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Title. Site selection from space for urban design: aligning EO surface thermal patterns
with urban form and functions.

Abstract.

Earth observations enable consistent and spatially contiguous city-wide observations,
yet their effective integration into urban planning remains a challenge. Surface thermal
patterns reflect the interplay between urban forms (morphology, density) and functions
(land use, sociodemographic vulnerability), but most assessment methods rely on spatial
units that are not aligned with how architects and planners understand and transform
urban space. This limits their usefulness for design practice, which works through plots
and blocks that reflect spatial form but overlook functional conditions essential to
understanding heat vulnerability. We present a method that integrates forms and
functions to support site selection, using a multicriteria ranking based on more than fifty
variables capturing exposure, vulnerability, and hazard conditions from satellite data,
and a site characterization approach that groups areas with similar form- and function-
related attributes. The workflow integrates morphogenetic spatial modules, multicriteria
decision making, and clustering, and is tested in Genoa and Turin to examine how
different combinations of spatial units, algorithms, and weighting schemes influence the
results. Although the results are based on earth observation data, the methodology can
be easily adapted to different data sources on hazards to assess the form and function
inferences.

Keywords. Data-driven urban planning; surface urban heat island; morphometrics;
spatial analysis; remote sensing; multicriteria assessment.
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1. List of abbreviations
AOI - Area of Interest
CB - Census Blocks
CEST - Central European Summer Time
EO - Earth Observation
ET - Enclosed Tessellation
GHS-FUA - Global Human Settlement - Functional Urban Area
HAC - Hierarchical Agglomerative Clustering
[PCC - Intergovernmental Panel on Climate Change
LCZ - Local Climate Zone
LST - Land Surface Temperature
MAUP - Modifiable Areal Unit Problem
MCDM - Multicriteria Decision-Making
NBS - Nature-Based-Solutions
OSM - Open Street Maps
PCA - Principal Component Analysis
SS - Silhouette Score
SUHI - Surface Heat Island
UA - Urban Atlas
UTC - Coordinated Universal Time

2. Introduction

Urban heat has become a critical challenge for cities, as rising temperatures associated
with climate change intensify the frequency and severity of thermal extremes
(Santamouris, 2022). A central component of this challenge is the Surface Urban Heat
I[sland (SUHI) effect, defined as the temperature difference between urban areas and their
rural surroundings. SUHI results from the combined effects of land cover, built
environment, and human activities (IPCC, 2022), producing spatially uneven thermal
conditions that place significant pressure on public health, energy systems, and urban
infrastructure (Zhao et al.,, 2021; Mora et al.,, 2017). These conditions have increased
demand for analytical tools capable of identifying where surface heat concentrates and
how it relates to the physical and functional structure of the city (Melis et al., 2023).
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Capturing these patterns is complex. SUHI reflects both the physical form of the city, such
as building density, green cover, elevation, street configuration, as well as the social
characteristics of its inhabitants, including demographic vulnerability and exposure (Gao
et al., 2022). This combination makes surface heat inherently multidimensional, shaped
by what are often described as formal (morphological) and functional (activity-based)
determinants of urban climate (You et al., 2023). The challenge is particularly acute in
dense or topographically irregular cities, where thermal variation occurs at fine spatial
scales that matter for planning and design (Mansouri & Zarghami, 2025). As cities
increasingly seek interventions such as Nature-based Solutions, shading strategies, or
microclimatic improvements, the need for spatial representations of heat that are
actionable at the scale of neighbourhoods, blocks, and specific sites becomes more
pressing (Mosca et al., 2024). For planners and designers, such representations must
integrate both formal and functional attributes, reflecting the way design practice
interprets and transforms urban space (Kang et al., 2022). This issue appears across
different ways of deriving spatial thermal information, since heat can be measured
through complementary approaches such as in-situ sensor networks related to air
temperature, humidity, and radiation as well as physiological indexes (Kousis et al., 2021,
Ketterer & Matzarakis, 2014). Nonetheless, Earth Observations (EO) remains a widely
used, pragmatic option for broad and spatial contiguous coverage of SUHI
(Stewart, 2024), especially where dense ground-based measurements are unavailable,
such as remote peri-urban areas. However, SUHI can oversimplify near-surface and
microclimatic conditions due to it representing surface thermal conditions only and not
being a direct proxy for near-surface air temperature or pedestrian-level heat exposure,
which depend on additional microclimatic factors such as humidity, radiation, wind, and
shading (Chakraborty et al., 2022; Briegel et al.,, 2025).

EO datasets from Landsat 8/9 and Sentinel 3 have been widely used to map hotspots and
examine relationships between thermal behaviour, land cover, and morphology (Kim &
Brown, 2021; Sidiqui et al., 2022; Assaf & Assaad, 2024). However, the way LST data are
typically operationalised often introduces a structural mismatch with the spatial scales
and categories used in planning and design. Classification systems such as Local Climate
Zones (LCZs) offer a common language for linking morphology and climate, but their
coarse typologies frequently fail to capture the microscale heterogeneity that shapes
thermal behaviour in complex urban settings (Stewart, 2024). As a result, EO-based
assessments, while indispensable for understanding thermal patterns, do not inherently
align with the spatial logic through which planners and designers interpret, regulate, and
ultimately transform urban space.

A key source of misalignment lies in the spatial units used to structure SUHI analysis.
Many studies rely on administrative or statistical units, such as census blocks (Ascencio
et al., 2023; Assaf & Assaad, 2024), street networks (Chen et al., 2022; Liu et al., 2024),
districts (Sidiqui et al., 2022), because they facilitate demographic integration and policy
reporting. However, these units are not designed to represent the built environment.
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Their boundaries frequently cut across coherent morphological structures, mixing
building types, densities, and land uses in ways that obscure relationships between form
and thermal behaviour (Chen et al., 2023). This issue is compounded by the Modifiable
Areal Unit Problem (MAUP), which can alter correlations, rankings, and hotspot
identification depending on how data are aggregated (Chen et al., 2023). In practice, this
means that the identification of “high risk areas” may reflect the geometry of the units
rather than the underlying thermal conditions. As a result, many SUHI assessments
remain difficult to translate into design relevant insights, particularly when planners and
architects operate at scales that differ from those used in analysis (Keith et al., 2023).

An urban morphological perspective helps addressing these limitations. Specifically,
morphometric and morphogenetic approaches generate spatial modules derived from
the internal structure of the city by capturing configurational characteristics such as
barriers and connectivity elements and linking them to functional and environmental
data (Dibble et al, 2019; Wang et al., 2023; Arribas-Bel & Fleischmann, 2022). By
grounding analysis in morphology rather than administrative boundaries, these
approaches steer EO thermal assessment toward the spatial frameworks that underpin
design practice and territorial governance (Chen etal., 2023).

Surface thermal risk prioritisation, limited to the assessment of EO surface conditions, is
nevertheless multidimensional: hazards, exposure, and vulnerability interact across
variables that differ in scale, behaviour, and epistemic status. Multicriteria Decision-
Making (MCDM) methods provide a structured means of synthesising such
heterogeneous data, producing objective and reproducible rankings (Rahman & Pekkat,
2024). Their flexibility has made them widely used in environmental risk assessment and
climate adaptation planning (Reyes-Norambuena et al., 2024). Nonetheless, MCDM
outcomes remain sensitive to methodological choices as weighting schemes are often
subjective, algorithmic logics can produce divergent results, and the influence of spatial
units on rankings is rarely examined (Qi et al, 2023). These issues are particularly
problematic for site selection, where methodological artefacts can be mistaken for
territorial conditions.

Taken together, and in relation to EO data, these observations reveal three persistent
gaps. First, SUHI assessments often rely on spatial units that do not correspond to how
planners and designers’ structure or transform urban space, limiting the interpretability
of results (Chen et al, 2023; Keith et al., 2023). Second, formal and functional
determinants of heat are frequently analysed separately, preventing a relational
understanding of how surface-thermal hazard and broader heat-risk conditions emerge
from their interaction (Gao et al., 2022; Dibble et al., 2019; Wang et al., 2023). Third,
methodological choices in MCDM workflows, i.e. spatial units, weighting schemes,
algorithmic logics, are rarely subjected to sensitivity analysis, making it difficult to
distinguish robust territorial patterns from artefacts of the analytical process (Rahman &
Pekkat, 2024; Reyes-Norambuena et al,, 2024; Qi et al., 2023).
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This paper responds to these challenges by proposing a framework that repositions EO-
based surface thermal assessment within the relational structure of urban form and
functions. It does so through three aims. The first is to define a method capable of
identifying where areas prioritised in urban planning to contain and mitigate urban heat
emerges by combining morphogenetic spatial modules, objective MCDM weighting, and
spatially lagged clustering. The second is to examine how methodological decisions,
especially the choice of spatial units, shape the identification of priority sites for climate
adaptation interventions. The third is to explore how this spatially aligned data can be
used to characterize and compare different sites by classifying them into homogeneous
clusters. Through these aims, the paper advances a more spatially coherent and
operational understanding of site selection for urban design. Its novelty lies in testing the
combined use of morphogenetic spatial units, MCDM methods, objective weighting
schemes, and sensitivity analysis for EO-based spatial prioritisation, with specific
attention to how spatial representation and methodological choices affect the
identification and characterization of priority sites.

3. Methodology

The methodology to select and characterise urban areas for SUHI mitigation is divided
into six steps (Fig. 1). (1) Data selection, where we select the variables and retrieve the
opensource data to run the analysis. (2) Data modelling, in which we generate the spatial
modules used to model data, and compute SUHI and all other variables. (3) Spatial
association, where spatial data is correlated based on the size and location of each spatial
module. (4) Site selection, in which each module is ranked based on MCDM criteria and
compared through sensitivity analysis. (5) Comparison, to assess the relative differences
between different spatial approaches. (6) Site characterization, by creating homogeneous
clusters of urban areas to assess the comparison within and between cities.

1. Data selection 3. Spatial association 5. Comparison
Climate (SUHI) Build contiguity graph Assess the difference in selection
Demography oS8 P> | Spatially log data__ %‘ B> | by using different combinations
Morphology * 'S f% f"g‘ of spatial modules and MCDM
Land cover R, algorithms.
Land use v v
v 4. Site selection 6. Site characterization
2D el Rank using MCDM Cluster data to find similar
G' atat mo : Ilng do Compare with sensitivity analysis conditions in all case studies
enerate spatial modules

Compute data oo o

>/\>< S ‘%;;\ Y

S e o

Figure 1. Six steps of the methodology.

We test the methodology developed in this study on the two Italian case studies of Genoa
and Turin, chosen for their contrasting morphology and climate. Genoa, a coastal city
enclosed by steep hills, has narrow urban canyons, high humidity, and 559,000 residents
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over 240 km? (average 15 °C). Turin, by contrast, lies on the plain along the River Po, with
a compact urban fabric, 851,000 residents over 130 km? (average of 12 °C). To ensure
comparability and capture representative urban heat conditions, the analysis focuses on
a period with low cloud cover, consistent acquisition times, and shared data layers. An
aerial overview of the two study areas highlights these differences and provides context
for interpreting the results (Fig. 2).

Figure. 2. Aerial view of the case studies: Genoa (left) and Turin (right).

3.1. Data selection

In this study, SUHI derived from EO is used as a surface-thermal hazard indicator within
a broader risk prioritisation framework that combines hazard, exposure, and
vulnerability variables. From the literature, we select a list of variables that are shown to
influence urban inhabitants deriving from different urban dimensions such as weather
and climate, demography, morphology, land cover, and land use. Doing so, we encompass
different dimensions of cities that characterize urban conditions such as SUHI (Pena
Acosta et al., 2023), for a total of 54 variables fully listed in the supplementary materials
(Annex A).

3.2. Data modelling
3.2.1. Generating the spatial modules

We use two spatial modules in the analysis to be able to compare the effectiveness and
weight of each in selecting and characterizing urban areas for SUHI risk. We select
Enclosed Tessellations (ET) as the morphometric spatial module, and Census Blocks (CB)
as a more traditional spatial module.

ET are defined as a set of closed contiguous polygons built from bi-dimensional
morphological features (Fleischmann et al,, 2021). These features are selected from built
environments traits and commonly regarded as physical barriers to humans. Additional
details can be found in the supplementary material (Annex A).

We used CB from the Italian cadastre database from 2011, that are compatible with the
most recent census data from 2021 (ISTAT, 2021).
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3.2.2. Compute SUHI from EO data

SUHI intensity was assessed for Genoa and Turin during the anomalously hot summer of
2022 (NOAA, 2023), using Landsat 8-9 imagery acquired between 1 July and 15 August.
Landsat data were preferred over coarser-resolution missions (e.g., Sentinel-3) because
of their finer spatial resolution and effective revisit time of less than 8 days under clear-
sky conditions, when acquisitions from different orbital paths are considered. The
Landsat Collection 2 Level 2 Surface Temperature product is distributed at 30 m pixel
size, although the TIRS thermal bands have a native Ground Sampling Distance (GSD) of
100 m. This distinction between native sensor sampling and product pixel size is relevant
when interpreting the effective spatial detail of satellite-derived thermal information
(Cenci etal,, 2021). Only daytime acquisitions were used, with local times between
approximately 10:0 and 10:18 UTC (12:05-12:18 CEST), excluding images with high
cloud cover over the study areas. These observations capture surface thermal conditions
at satellite overpass time rather than the full diurnal cycle (which may exclude potential
heat peaks), yet they provide spatially continuous and consistent information on
intra-urban thermal patterns and hotspots. Within this study, they serve as the thermal
component of the assessment and should not be interpreted as representative of overall
urban heat risk, nor proxies of other heat indicators such as near-surface air temperature
or pedestrian-level heat stress, which depend on additional atmospheric and
microclimatic factors (Chakraborty et al., 2022; Briegel et al., 2025).

Data pre-processing involved masking residual clouds, cloud shadows, and poor-quality
pixels using the QA_PIXEL band. Each scene was subsetted to an Area of Interest (AOI),
defined by the municipal boundaries of each city extended with a buffer derived from the
Global Human Settlement - Functional Urban Areas (GHS-FUA) layer (Schiavina et al,,
2023), to include commuting zones. LST values were then converted to Celsius, stacked
for each AOI, and used to compute the pixel-wise 50th percentile (50p), producing a
representative LST map for summer 2022.

SUHI characterization followed the “buffer area around the city” method (Raj & Yun,
2023). In every AO], urban and rural pixels were distinguished using Corine Land Cover
2018 Level 1 classes: “Artificial Surfaces” were classified as urban, while “Agricultural”
and “Forest/seminatural” were considered rural; “Wetlands” and “Water Bodies” were
excluded. To do so, the Corine raster (pixel size: 100 m) was resampled and reprojected
to the Landsat grid. Finally, for every 50p LST map of each city, SUHI intensity was
calculated by subtracting the mean LST value of the AOI rural pixels from every urban
(and non-urban) pixel located inside the municipal boundaries. Pixels outside
administrative boundaries were masked to highlight the urban-rural thermal contrast in
the city area.

3.2.3. Compute all other variables

We developed fully automatic pipelines to download and model all variables but SUHI.
Wind speed data, EO-composite demographic data, elevation data, building height data,
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land covers are loaded as rasters, and zonal statistics is run to extract mean and standard
deviation. Built-up area is analysed with zonal statistics but is averaged from Open Street
Maps (OSM) building data used for ET construction and Urban Atlas (UA) data for
building height. Direct demographic data comes from Italian cadastre and is extracted
from the original CB and resampled. Finally, land use data is expressed in term of
distances. Spatial data is selected from OSM with specific tags, and UA, and distances from
the centroids are defined using a K-Neighbours Tree. Further details are found in the
supplementary data as commented Jupyter notebooks.

3.3. Spatial association

We use spatial association to reinforce the morphological connection of urban data by
introducing mathematical relationships in the dataset referred to the dimensions and
vicinity of all polygons. This step is significant in highlighting differences between
different spatial patterns, confronting both geometric entities and data attributes (Long
& Robertson, 2018). We add spatial weights to each polygon based on contiguity, meaning
the vicinity between each polygon and its neighbours. We calculate the queen contiguity
weight matrix based on the polygons’ centroids. We consider queen contiguity a suitable
spatial weight for our application since the phenomenon is analysed at scales relevant for
urban regulation and building-scale planning.

3.4. Site selection

The site selection process is based on the output of TOPSIS and VIKOR algorithms,
comparing two different algorithms to assess the differences in terms of spatial
prioritisation, i.e. “risk” in the context of the application (Kizielewicz et al., 2023). TOPSIS
ranks alternatives based on their closeness to the ideal solution and distance from the
worst solution. VIKOR instead focuses on identifying a compromise solution that is
closest to the ideal by adhering to acceptable advantage to the optimization stability
conditions. Due to the algorithms’ requirements, weights were determined using
different objective methods in the entropy and the Gini methods. The entropy method
measures the importance of criteria based on their variability or uncertainty in the data,
while the Gini method assesses criteria importance by analysing the inequality or
dispersion of values. The usage of objective weighting criteria lowers the effect of
redundancy in optimization criteria due to collinearity, rescaling the individual weights
for those criteria that are known to be dependent (e.g., Citizen with low or no education
and Citizen with degrees). Redundancy was examined post hoc using Pearson’s p to
understand how dependent variables behaved within the weighted decision matrix. We
use pymcdm implementations of TOPSIS, VIKOR, and the different weights (Kizielewicz
et al., 2023).

We extract from our original variable matrix those variables for which a monotonic
direction of influence over SUHI can be reasonably specified, i.e. that can be assigned a
positive or negative optimization criterion compatibly with the MCDM implementation
(Table 2). TOPSIS and VIKOR require each criterio to be assigned a consistend
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benefit/cost direction in term of linear scoring (coefficients in the range [-1, 1]). We
therefore retain variables for which this assumption can be justified for spatial
prioritisation, while acknowledging that some relationships may remain context-
dependent or non-monotonic (e.g. Building Height can act either as benefit or a cost). The
sensitivy analysis is used to assess the stability of rankings. In terms of internal
consistency, we value retained variables that exhibit coherent behaviour across
weighting schemes and algorithms.

To assess how the different spatial modules fare in identifying risk, we run a sensitivity
analysis based on calculating and comparing the standard deviation of the score
produced by the various methods (Stevi¢ et al,, 2022) and deduce the difference in
rankings based on Kernel Density Distribution by plotting pairwise plots with different
weights. From this, we select the most performing weighting criteria by looking at
stability and overall performance between the cases, ultimately basing the site selection.

Table 2. Subset of variables for MCDM, corresponding to the decision matrix and criterion types,
divided between benefits (exacerbate SUHI risk) and costs (limit SUHI risk).

Optimization criteria Risk components Criterion | Reasoning
type

Mean 50 percentile SUHI | Hazard Benefit The warmer the area,

the higher SUHI (Hou

etal, 2023).
Mean wind speed at Hazard Cost Strong ventilation can
10/50/100/150/200 dissipate surface heat
meters (Hou et al.,, 2023).
Mean vulnerable young | Vulnerability Benefit Presence of vulnerable
citizen (0-5), indirect stakeholders adds to
source the risk (Szagri et al.,
Mean vulnerable elderly | Vulnerability Benefit 2023).
citizen (65+), indirect
source
Mean population Vulnerability Benefit
density, indirect source
Mean vulnerable young | Vulnerability Benefit
citizen (0-5), direct
source
Mean vulnerable elderly | Vulnerability Benefit
citizen (65+), direct
source
Citizen with low or no Vulnerability Benefit Vulnerable citizen that
education may be less receptive
Citizen from Extra EU Vulnerability Benefit to risk mitigation
counties strategies (such as

9



Citizen living alone Vulnerability Benefit public alarms,
emergency drills and
evacuations,
acceptance to
mitigation strategies)
(Szagri et al., 2023).

Citizen with degrees Vulnerability Cost Citizen that may be

Citizen employed Vulnerability Cost more receptive to risk
mitigation strategies
(Szagrietal., 2023).

Mean elevation Exposure Cost High elevation typically
features lesser
temperatures (Hou et
a., 2023).

Mean slope Exposure Cost Rugged terrain

Mean roughness Exposure Cost features can impede

Mean rugosity Exposure Cost ventilation and non-
uniformly exposure to
heat (Hou et al., 2023).

Mean building height Exposure Benefit Often considered as

Average built up ratio Exposure Benefit proxy for SUHI

Mean impervious Exposure Benefit exposure (Chen et al,,

density 2023).

Mean tree cover density | Exposure Cost Green features lower

Mean ratio of Exposure Cost SUHI (Eggermont et al.,

shrublands 2015).

Mean ratio of grasslands | Exposure Cost

Distance from Vulnerability Cost Access points to public

transports and private transport
networks enable more
connectivity and lessen
isolation for
stakeholders (Chen et
al,, 2023).

Distance from public Vulnerability Benefit Risk rises with

services increasing distance to

Distance from Vulnerability Benefit and from public

emergency facilities

services (schools, town
halls) and emergency
facilities (hospitals,
clinics) (Szagri et al.,,
2023).
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Distance from green Vulnerability Benefit Close distance with
amenities parks and urban
greenery lowers SUHI
risk (Chen et al., 2023).
Distance from non- Vulnerability Cost Grey amenities (e.g.,

green amenities shopping malls, luna
parks) are often
impervious surfaces
with high stakeholder
density, thus increasing
SUHI (Chen et al.,
2023).

3.5. Comparison between spatial modules and MCDM algorithms

We compare ET and CB by sampling a random set of 1000 shared points extracted from
the case studies. From this sampled data, we study the difference in score for each MCDM
algorithm and quantify the association. We display the difference through kernel
distribution for each combination to represent the overall behaviour.

Additionally, we assess the stability of results across case studies by comparing ET and
CB preferences for all MCDM algorithm combinations. By plotting algorithm preferences
at each sample location, we can objectively identify which urban areas are more
frequently classified as at-risk by specific methods. This analysis reveals where and to
what extent ET and CB produce similar rankings, offering insights into the consistency of
risk identification. We then run correlation analysis to quantify how each variable
influences risk.

3.6. Site characterization

We characterize urban sites by grouping areas with similar features to find site
conditions that are comparable. We divide risk in equal quartiles, focusing on the highest
and cluster all spatially lagged variables to generate urban typologies

We reduce collinearity and simplify the features to clusters by using Principal Component
Analysis (PCA), setting the number of principal components as the minimum number of
eigenvalues necessary to explain 0.95 of the total variance. Then, we use Hierarchical
Agglomerative Clustering (HAC), fitting the unsupervised model on the PCA reduced
variables. We use sklearn implementation of PCA and HAC (Pedregosa et al., 2011). We
compute HAC within a reasonably large number of classes k in the range of 2-30, selecting
the best k by using the Silhouette Score and visually by plotting a clustergram, showing
the closeness of the PCA weighted mean of the clusters. To study each cluster’s content,
we observe the mean, standard deviation and Pearson’s p for each variable.

4. Results and Discussion

4.1. Site selection outputs
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We extracted all data for Genoa and Turin, producing the ET for both Genoa and Turin,
with 33052 and 20449 polygons respectively of varying sizes. CB in the same cities
amounted to 3680 and 3976.

Spatial weights analysis revealed significant associations between all polygons, forming
the basis for the MCDM steps. MCDM analysis generated site preferences and rankings
for TOPSIS and VIKOR, using entropy and Gini weighting criteria, applied to ET and CB
(Fig. 3). Four main observations emerged, including a sensitivity analysis of MCDM scores
and rankings that informed the weighting criteria, and overall comparisons between
methods. The resulting scores highlight the highest-priority sites for intervention in both
case studies, constituting the site selection for subsequent stages.

Tessellation - TOPSIS Entropy Tessellation - TOPSIS Gini Tessellation - VIKOR Entropy Tessellation - VIKOR Gini

Equal quantiles of
SUHI-related risk

High
Medium-High

Census Blocks - VIKOR Entropy Census Blocks - VIKOR Gini Medium

Medium-Low

Low

Figure 3. Excerpts from Genoa (Cornigliano) site selection process, including all possible
combinations of spatial modules, MCDM, and weights.

4.1.1. Sensitivity analysis on MCDM algorithms and weights

We calculate the difference of the standard deviation of the scores, we note that location,
spatial module, and MCDM algorithm each influences the variation by similar margins
(Table 3). We observe that the similarity between the standard deviation of MCDM
preferences was always above 83%, with the minimum value in Genoa using VIKOR with
CB (83.5%), the highest in Genoa using TOPSIS (99.7%), and the mean above 91% (95.2%
with TOPSIS combinations and 91.1% with VIKOR). TOPSIS favours more similar results
as indicated by the lower standard deviations in all combinations and the higher standard
deviation similarity between the different weights. Individual weighting methodologies
did not unequivocally favour a combination of location, spatial module and algorithm.
Nevertheless, the respective difference between the lowest and second lowest mean
value of standard deviations for TOPSIS (entropy method) and the lowest mean value for
VIKOR (Gini method) is both under 0.02, and we deem it not significant. While the
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sensitivity analysis explains the stability of the approaches, with TOPSIS being generally
more stable in Genoa and VIKOR in Turin, it gives insufficient insights into which
approach is best.

Table 3. Standard deviation of scores (algorithm preferences) for sensitivity analysis, run by
changing the weighting criteria between the different MCDM algorithms, spatial modules, and
locations.

Location, | TOPSIS | TOPSIS | TOPSIS VIKOR VIKOR VIKOR

Spatial scores scores scores std | scores scores scores std
module entropy | Ginistd | similarity | entropy Gini std similarity
std [%] std [%]

Genoa, ET | 0.0488 0.0489 99.7428 0.1287 0.1449 88.8330
Genoa, CB | 0.0563 0.0555 98.6994 0.1076 0.0898 83.4837
Turin, ET | 0.0435 0.0498 87.3403 0.1303 0.1328 98.1205
Turin, CB | 0.0398 0.0419 94.9958 0.0978 0.0921 94.1441
Mean 0.0471 0.0490 95.1946 0.1161 0.1149 91.1453

As a second observation, we analyse the difference in the ranking distributions (Fig. 4).
In all cases, we identify the presence of two mayor poles around the lowest and highest
difference in weighting criteria. These two poles correspond to urban areas that are
ranked very high or very low by both algorithm combinations, meaning that all
combinations rank similarly the best and worst urban areas, albeit with differences. We
noted that the difference when using ET where generally smaller than CB due to the
smaller spread. Notably, ET polygons are more than thrice the number of CB polygons.
Thus, even if the number of features (polygons) are higher, ET shows a lower difference
in ranking by changing algorithms and weighting criteria. Also, in both ET and CB case,
entropy weight reduces ranking differences in confront with VIKOR. Therefore, together
with the previous standard deviations analysis on scores, we selected the entropy
method as our objective MCDM weighting of choice due to its better stability.
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Figure 4. Pairwise plots of rankings for sensitivity analysis for the combined locations (Genoa and
Turin), between the combinations of weighting criteria between the different MCDM algorithms and
spatial modules (ET and CB). A superimposed Kernel Density Estimation of four levels identifies the
poles.

4.1.2. Comparisons between spatial modules and MCDM algorithms

In the comparison with random samples, each optimization algorithm behaved
consistently with both spatial modules (Fig. 5). This result is compatible with the
previous observations. Nevertheless, for both cities VIKOR expressed preference with
higher scores than TOPSIS, with a more defined prevalence for Genoa. Since we observed
that TOPSIS and VIKOR ranked similarly, the difference in preference score is subjective
within each algorithm. Therefore, even if VIKOR generally scored higher than TOPSIS,
VIKOR defined areas are not more subjected to risk than areas defined by TOPSIS. VIKOR
produced higher preference scores than TOPSIS, reflecting its tendency to assign greater
values to sites representing balanced trade-offs among criteria, whereas TOPSIS scores
remained lower when no site met all criteria. This is especially evident from the fact that
in no case TOPSIS score is higher than 0.7, where 1 is the ideal case where all criteria
would be met.
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Figure 5. Kernel distribution for MCDM scores in Genoa (left) and Turin (right). Each combination
of spatial module (ET and CB) and algorithm (TOPSIS and VIKOR) is considered, while highlighting
the maximum and minimum values for consideration.

Finally, we deduce the difference in algorithm preference spatially in urban locations
within the same set of sampled points (Fig. 6). The analysis shows that TOPSIS produces
very small differences within each city, while differences are much more notable with
VIKOR. This means that the score comparison in ET and CB is more similar through
TOPSIS independently from the geometric attributes of each spatial modules, even in
cities with significant morphological differences. VIKOR, instead, denote a higher
dependence from the different geometric attributes of ET and CB, and lesser stability
between the different cities. While this result is consistent with previous observations, it
enables to discuss the usage of TOPSIS and VIKOR in relation to particular urban areas.
Particularly, we noted that VIKOR can be more stable in representing the phenomenon in
Turin, but from difference distribution we observe that the prediction can be inconsistent
in regard to different neighbours.
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4.1.3. Exemplification of the site selection process

We exemplify the site selection process based on the results from the previous analysis,
selecting the combination of ET with TOPSIS and entropy weights and map the scores for
both Genoa (Fig. 7) and Turin (Fig. 8). The effect that each risk component has on the
combined score is visually apparent and can be referred to specific variables by studying
correlation.

Hazard _ H Risk
iy’

o

Exposure

—%. ‘. _'.

Vulnerability 2 >

Figure 7. Spatial prioritisation of SUHI-related hazard, exposure, and vulnerability conditions,
assessment for Genoa, with decomposed maps separately presenting the hazard, exposure, and
vulnerability components obtained with the same combination of ET, TOPSIS, entropy weights.
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Figure 8. Spatial prioritisation of SUHI-related hazard, exposure, and vulnerability conditions,
assessment for Turin, with decomposed maps separately presenting the hazard, exposure, and
vulnerability components obtained with the same combination of ET, TOPSIS, entropy weights.
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We analyse correlation between the composite prioritisation score, its components, and
highly correlated variables using Pearson’s p (Fig. 9). The full correlation analysis is in
the supplementary material (Annex B). The matrices reveal coherent blocks of highly
correlated variables (e.g., slope/roughness/rugosity; tree cover/shrubs; wind-speed
layers; imperviousness/built-up ratio/SUHI). These redundancy patterns indicate that
some dimensions, particularly morphology, vegetation, and built form, may receive
greater implicit representation in the composite index. Although the sensitivity analysis
suggests that the broad spatial prioritisation patterns remain relatively stable, the
influence of correlated criteria should be considered when interpreting individual
variable correlation contribution.

Within the structure of the composite index, exposure shows the strongest association
with the resulting prioritisation score in both Genoa and Turin (p=+0.96). This should not
be interpreted as independent empirical evidence that exposure is the dominant
determinant of real-world heat risk, because the association partly reflects the variables
and weighting structure used to construct the index. Hazard and vulnerability are also
associated with the composite score, while SUHI shows high positive correlations
(p=+0.80 in Genoa and +0.83 in Turin). Morphological characteristics, including
elevation, slope, and terrain roughness, are negatively associated with the prioritisation
score, particularly in Turin, and vegetation coverage shows a similar inverse relationship.
These patterns are consistent with relationships reported for densely built cities (Gao et
al., 2022), but they should be interpreted as characteristics of the prioritisation model
rather than as independently validated causal effects.
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4.1.4. Comparison with existing studies

In Genoa and Turin, our spatial-MCDM framework indicates that SUHI risk is most
pronounced in areas with limited vegetation, dense urbanization, and socio-economic
vulnerability. Nonetheless, computed SUHI risk represents a conceptual form of risk
rather that a true predictor in absence of similar resolution data on city-level health or
damage. Focusing on risk as a spatial prioritization tool, similar patterns have been
reported elsewhere: Morabito et al. (2015) mapped elderly heat risk in Italian cities and
showed that vulnerability factors can outweigh temperature extremes, while Pappalardo
et al. (2023) highlighted how socio-demographic disadvantage shapes risk distribution
in Padua from a climate-justice perspective. In Genoa, Morabito explicitly identified
Cornigliano (an industrial and densely built district with limited green space) as the
highest-risk area, and our analysis confirmed that this neighbourhood remains a critical
hotspot. For Turin, Morabito’s maps pointed to elevated risk in the central urban districts,
where high surface temperatures overlap with a dense elderly population; our results
found similar patterns. Additionally, our sensitivity analysis found that entropy weight
with TOPSIS provided clear discrimination, whereas VIKOR produced more stable
rankings in Turin. These differences echo earlier approaches: Morabito et al. used
statistical downscaling to refine LST estimates, while Pappalardo et al. applied composite
GIS indices to capture equity concerns. Public-health studies further support the need for
validation. For example, Ghirardi et al. (2015) linked heat waves to emergency visits
across age groups, and Cremonini & Georgiadis (2025) stressed elderly vulnerability
under climate change.

Although these comparisons provide only an approximate external reference and cannot
fully validate the framework (especially in relation to compound risk), they help situate
the results within known territorial patterns, as the methodology is intended as a spatial
prioritisation tool rather than a predictor of human impact. Comparisons suggest that our
framework is consistent with existing evidence but would benefit from further testing
against health outcomes and broader adaptation strategies.

Additionally, for practical use by planners, results must be screened against regulations
that may restrict interventions, e.g. conservation policies in historic centres, or physical
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constraints such as street geometry (Privitera & Jelo, 2025). The system allows such
filters to be added either as masking layers or as variables before MCDM ranking.
Operationally, the workflow provides two complementary outputs: a ranked set of spatial
units indicating where intervention may be prioritised, and a multivariate description of
the conditions characterising each priority site. These outputs do not prescribe a design
solution; rather, they provide a spatially explicit basis for subsequent feasibility
screening, intervention selection, and site-specific design analysis.

4.2, Site characterisation

We group data from Genoa and Turin with the highest quartile risk scores set in the site
selection step. PCA reduced the features from 57 to 17 and clustered with HAC by
choosing the best class number k=8 judging from the Silhouette Score (5S5S=0.176) and
visually from the clustergram (Annex C). Clustering separation, even on the best k, is
modest, indicating that the typologies should be interpreted as integrative descriptors
rather than generalised design rules. On one hand, this is expected due to the diversity of
the case studies. On the other hand, the present application is necessarily limited in scope,
and the inclusion of additional cities would help strengthen cluster robustness and
broaden the operational relevance of the typologies.

We extracted each cluster’s content from the spatially lagged variables and analysed them
in the supplementary material (Annex D). The resulting cluster represent distinct
typologies of high-risk urban areas, each defined by a unique combination of climate,
demography, morphology, land cover, and land use characteristic. We obtained six
clusters in Genoa (Fig. 10) and three in Turin (Fig. 11).

Clusters in Genoa
Cluster 1 (45.0%)
Cluster 2 (24.8%)
Cluster 3 (1.6%)
Cluster 5 (11.5%)
Cluster 7 (14.1%)
Cluster 8 (3.0%)

Figure 10. Site characterization by clustering the highest quartile of areas under SUHI risk in Genoa,
grouping areas with similar profiles in terms of climate, demography, morphology, land cover, and
land use. Percentages show the occurrences of each cluster in Genoa.
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Clusters in Turin
Cluster 3 (7.9%)
Cluster 4 (61.5%)
Cluster 6 (30.5%)

Figure 11. Site characterization by clustering the highest quartile of areas under SUHI risk in Turin,
grouping areas with similar profiles in terms of climate, demography, morphology, land cover, and
land use. Percentages show the occurrences of each cluster in Turin.

From this we can derive some findings on the characterization of each cities’ most risk-
prone areas. The first finding regards the overall relative characteristics of each city.
Turin is simpler with only three different clusters of risk-areas, while Genoa is more
complex having six clusters. Additionally, both cities present a non-uniform subdivision
of areas between the different clusters, meaning that some urban typologies under high-
risk already hold a predominant presence in the city (Cluster 1, 45.0% in Genoa; Cluster
4, 61.5% in Turin).

Secondly, the between-cities comparison is greatly limited, being characterised by a sole
cluster found in both cities (Cluster 3, 1.6% of Genoa and 7.9% of Turin, in total 4% of all
data). This result, while expected due to the differing morphology between Genoa and
Turin, nevertheless highlights some areas that share similar features. Specifically, these
are characterized by high variability due to SUHI, demography, imperviousness, and land
use, while having low variability in building height. Generally, these areas are found away
from the city centres, along the seaside in Genoa and in peri-urban areas in Turin.

Site characterization complements the selection by linking heat prioritisation to urban
typologies, enabling immediate description of local conditions and their relation to
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surrounding areas. This supports multi-scalar approaches for planning and forecasting
Nature-Based-Solutions (NBS) performance, which depends heavily on accurate site
conditions (UNDRR & UNU-EHS, 2023). For example, urban canyons, defined as the
cross-section of two buildings and the street between and commonly used in urban
design for thermal regulation (Mosca et al., 2024), can be retrieved from ET modules and
connectivity graphs, allowing detailed analysis of canyon morphology within the same
framework.

5. Conclusions

This study developed a spatial method that weighs different form-based modules to
support EO-based heat adaptation planning through site selection and site
characterisation. The approach aligns spatial prioritisation with how planners and
architects read urban space, linking surface heat to familiar urban forms and functions.

Across Genoa and Turin, vegetation cover, built-up density, and demographic indicators
emerged as the most influential drivers of SUHI and associated heat-risk conditions.
Comparing spatial modules, MCDM algorithms, and weighting criteria showed that
different configurations lead to different planning insights. Enclosed Tessellation
combined with TOPSIS produced the clearest and most stable site-selection results, while
the framework remains flexible enough to adapt to different planning objectives.

Clustering supports planning by characterizing urban sites, distinguishing local urban
forms and functional conditions with similar patterns. This approach revealed
descriptive clusters of high-priority areas high-risk clusters within each city, allowing for
comparisons across recurring combinations of urban characteristics rather than isolated
locations. The limited number of case studies ultimately limits the generalisation of the
found typologies, and a higher city count could improve on the robustness of typology
workflow.

The workflow is automated and reproducible, and can handle heterogeneous datasets,
but its scope is constrained by several factors. The primary limitation of the study is the
low number of case studies, selected in part to simplify LST image acquisition and
processing. While sufficient to test the framework, this limits generalisation: the “best
performing” combination of spatial modules and MCDM algorithms may differ in other
urban contexts. Although TOPSIS appeared more stable than VIKOR in our setting, wider
application is needed to confirm this, and additional site-characterisation clusters are
likely to emerge as more cities are included. Further research will focus on expanding the
case studies to different cities, exploring how similar spatial sensitivity behaves in
different urban contexts. Additionally, application of both site selection and
characterization methods will be applied to street-level applications, such as in
supporting the locating and designing of climate-adaptation interventions. Finally, we
envision that morphological approaches that focuses on form and function could be
similarly constructed by using different dataset on hazard (such as air temperature, but
also related to different hazards such as flooding or biodiversity loss), expanding on the
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correlation between risk assessment and the MAUP problem that strongly influence how
designers and urban planners transform and adapt cities.
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