

The results demonstrate that cumulative urban environmental susceptibility results
from the interaction of multiple environmental and anthropogenic influences rather than
from any single controlling factor. The combined use of hydrological, morphometric, ther-
mal, vegetation, and infrastructure-related indicators enabled the identification of spatial
patterns that would be difficult to detect through individual-variable analysis [2,13,21].

Hydrological indicators, particularly TWI and Flow Accumulation, contributed sub-
stantially to the spatial organization of susceptibility patterns by identifying sectors char-
acterized by enhanced runoff concentration and moisture accumulation potential [8,9].
At the same time, thermal and urban indicators, including LST, NDBI, NDVI, and Road
Density, captured the influence of urbanization, infrastructure concentration, vegetation
loss, and thermal stress [10,11,18,19,22]. The integration of these variables within a common
analytical framework allowed the UGII to represent the multidimensional behaviour of
urban geoenvironmental susceptibility.

The observed spatial patterns further confirm that environmental susceptibility within
metropolitan environments is strongly influenced by the interaction between natural pro-
cesses and anthropogenic landscape modification. Urban sealing, transportation infras-
tructure, thermal accumulation, and hydrological convergence operate simultaneously
and collectively shape the functioning of urban environmental systems. Consequently,
integrated EO-based approaches provide a more comprehensive representation of urban
environmental conditions than single-indicator assessments [3,13].
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5.2. Fuzzy Geoenvironmental Versus Conventional Weighted Overlay

The comparison between the conventional AHP-based UGII and the fuzzy-AHP for-
mulation demonstrates that both approaches identify broadly similar susceptibility patterns
across the study area. The principal hotspots remain spatially consistent, indicating that
the dominant environmental controls are robust regardless of the selected standardization
procedure [5].

This behaviour is consistent with previous studies comparing conventional AHP and
fuzzy-AHP approaches, which similarly reported that fuzzy standardization primarily
improves the spatial representation of susceptibility by refining transition zones rather than
fundamentally altering the overall susceptibility pattern. However, unlike these earlier
applications, which focused mainly on individual hazards such as flooding or landslides,
the present framework applies fuzzy modelling to cumulative urban geoenvironmen-
tal susceptibility by integrating multiple interacting environmental and anthropogenic
indicators [4,5,7].

Nevertheless, the incorporation of fuzzy membership functions modifies the repre-
sentation of environmental influence by introducing gradual transitions and non-linear
responses [4,6,24]. The difference analysis revealed that the most significant variations
occur within intermediate susceptibility zones where environmental conditions do not
clearly belong to either low- or high-susceptibility categories. Such behaviour is consistent
with the inherent ambiguity of environmental information and with the gradual nature of
many urban environmental processes [4,7].

The results indicate that fuzzy modelling complements conventional weighted-overlay
approaches by providing a more flexible representation of environmental uncertainty
and gradual spatial transitions [15]. By allowing indicator influence to vary according
to degrees of membership rather than fixed proportional relationships, the fuzzy-AHP
formulation provides a more realistic representation of cumulative urban environmental
susceptibility [4,24]. The findings further suggest that fuzzy logic is particularly well suited
to metropolitan environments where environmental processes interact continuously across
space and rarely operate through clearly defined thresholds.

The comparison between the two formulations indicates that fuzzy standardization
primarily refines the representation of environmental susceptibility rather than fundamen-
tally modifying its spatial structure. Consequently, the proposed fuzzy-AHP approach
should be viewed as an enhancement of conventional weighted-overlay modelling, pro-
viding a more realistic depiction of gradual environmental transitions while maintaining
the overall geographical consistency of the assessment. Unlike previous fuzzy susceptibil-
ity applications that primarily address individual environmental hazards, the proposed
UGII extends the fuzzy-AHP concept to a cumulative urban geoenvironmental framework
by simultaneously integrating hydrological, geomorphological, thermal, ecological, and
anthropogenic processes within a single transferable GIS-based methodology [4–7].

More importantly, the principal scientific contribution of the proposed UGII does
not lie solely in the application of fuzzy logic, but in the development of a unified cu-
mulative geoenvironmental assessment framework that integrates multiple interacting
environmental processes within a single EO-driven methodology. By moving beyond
conventional single-hazard analyses, the framework provides a transferable screening-level
spatial decision-support approach capable of representing the complexity of metropolitan
environmental systems through a coherent and reproducible GIS workflow.

To assess the robustness of the AHP weighting scheme, a one-at-a-time sensitivity
analysis was performed, perturbing each of the nine criterion weights by ±10% and
±20% while proportionally rescaling the remaining weights to preserve unit sum. Across
all 36 perturbation scenarios, the Spearman rank correlation between the perturbed and
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baseline fuzzy-AHP UGII surfaces remained ≥0.990 (range 0.990–1.000), indicating that
the spatial ranking of susceptibility is robust to plausible uncertainty in the expert-derived
weights. The greatest sensitivity was associated with LST and R99p (ρ = 0.990–0.994 at
±20%), consistent with their comparatively high assigned weights, while Flow Accumula-
tion, Curvature, and NDVI showed negligible sensitivity (ρ ≥ 0.9999).

5.3. Implications for Urban Planning and Built-Asset Exposure Assessment

The proposed framework has important implications for urban planning, climate
adaptation, and environmental decision-making. The REE map further demonstrates
that the highest exposure levels occupy only a limited proportion of the metropolitan
area, indicating that priority interventions can be spatially targeted rather than uniformly
distributed. The identification of sectors where multiple environmental pressures converge
can support the prioritization of mitigation measures, the targeting of urban greening
interventions, and the planning of drainage and resilience infrastructure. Rather than
replacing detailed engineering or hydrological studies, the UGII functions as a metropolitan-
scale screening-level and prioritization tool capable of identifying areas requiring further
investigation [13,23].

The integration of building-density information extends the practical value of the
methodology by linking environmental susceptibility with the spatial distribution of ur-
ban development. The resulting exposure assessment highlights sectors where elevated
susceptibility coincides with significant concentrations of physical assets, thereby identi-
fying locations where environmental conditions may have greater implications for urban
infrastructure, redevelopment initiatives, and long-term resilience planning [2,21].

Previous GIS-based environmental assessment frameworks emphasized the impor-
tance of integrating susceptibility information into planning and infrastructure manage-
ment. The present study extends this perspective by explicitly coupling cumulative geoen-
vironmental susceptibility with built-asset concentration, thereby providing a practical
exposure-oriented decision-support layer for metropolitan environments rather than a
hazard-specific assessment alone [2,13,23].

Importantly, the proposed exposure assessment should not be interpreted as a direct
measure of property value or economic risk. Instead, it represents a GIS-based decision-
support layer that can complement urban planning and redevelopment processes by
identifying areas where cumulative environmental pressures intersect with concentrated
urban development [13,15]. Because the proposed workflow relies exclusively on widely
available EO data, open geospatial datasets, and transparent GIS procedures, it can be read-
ily transferred and adapted to other metropolitan environments facing similar cumulative
environmental pressures. In this context, the approach provides a foundation for incorpo-
rating environmental information into broader urban management and investment-support
and urban resilience strategies.

5.4. Limitations and Future Research

Several limitations should be acknowledged. First, the analysis relies on a selected set
of geoenvironmental indicators and does not explicitly incorporate socioeconomic variables,
demographic characteristics, building condition, or infrastructure vulnerability. Conse-
quently, the resulting susceptibility and exposure surfaces should be interpreted as indica-
tors of environmental susceptibility rather than as a comprehensive urban risk assessment.

Second, the built-asset density layer was derived from OpenStreetMap building foot-
prints and therefore depends on the completeness and positional accuracy of the available
dataset. Although OpenStreetMap provides extensive coverage within the study area,
variations in data quality may influence the representation of urban development intensity.
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Third, the proposed exposure assessment considers the spatial concentration of built
assets but does not incorporate information regarding property values, construction quality,
land use, or economic activity. Future developments could integrate real-estate market indi-
cators, cadastral information, and socioeconomic datasets to develop more comprehensive
urban exposure and resilience frameworks [2,21].

The remotely sensed indicators were derived from a single Landsat 9 epoch. As only
the two date-dependent indicators (LST and NDVI) carry approximately 16.3% of the
aggregate weight, and as the acquisition was selected to represent peak seasonal stress, the
single-epoch design is not expected to alter the principal susceptibility patterns; neverthe-
less, multi-temporal compositing of LST and NDVI would further reduce sensitivity to
individual acquisition conditions. Further developments could explore seasonal EO com-
posites, alternative fuzzy membership functions, machine-learning-based weighting, and
dynamic monitoring systems capable of capturing changes in environmental susceptibility
through time. Such developments would further enhance the applicability of the proposed
methodology through support for dynamic geoenvironmental monitoring, adaptive urban
planning, and climate resilience [3,8].

The parameterization of the fuzzy membership functions was not fully uniform across
indicators: only the precipitation criterion (R99p) was calibrated through an explicit sta-
tistical procedure, while the remaining eight indicators were calibrated through expert
interpretation of each variable’s observed range. This heterogeneity in parameterization
approach constitutes a methodological limitation; however, the one-at-a-time sensitiv-
ity analysis (Section 5.2) indicates that the resulting susceptibility ranking remains robust
(Spearman ρ≥ 0.990) to substantial perturbation of the associated weights, partially mitigat-
ing this concern. Future applications could adopt a uniform, fully data-derived calibration
procedure across all indicators.

Because the UGII is designed as a cumulative geoenvironmental susceptibility and
decision-support framework rather than a predictive hazard model, its evaluation primarily
concerns methodological consistency, weighting reliability, and the spatial coherence of the
resulting susceptibility patterns. Accordingly, validation against a single hazard inventory
would not provide an appropriate benchmark for the proposed framework, because the
UGII does not predict individual hazard occurrence but represents the cumulative spatial
propensity of urban environments to accumulate interacting environmental pressures.
Independent hazard inventories are therefore considered complementary sources for future
evaluation rather than mandatory validation datasets for the present methodological
framework. Future applications should investigate their relationship with independent
hazard inventories, observed environmental impacts, and long-term monitoring datasets
across different metropolitan environments.

This evolution is consistent with the broader transition of GIS-based environmental
assessment from static mapping towards dynamic EO-driven monitoring systems capable
of supporting adaptive urban resilience and climate-informed spatial planning [3,13].

The resulting REE surface demonstrates that high exposure is spatially concentrated,
with only a small proportion of the metropolitan area exhibiting simultaneous high envi-
ronmental susceptibility and dense built development, thereby enabling the identification
of priority intervention zones.

Overall, the proposed UGII framework demonstrates how EO, fuzzy logic, and GIS-
based multi-criteria analysis can be integrated into a transferable methodology for assessing
cumulative urban geoenvironmental susceptibility and supporting built-asset exposure
assessment in metropolitan environments.

https://doi.org/10.3390/hydrometeorology1020010

https://doi.org/10.3390/hydrometeorology1020010


Hydrometeorology 2026, 1, 10 41 of 43

6. Conclusions
This study developed and demonstrated an Urban Geoenvironmental Impact Index

(UGII) framework for the assessment of cumulative urban environmental susceptibility
in the southern sector of the Athens Metropolitan Area, Greece. The proposed approach
integrates EO-derived indicators, morphometric/terrain-hydrological parameters, urban
infrastructure information, Analytic Hierarchy Process (AHP) weighting, and fuzzy mem-
bership functions within a unified GIS-based assessment workflow. By combining environ-
mental and anthropogenic variables into a single spatial framework, the methodology is
a transferable approach for representing cumulative urban environmental susceptibility
suitable for metropolitan-scale analysis.

The results demonstrate that cumulative urban environmental susceptibility emerges
from the interaction of multiple environmental and anthropogenic processes rather than
from any single controlling factor. Hydrological accumulation, terrain morphology, thermal
stress, vegetation distribution, urban sealing, and infrastructure concentration collectively
shape the spatial patterns observed across the study area. Among the analysed variables,
hydrological indicators received the highest relative importance within the weighting
structure, highlighting the importance of moisture accumulation potential and runoff
concentration pathways in the geoenvironmental dynamics of the metropolitan landscape.

Beyond the numerical comparison reported in Section 4, the practical implication
is that fuzzy-AHP standardization offers planners a finer-grained susceptibility gradient
without discarding the coarse spatial structure already familiar from conventional weighted-
overlay outputs—easing adoption in planning contexts where conventional AHP mapping
is already established practice.

By coupling susceptibility with building-density data, the framework moves be-
yond a purely biophysical assessment toward one directly actionable for redevelopment
prioritization—distinguishing, for instance, high-susceptibility areas with negligible ex-
isting exposure from lower-susceptibility areas already carrying substantial built-asset
concentration, a distinction conventional susceptibility mapping alone cannot make. Conse-
quently, the proposed methodology extends beyond environmental mapping and provides
a GIS-based decision-support tool capable of supporting urban planning, redevelopment
prioritization, infrastructure management, and climate adaptation strategies.

The UGII is intentionally designed as a transparent and transferable methodology
that can be implemented in other metropolitan environments using widely available
geospatial datasets. Although the present study focuses on the Athens Metropolitan Area,
the underlying methodological structure can readily be adapted to different urban contexts
where environmental pressures, urban growth, and built-asset concentration interact in
complex ways.

Future research should focus on expanding the spatiotemporal, hydrometeorological,
and exposure dimensions of the framework through the integration of multi-temporal
EO data, dynamic hydroclimatic indicators, independent environmental observation
datasets, and additional information related to built assets and socioeconomic condi-
tions. Such developments would contribute to the evolution of GIS-based geoenviron-
mental decision-support systems capable of supporting climate-resilient planning and
risk-informed decision-making in rapidly transforming metropolitan environments.
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www.mdpi.com/article/10.3390/hydrometeorology1020010/s1, Table S1. Technical parameterization
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