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Highlights

What are the main findings?

e  Socially disadvantaged neighbourhoods in Seville experience average daytime Land
Surface Temperatures (LSTs) up to 2.55 °C higher than affluent areas during typical
summer conditions and up to 5.63 °C higher during heatwaves.

e Heat Boundaries: areas characterized by elevated temperatures associated with indus-
trial zones, transportation hubs, and barren lands, comprise approximately 17% of
Seville’s total area and disproportionately impact vulnerable communities.

e Nighttime LSTs remain elevated in dense, segregated inner-city zones, exposing
residents to prolonged thermal stress.

What is the implication of the main finding?

e  Urban planning must prioritize heat mitigation in vulnerable neighbourhoods to
address environmental injustice and urban heat consequences.

e  Delineating Heat Boundaries (HBs) in the city aids targeted urban heat mitigation in
extreme conditions.

Abstract

This study investigates urban heat vulnerabilities in Seville, Spain, using a multidimen-
sional framework that integrates remote sensing, Space Syntax, and social vulnerability
metrics. This research identifies Heat Boundaries (HBs), which are critical urban entities
with elevated Land Surface Temperatures (LSTs) that act as barriers to adjacent vulnera-
ble neighbourhoods, disrupting both physical and social continuity and environmental
equity, and examines their relationship with the urban syntax and social vulnerability.
The analysis spans two temporal scenarios: a Category 3 heatwave on 26 June 2023 and a
normal summer day on 14 July 2024, incorporating both daytime and nighttime satellite-
derived LST data (Landsat 9 and ECOSTRESS). The results reveal pronounced spatial
disparities in thermal exposure. During the heatwave, peripheral zones recorded extreme
LSTs exceeding 53 °C, while river-adjacent neighbourhoods recorded up to 7.28 °C less
LST averages. In the non-heatwave scenario, LSTs for advantaged neighbourhoods close
to the Guadalquivir River were 2.55 °C lower than vulnerable high-density zones and
3.77 °C lower than the peripheries. Nocturnal patterns showed a reversal, with central
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high-density districts retaining more heat than the peripheries. Correlation analyses in-
dicate strong associations between LST and built-up intensity (NDBI) and a significant
inverse correlation with vegetation cover (NDVI). Syntactic indicators revealed that higher
Mean Depth values—indicative of spatial segregation—correspond with elevated thermal
stress, particularly during nighttime and heatwave scenarios. HBs occupy 17% of the
city, predominantly composed of barren land (42%), industrial zones (30%), and trans-
portation infrastructure (28%), and often border areas with high social vulnerability. This
study underscores the critical role of spatial configuration in shaping heat exposure and
advocates for targeted climate adaptation measures, such as HB rehabilitation, greening
interventions, and Connectivity-based design. It also presents preliminary insights for
future deep learning applications to automate HB detection and support predictive urban
heat resilience planning.

Keywords: urban heat islands; heat boundary; remote sensing; urban heat vulnerability;
deep learning; GIS; space syntax

1. Introduction

Urban Heat Islands (UHIs) have emerged as a critical environmental challenge in
rapidly urbanising cities worldwide, with profound implications for both human well-being
and environmental sustainability [1]. The UHI phenomenon encompasses two distinct
types: Surface Urban Heat Island (SUHI) and Canopy Urban Heat Island (CUHI). SUHI
refers to the temperature differences at the land surface level, while CUHI pertains to air
temperature variations within the canopy layer of urban environments [2,3]. Understand-
ing these differences is crucial for effective urban heat mitigation strategies. Characterized
by elevated temperatures in urban areas compared to their rural surroundings [4], UHIs
exacerbate energy consumption [5], deteriorate air quality [6], and increase heat-related
health risks [7]. These effects are further compounded by social inequalities, as marginalised
communities often reside in areas disproportionately exposed to extreme heat while lacking
access to cooling resources, such as green spaces and water bodies [8,9], or housing that
lacks adequate retrofitting [10]. This intersection of urban heat and socio-spatial inequity
underscores the urgent need for innovative approaches to urban planning that address
both environmental and social dimensions of vulnerability. Land Surface Temperature
(LST), a primary indicator of SUHISs [11], is influenced by factors such as rising popula-
tion density, rapid urbanisation and Land Use changes [12,13], the distribution of green
spaces [14,15], spatial configuration [16-18], Local Climate Zones (LCZs) [19,20], and urban
typo-morphology [21].

In response to these challenges, urban data science has become a cornerstone of
modern urban planning, empowering planners to make informed, data-driven decisions
that enhance the efficiency, sustainability, and liveability of cities [22]. By integrating diverse
datasets—such as remote sensing, spatial analytics, and social vulnerability metrics—urban
analytics provides a deeper understanding of complex urban dynamics and enables the
development of adaptive solutions to pressing challenges, like climate change and social
inequities [23,24].

The spatial configuration of cities plays a pivotal role in shaping both environmental
conditions and social outcomes [25,26]. Urban design also shapes social interactions, pat-
terns of movement [27], and access to resources and green areas [28], ultimately influencing
social segregation and environmental equity. Vulnerable populations, often concentrated in
areas with limited greenery and high impervious surfaces, bear the brunt of environmental
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hazards, creating a cycle of environmental injustice [8,9]. Assessing urban heat vulnerability
remains a complex challenge, requiring multidimensional analyses that integrate social,
economic, environmental, and political factors [29-31].

Building on these insights, this study leverages Space Syntax—a theoretical framework
developed by Bill Hillier and colleagues at University College London (UCL)—to exam-
ine how spatial configurations influence accessibility, social cohesion, and resilience [32].
Hillier’s analytical approach complements broader discussions on urban vulnerability, such
as Richard Sennett’s concept of “Liminal Space,” which emphasizes the role of adaptable
urban areas in fostering social interaction and mitigating spatial segregation [33]. Sennett’s
work highlights how rigid boundaries, and exclusionary urban structures can reinforce
vulnerability in “Closed City” systems, while Hillier’s focus on Connectivity and Integra-
tion offers a quantitative lens for understanding how spatial layouts shape resilience and
adaptability [34-36].

This research introduces the new concept of Heat Boundaries (HBs)—pathological
urban entities, characterised by elevated Land Surface Temperatures (LSTs)—that act as
barriers to adjacent vulnerable neighbourhoods, disrupting both physical and social conti-
nuity and environmental equity. HBs often arise from specific Land Use and Land Cover
(LULC) patterns, such as industrial zones with low-albedo surfaces, major highways and
transport hubs fragmenting neighbourhoods, or barren lands; these areas typically include
vacant lots, exposed soil, construction zones, or degraded urban peripheries, with thermally
resistant surfaces [37]. These environmental barriers reinforce socio-environmental segrega-
tion, exacerbating disparities in urban heat and access to cooling resources. HBs as spatial
barriers of urban inequality linking environmental exposure with social disadvantage and
morphological disconnection builds upon the theoretical framework and spatial theories of
Hillier’s Space Syntax, which articulates how urban Connectivity and Integration influence
accessibility, social cohesion, and spatial segregation [32]. The concept is also informed
by Richard Sennett’s notions of social marginalisation, which is often reinforced by rigid
spatial boundaries, and where “liminal spaces” in open city systems act as social hubs that
bring people together [33]. By aligning these urban social theories with empirical remote
sensing and census data, this study contributes to a growing body of scholarship at the
intersection of urban morphology, climate adaptation, and environmental justice.

This study focuses on Seville, Spain, a Mediterranean city vulnerable to extreme heat
due to its compact urban fabric, expanding peripheries, and pronounced socio-economic
inequalities. By identifying and classifying HBs, this research provides policymakers and
planners with actionable insights for targeted heat mitigation, adaptive urban design, and
climate-resilient infrastructure planning. This research employs a multidimensional analyt-
ical framework that integrates Space Syntax metrics, GIS, and remote sensing techniques.
It incorporates two distinct heat scenarios, a heatwave (26 June 2023) and a non-heatwave
normal summer day (7 July 2024), to capture temporal variations in heat exposure. Ad-
ditionally, the analysis spans both macro-urban and micro-urban scales: the macro-scale
reveals broader spatial patterns of urban heat, while the micro-scale investigates street-
level dynamics and spatial configuration, emphasizing how built form and street network
structure shape localised heat phenomena. This integrated approach addresses the key
research gaps in urban heat vulnerability and supports evidence-based planning in hot
climate regions.

This research also seeks to anticipate the integration of deep learning within its con-
ceptual framework, emphasising its relevance in handling complex, multidimensional
datasets. The application of deep learning in studies that incorporate diverse spatial and
socio-environmental variables is gaining significant traction [38,39]. Within this context,
deep learning offers promising capabilities for automating feature extraction, identifying
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heat-vulnerable urban typologies, and detecting Heat Boundaries (HBs) at scale. Future
research could build upon this study’s hypotheses by training advanced models, such
as Convolutional Neural Networks (CNNs) and semantic segmentation algorithms, to
classify urban Land Use patterns, delineate persistent thermal hotspots, and establish
connections between spatial configuration (e.g., derived from Space Syntax) and envi-
ronmental inequities. The intersection of environmental challenges, social vulnerability,
and technological innovation represents a critical frontier for impactful, interdisciplinary
urban research.

2. Materials and Methods

This study employed a multidimensional, multi-scalar analytical approach to assess
urban heat vulnerability in Seville, Spain. It integrated remote sensing, spatial configuration
analysis via Space Syntax, and socio-demographic vulnerability mapping using GIS-based
methods. This methodology operates across both macro-urban and micro-urban scales and
spans two distinct summer periods: a heatwave event (26 June 2023) and a non-heatwave
summer day (14 July 2024). This comparative temporal framework enables the analysis of
both chronic and acute urban heat conditions (Figure 1).

1. Data Collection

Socio-demographic

R te Sensing Dat:
emotesensing Lata & Vulnerability Data

Two scenarios

Spatial Configuration Data|

I —
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Figure 1. Methodology workflow.

The first phase of the methodology involved mapping Seville’s urban thermal envi-
ronment using satellite-derived LST, Normalised Difference Vegetation Index (NDVI), and
Normalised Difference Built-Up Index (NDBI). These datasets were sourced from Landsat
9 imagery provided by the United States Geological Survey (USGS) [40]. They served as
key indicators of diurnal surface heat distribution, vegetation cover, and built-up intensity
across the city.
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In parallel, a social vulnerability layer was constructed using census data; this layer
included socio-economic and demographic attributes, such as income level, housing condi-
tion, and population density.

To facilitate integration, all raster and vector datasets were brought into a GIS environ-
ment (QGIS); where a centroid-based overlay method was applied. Each urban polygon
(e.g., neighbourhood or census block) was assigned thermal and socio-demographic at-
tributes based on the spatial coincidence of centroid points with raster layers (LST, NDVI,
NDBI). The choice of Centroids was in favour of random points as it followed a point grid
system of 30 X 30 m that ensured covering parts of the neighbourhood and districts” poly-
gons evenly. The Space Syntax analysis was conducted using all-line axial maps generated
with Graph Analysis in DepthmapX software. This spatial configuration analysis using
Space Syntax focused on three core syntactic parameters: Connectivity (the number of
direct links a street segment has with others), Global Integration (a measure of a segment’s
accessibility within the entire street network), and Mean Depth (the average number of
steps required to reach all other segments, indicating spatial segregation). Both raster
data from remote sensing, socio-demographic data, and vector data from Space Syntax
analysis were modelled using QGIS. The main challenge lay in integrating vector data,
such as axial line maps and the geometric attributes of polygons and lines, with raster data
derived from satellite imagery, alongside statistical indicators, such as vulnerability levels
and population density. This was addressed in QGIS using Centroids. A centroid grid
was a point layer, Figure 2, generated within QGIS, representing the raster and vector data
contained within each polygon [41]. The benefit of using Centroids ensures a systematic
and reproducible linkage between vector-based data and raster-based data, and reduces
potential bias in the data association process, especially in heterogeneous urban areas.

VECTOR DATA
Lines and Polygons

+ |:| Q0000

0000
RASTER DATA 00000
Images Q0000
CENTROIDS
+ Layer in QGIS
CENSUS DATA
Numbers

Figure 2. Data Centroids layer in QGIS.

The methodology consists of two sequential analytical phases. In the first stage, macro-
urban scale analysis facilitates the identification of Areas of Interest (AOIs)—specific zones
where elevated surface temperatures coincide with high social vulnerability indices. During
the second phase, selected AOIs undergo detailed spatial configuration analysis, wherein
two contrasting zones are examined at the micro-scale:

e  Zone M: A district with high vulnerability and dense built-up morphology, and highest
population density in Seville.
e  Zone W: A river-adjacent zone characterised by traditional urban form.

2.1. Heat Boundary Classification

Following spatial and attribute integration, the methodology includes the classification
of Heat Boundaries (HBs). These are defined as urban locations where elevated LST entities
act as barriers to adjacent areas of high socio-spatial vulnerability. HB classification is
guided by Land Use and Land Cover (LULC) patterns. The classification process enables
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the delineation of spatially explicit units of urban heat hotspots that can inform future
planning and mitigation efforts.

To make decisions for mitigation and recommendations for policymakers, and to
evaluate the interrelationships among environmental, morphological, and social variables,
a statistical analysis was performed. Both Pearson’s correlation coefficient (r) and Spear-
man’s rank correlation coefficient (p) were calculated. The correlation analysis focuses
on assessing:

e Relationships between LST and vegetation cover (NDVI).

e Influence of built-up intensity (NDBI) on surface temperatures.

e  Potential associations between spatial configuration parameters (Connectivity, Inte-
gration, Mean Depth) and thermal conditions.

e Interaction between social vulnerability levels and environmental heat indicators.

2.2. Datasets and Variables

Remote sensing data for both scenarios were acquired from the USGS, and Nasa’s
ECOSTRESS through the Application for Extracting and Exploring Analysis Ready Sam-
ples (AppEEARS) platform [42]. While spatial configuration analyses were conducted
using Space Syntax through graph analysis in DepthMapX software. Additional datasets,
including demographic and Land Use data, were sourced from the Spanish National In-
stitute of Statistics (INE) [43], Ministry of Housing and Urban Agenda “Ministerio de la
Vivienda y Agenda Urbana” (MIVAU) [44], and the Municipality of Seville “Ayuntamiento
de Sevilla” [45].

To analyse spatial configuration and variations in street networks at the micro-urban
level, Space Syntax indices were employed. These parameters provide quantitative insights
into the degree of spatial segregation and integration within each studied urban area,
offering a syntactic approach to understanding urban morphology and its effect on urban

heat vulnerabilities (Table 1).

Table 1. Datasets and variables.

Datasets and .. Scale Applied
Variables Description Date Source Tool in Study
Remote Sensing Data
Raster layers indicating daytime urban
heat data generated using bands 10 and 11 26 June 2023, Landsat 9 [40]
LSt Raster layers indicating nighttime urban 14 July 2024 ECOSTRESS [42] QGIS Macro-urban
heat data
Raster layers data indicating vegetation 26 June 2023, :
NDVI generated using bands 4 and 5 14 July 2024 Landsat 9 [40] QGIS Macro-urban
Raster layers data indicating built area 26 June 2023,
NDBI generated using bands 5 and 6 14 July 2024 Landsat 9 [40] QGIS Macro-urban
Socio-Demographical Data
Population density =~ Population density people/sq.km 2023 Municipality of Seville [45] Macro-urban
Vulnerable neighbourhoods based on 2011 Ministry of Housing and
Vulnerability socioeconomic data 2018 Urban Agenda [44] Macro-urban
Disadvantaged areas Municipality of Seville [45]
Spatial Configuration Data
. Measures the number of spaces :
Connectivity immediately connecting a space of origin 2025 Space Syntax theory [36] DepthmapX  Micro-urban
Refers to the degree of spatial aggregation
or dispersion between a space and other
Integration spaces in the system. The higher the value, 2025 Space Syntax theory [36] DepthmapX  Micro-urban
the higher the accessibility and
commonality of the space
Refers to the shortest topological distance
Mean Depth of the space from all other spaces; the 2025 Space Syntax theory [36] DepthmapX  Micro-urban

lower the value, the more convenient the
space is.
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2.3. Study Area

Seville, the capital of Andalusia in southern Spain, is situated at latitude 37°23'10” N
and longitude 5°59'33"” W [46] (Figure 3). Its geographical position and topography make
it highly susceptible to extreme heat events and the UHISs effect.

_10001011 ' 00I0l|

_600|0n

400010u

37°210"

Figure 3. (a) Location of Seville in Andalusia in Spain; (b) Map of Seville with districts.

Climate projections indicate that by 2100, temperatures in Seville could rise by approx-
imately 6 °C [46].

Urbanisation in Seville in the last century has shifted population density from the
historical city centre to the peripheries and outer neighbourhoods far from the Guadalquivir
River. This has resulted in many environmental and social issues and changes in urban heat
distribution. A study by Halder et al. [47] reviewed the temporal effects of land alteration
on the UHI effect in the city of Seville and found that many changes due to urban expansion
and anthropogenic activities have increased LSTs considerably between the years 1991 and
2021; thermal variation increased from (2.21 °C) in 1991 to (3.42 °C) in 2021.

The city’s dense urban development is a result of urbanisation surges, especially
the ones that happened between the years 1961 and 1965, which witnessed a population
increase of 106,245 people. Consequently, the traditional working-class communities in the
old quarter and historic districts, such as Triana, faced displacement due to speculative
pressures from the real estate market, relocating to the emerging suburban neighbourhoods
on the outskirts and peripheries [48]. Later displacements happened due to gentrification
and a decline in the population in the historical areas of Seville caused by over-tourism
from the 1990s onward [49]. The extensive unsustainable urbanisation in many areas has
caused the intensification of buildings and neighbourhoods, adding more concrete and
asphalt, and aggravating the heat problem. Jadraque Gago et al., 2020 [50], reported that
the urban areas increased by 37.87% in 2017, compared to the year 1987.

2.3.1. Remote Sensing Data

Understanding the impact of urban dynamics is crucial, and Geographic Information
Systems (GISs) tools have become indispensable for urban analytics [51-55].

In recent years, the research has increasingly utilized indices like LST, NDVI, and
NDBI. NDVI measures the density of healthy vegetation and helps monitor urban green
spaces [56]. It can be used to assess Urban Heat Islands, air quality, and overall urban green
infrastructure. NDBI helps detect built-up areas and urban expansion, which is crucial for
urban planning and management [57].
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The diurnal remote sensing analysis in this study utilizes satellite imagery from
Landsat 9, acquired for two distinct temporal scenarios. The first scenario corresponds to
the heatwave event on June 26, 2023, and the second to a non-heatwave typical summer
day on July 14, 2024, both captured around 11:00 AM GMT.

On the first scenario, the heatwave of 26 June 2023, Seville experienced extreme heat
as part of a major heatwave officially named “Yago Sevilla”, under the world’s first system
which classifies, and names heatwaves based on health risk and severity [58]. According to
AEMET’s municipal-level forecasts [59], the maximum temperature on that day reached
approximately 42.00 °C and an average temperature of 32.50 °C, marking one of the peak
days of this Category 3 event, the highest level of alert. This made “Yago” the second
officially named heatwave in the world, following “Zoe” in 2022, and reflected the growing
recognition of heatwaves as critical climate and public health emergencies.

The second scenario corresponds to imagery from Landsat overpass on Seville on
14 July of the year 2024, which was a normal summer day of the same two weeks period
between end of June and mid-July. According to AEMET records, the day of 14 July 2024
exhibited normal average temperatures of about 26.00 °C [60].

For diurnal LST, data were acquired using the Thermal Infrared Sensor (TIRS)—
specifically bands 10 and 11—and the Operational Land Imager (OLI) using bands 4 and 5.
For LST calculations, thermal bands 10 and 11 were used exclusively, while OLI bands were
utilised to compute NDVI and NDBI. The inclusion of both temporal scenarios’ diurnal
and nocturnal data allows for a comparative assessment of surface temperature conditions
under extreme and normal summer scenarios. Both images used in the NDVI analysis were
captured during the peak of the dry summer season in Seville, where vegetation activity is
typically minimal and stable due to prolonged water stress. Meteorological records confirm
similar conditions preceding both image dates, reducing the likelihood of significant phe-
nological variation. NDVI values are thus used to support spatial comparison of vegetation
presence across neighbourhoods, rather than to measure seasonal change.

Nocturnal LST data were acquired from the ECOSTRESS sensor using NASA’s
AppEEARS platform. Level 2 Land Surface Temperature and Emissivity product
(ECO_L2T_LSTE) was selected, and the relevant data layers were requested for each
date. To ensure data reliability, only high-quality pixels were retained by applying QC
filtering, and LST values were converted from Kelvin to Celsius for interpretability. The
platform’s metadata allowed for a confirmation of nighttime acquisition windows, ensur-
ing the images corresponded to post-sunset surface conditions. The resulting data were
exported in GeoTIFF format and further processed in QGIS software to extract and compare
spatial temperature distributions across different neighbourhoods.

To calculate NDVI, Figure 4c,d, band 5, the Near-Infrared (NIR) and band 4 (Red)
from Landsat 9 imagery were utilized. The computation was performed in QGIS using the
Raster Calculator, applying Equation (1) [61].

NDVI = (Band 5 — Band 4)/(Band 5 + Band 4) (1)

For NDBI, Figure 4e,f, band 6, the Shortwave Infrared (SWIR 1) and band 5, the Near-
Infrared (NIR), from Landsat 9 imagery were utilized. The computation was conducted in
QGIS using the Raster Calculator, applying Equation (2) [62].

NDBI = (Band 6 — Band 5)/(Band 6 + Band 5) (2)
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Figure 4. Remote sensing data for Seville during two scenarios: heatwave scenario on 26 June 2023
and non-heatwave scenario on 14 July 2024, 11:00 AM GMT, daytime LST 2023 (a); Daytime LST 2024
(b) NDVI 2023 (c); NDVI 2024 (d); NDBI 2023 (e); NDBI 2024 (f).

2.3.2. Socio-Demographic and Social Vulnerability Data

Seville covers an area of 141 square kilometres and is divided into 11 main districts,
with a population exceeding 700,000 residents [45]. Urban density varies significantly across
the city’s neighbourhoods, as shown in Figure 5a, with the highest population densities
found in districts surrounding the historic centre, known as the Casco Antiguo [45]. Among
these, the districts of San Pablo-Santa Justa, Cerro-Amate, Nervion, and Macarena exhibit
the greatest population concentrations.
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(b) (c)

Figure 5. (a) Population density by district in Seville for 2023 (people/sq.km) [45]; (b) Vulnerable
neighbourhoods in Seville in 2011 [44]; (c) Neighbourhoods with disadvantaged areas
(2018-2022) [63].

Vulnerability mapping in Seville is referenced using governmental census and vulner-
ability catalogues, which are the main components of the Urban Vulnerability Observatory
of the Ministry of Housing and Urban Agenda “Viviendas and Agenda Urbana” [44]. These
Catalogues of Vulnerable Neighbourhoods (VNs) in Spain in 1991, 2001, and 2011 examine
urban vulnerability in Spanish cities with more than 50,000 inhabitants and provincial capi-
tals. Different criteria were taken into consideration to map vulnerable neighbourhoods,
like percentage of old people, children, employment rates, single parents, literacy, and
dwelling attributes, etc.

These catalogues classify Seville’s neighbourhoods into four vulnerability levels—
providing them a social vulnerability index (SVI) of four levels: Critical (4), Severe (3),
Medium (2), and Low (1)—based on the data from 2011 (Figure 5b). This classification
serves as a vulnerability weighting factor, which is later used in statistical correlations with
other numerical variables.

Another essential data source for understanding urban vulnerability is the Local Plan
for the Intervention in Disadvantaged Areas of Seville (2018-2022), published by the Seville
City Council in 2018 [63]. This plan identifies disadvantaged neighbourhoods, defined by
high unemployment rates and a concentration of socio-economic risk factors. In addition.
Overlaying all these social census layers in QGIS into a single composite map is essential
for identifying patterns of urban vulnerability in relation to urban heat. This integrative
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mapping process also helps guide the selection of specific Areas of Interest (AQIs) [64]
for further in-depth analysis. For micro-scale mapping, the combined layers of LST and
social vulnerability were further examined to identify Land Uses and neighbourhood
boundaries, as illustrated in Figure 6. The process employed layers multiple social census
datasets—including population density, vulnerability levels (2011), disadvantaged areas
(2018), and (LST) maps from June 26, 2023 and July 14, 2024—to delineate the final focused
micro-urban study areas. This spatial analysis highlights four key zones where social
vulnerability overlaps with elevated LST values: the central middle Zone (M), eastern Zone
(E), southern Zone (S), and northern Zone (N). In contrast, the western area, Zone (W),
located along the Guadalquivir River, exhibits cooler urban temperatures and no significant
signs of social vulnerability.

%
Vulnerability Zones ‘ |
WiddleArea(
* NorthArea(N)
* EastArea (E) T
« SouthArea(S) = ©.
No Vulnerability =~
e WestArea (W)

LST (C)

l 58.78

&*

Figure 6. Combined map of macro-urban layers, including LST, population density, vulnerability
maps, and delineation of abstract locations of micro-urban Areas of Interest (AOIs).

2.3.3. Spatial Configuration Using Space Syntax

The spatial analysis began with the identification and selection of two distinct AOISs,
a process informed by the data layering process presented in Figure 6. This process
identified zones that combine varying levels of heat exposure and social vulnerability. Based
on this analysis, two distinct focused AOIs were selected, each covering approximately
7.25 km?. The first Area of Interest (AOI), Figure 7, referred to as “Zone M”, includes the
neighbourhoods of Los Pajaros (M1), San Pablo A + B (M2), San Pablo C (M3), and San
Pablo D + E (M4). This zone is characterized by both high social vulnerability and elevated
surface temperatures. Notably, Los Pajaros (M1) ranks among the most disadvantaged
neighbourhoods in Spain, according to the Spanish National Institute of Statistics [43].

The second AOI, “Zone W”, Figure 7, represents a more affluent and low-vulnerability
area, with minimal social risk factors and generally better environmental conditions. Its
proximity to the Guadalquivir River contributes to a noticeable cooling effect.

Both neighbourhoods share high population densities, with contrasting urban fabric
characteristics. While Zone M is considered a low-income area, Zone W is more affluent in
terms of social and economic value. For each AQ]I, the analysis focuses on Connectivity,
Integration, and Mean Depth, specifically along the main streets in each neighbourhood; the
main streets are usually the street with highest Connectivity levels measured by Space Syn-
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tax. The objective is to detect potential patterns of spatial segregation (lower Connectivity,
less Integration, and higher Mean Depth) and hence added urban vulnerability.

Figure 7. Micro-urban Areas of Interest (AOIs): M and W; about 7.5 sq.km each.

3. Results
3.1. Macro-Urban Data Results

Macro-urban data analysis results represent two contrasting climatic conditions—a
heatwave event in June 2023, Table 2, and a normal summer day in July 2024, Table 3. The
results reflect the spatial-temporal variability in LST, NDVI, and NDBI across different
urban zones (M, N, S, E, W, peripheries), offering insights into how urban morphology
and social vulnerability intersect with urban heat vulnerability at the neighbourhood level
during two heatwave diurnal scenarios. ANOVA testing revealed a statistically significant
difference in mean Land Surface Temperature (LST) among urban zones in Seville during
both scenarios. The F-ratio is 45.98 and the p-value is less than 0.00001, indicating that
the result is significant at the p < 0.05 level. This suggests that the variation in LSTs
across different neighbourhoods and zones reflects real differences in thermal conditions
throughout the city.

Table 2. Remote sensing diurnal data for neighbourhoods in AOIs in Seville for 26 June 2023 during
a heatwave scenario.

2
. Z_
S s>
£ gL
= LST (°C) NDVI NDBI =5
Ref e § o
< =
5 5 =
-a (@)
Z R
Mean Max Min Mean Max Min Mean Max Min
Zone M

M1 Los Pajaros
M2 San Pablo A +B
M3  San Pablo C

4246 43.66 4043 0.12 0.31 0.05 0.00 0.12 0.19 4
4197 4327 4095 0.14 0.24 0.05 -0.02 0.08 -0.12 2
43.64 4624 40.10 0.14 0.51 003 —-003 019 -031 2
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Table 2. Cont.

2
° 5
£ B
5 LST (°C) NDVI NDBI <z
Ref g § o
= = 5
5D =
‘2 9]
: $
Mean Max Min Mean Max Min Mean Max Min
M4  SanPabloD +E 4161 4413 4039 014 029 006 —003 012 018 2
M5  Amate 4275 4380 4112 013 032 004 000 011 016 3
M6  Santa Aurelia 4179 4716 3759 019 046 002 005 011 —025 2
Zone N
N1  Poligono Norte 4157 4337 4058 015 028 005 —003 007 -016 2
N2 San Jeronimo 4244 4405 4085 013 035 004 000 011 —021 2
N3 ElRocio 4208 4266 4161 013 024 006 —001 005 —009 1
N4  Begona Santa Catalina 4215 4337 4110 012 037 006 002 013 —023 2
N5  PIOXII 4228 4316 4152 011 017 006 002 011 017 2
Zone S
S1  Poligono Sur 4297 5121 3669 017 041 —001 —001 014 —027 3
sy ~ Lasletanias-Paz 4292 5399 3015 016 061 020 —0.01 037 —043 4
y Amistad
S3  ElCerro 4305 4841 4109 012 036 003 002 011 —020 2
54 ~ Tlirode 4200 4383 4068 011 027 001 001 008 —013 1
Linea-Santa Genoveva
Zone E
El  Rochelambert 4242 4336 4145 012 030 002 000 015 016 2
E2  Palmete 4460 4876 4038 011 027 001 001 008 —013 2
g3 LarqueAlcosa—Jardines 4y 70 4574 4057 015 043 003 001 014 026 2
del Eden
E4 LaPlata 4286 4397 4111 011 032 001 002 017 018 3
E5  Juan XXIII 4221 4520 4094 013 031 002 001 014 016 1
Zone W
W1  San Lorenzo 3931 4269 3116 010 039 —007 —001 010 -026 0
W2  San Vicente 3595 3892 29.66 010 044 —015 —001 —028 011 0
W3 Museo 3652 4022 3049 009 043 012 —002 —023 012 0
W4 Arenal 3641 4026 3108 008 039 —013 001 —023 018 0
W5  Santa Cruz 3550 3844 3075 015 046 014 —005 —032 012 0
Peripheries
Pl Tablada 4367 5399 3085 012 051 —020 002 029 -030 O
P2 Bellavista 4392 4866 3096 015 060 —013 003 015 -032 0
P3  Torreblanca 4475 4886 3934 017 044 000 005 022 024 2
P4  Colores-Entreparques 4423 5310 36.38 0.16 050 —0.09 0.03 031 —0.30 0
P5  Valdezorras 4468 4872 3876 019 058 001 001 012 034 0
P6  ElGordillo 4319 4825 3433 023 053 003 -004 012 -039 0
P7  LaBachillera 4368 4740 3978 011 042 008 000 026 —021 0
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Table 3. Remote sensing diurnal data for neighbourhoods in AOlIs in Seville for 14 July 2024 during a
non-heatwave scenario.

2
o =
: 1>
£ R
5 LST (°C) NDVI NDBI <%
Ref g §' o
= -
5D =
D 1%
: :
Mean Max Min Mean Max Min Mean Max Min
Zone M
M1  Los P4jaros 3857 3975 3624 012 034 003 000 012 -020 4
M2  SanPablo A + B 3796 3973 3677 014 027 004 —002 021 —013 2
M3 San Pablo C 3992 4322 3573 015 055 002 —004 012 031 2
M4  SanPabloD +E 3791 4042 3681 014 030 005 —003 014 —016 2
M5  Amate 3880 3991 3664 013 038 003 000 009 —021 3
M6  Santa Aurelia 3842 4460 3486 019 046 001 —005 013 —028 2
Zone N
N1  Poligono Norte 3789 4028 3685 015 033 001 -003 013 —016 2
N2 San Jeronimo 3755 4109 3078 014 045 —007 -002 011 —024 2
N3 El Rocio 3812 3884 3763 012 027 006 —002 005 —009 1
N4  Begona Santa Catalina 3849 3949 3786 013 043 005 000 011 —0.25 2
N5  PIOXII 3858 39.87 3762 011 038 003 002 011 —012 2
Zone S
S1  Poligono Sur 3942 4941 3367 017 046 -001 —001 018 —031 3
5p ~ Lasletanias-Paz 3824 4061 3727 013 022 006 —002 007 —014 4
y Amistad
S3  ElCerro 3898 4405 3681 012 040 001 002 014 —031 2
54 ~ Tirode 3769 3954 3592 012 032 000 005 021 022 1
Linea-Santa Genoveva
Zone E
El  Rochelambert 3844 3983 3698 012 034 004 000 017 018 2
E2  Palmete 4094 4537 3732 010 045 —003 001 021 —025 2
gz ParqueAlcosa—ardines 5011 4161 3688 015 039 001 001 015 -023 2
del Eden
E4 LaPlata 39.10 4066 3758 010 037 000 002 022 021 3
E5  Juan XXIII 3837 4255 3670 012 032 000 000 015 —017 1
Zone W
W1  San Lorenzo 36.00 3857 2954 010 043 —012 —001 —025 012 0
W2 San Vicente 3595 3892 2966 010 044 —015 —001 —028 011 0
W3 Museo 3652 4022 3049 009 043 —012 -002 -023 012 0
W4 Arenal 3641 4026 3108 008 039 -013 001 —023 018 0
W5  Santa Cruz 3550 3844 3075 015 046 —014 —005 —032 012 0
Peripheries
Pl  Tablada 3829 50.81 27.89 013 053 -027 —001 027 —035 0O
P2 Bellavista 3961 4814 2773 016 060 -023 001 017 —030 O
P3  Torreblanca 4185 5010 3672 015 040 —002 005 021 —022 2
P4  Colores-Entreparques 4079 49.62 3246 016 050 —012 002 033 —035 0
P5  Valdezorras 4025 4566 3206 020 065 —003 —002 019 —047 0
P6  ElGordillo 3930 4527 3053 025 062 —005 —008 012 —044 0
P7  LaBachillera 3883 4722 2901 021 063 —028 —006 024 —047 0

3.1.1. Highest Diurnal LST Values Are in the Peripheries

During both heatwave and non-heatwave conditions, peripheral zones, Figure 8,
recorded the highest LST values across the city during the day. In the 2023 heatwave, Las
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Letanfas-Paz y Amistad (S2) recorded the peak LST at 53.99 °C, followed closely by Tablada
(P1) at 53.99 °C and Colores-Entreparques (P4) at 53.10 °C. These areas are characterized
by extensive impervious and barren land, minimal vegetation, and critical levels of social
vulnerability, intensifying heat retention.

Periphery ,'
Neighbourhoods

% P1 Tablada

k P2  Bellavista
P3  Torreblanca

Colores-

P4 Entreparques
P5 \Valdezorras
P6 El Gordillo
P7 La Bachillera

A |

LST (C)

i

Figure 8. Periphery neighbourhoods in Seville (P1-P7).

In the non-heatwave scenario (2024), while diurnal LSTs were generally lower, Tablada
(P1) still reached a maximum of 50.81 °C, Torreblanca (P3) reached 50.10 °C, and Colores-
Entreparques (P4) a peripheral neighbourhood in the northeast, Figure 8, where the Seville
airport is located, recorded a maximum LST of 49.62 °C. The airport complex, characterized
by impervious surfaces, extensive barren land, and minimal vegetation cover, contributes
to aggravated urban heat, as impervious surfaces increase urban heat [65]. These high LST
values correspond with very low NDVI readings in the urban peripheries for 2023 and
2024 (0.14 and 0.18, respectively), alongside elevated NDBI values with averages of 0.01
and 0.02 for the same periods. This pattern confirms that sparse vegetation contributes
to heat intensification, consistent with the previous research showing that barren urban
peripheries experience extreme surface heating during summer months [66].

3.1.2. Diurnal LST Variations Between Different Zones

Thermal disparities across Seville’s zones reveal that less-advantaged neighbourhoods
tend to experience higher temperatures. In the heatwave scenario, Poligono Sur (51), one of
the most socio-economically vulnerable neighbourhoods, SVI = 4, adjacent to the industrial
zone of “El Juncal-Hispalis”, Figure 9, recorded a maximum diurnal LST of 51.21 °C and
an average of 42.97 °C.

In comparison, Zone W, a more advantaged zone, located along the Guadalquivir River
and featuring traditional urban morphology with narrower streets and shaded walkways,
had significantly lower temperatures. For example, San Lorenzo (W1) recorded a maximum
LST of 42.69 °C and an average of 39.31 °C in the heatwave scenario of 2023, and even lower
values during 2024, a maximum LST of 38.57 °C and an average of 36.00 °C, illustrating
the river’s cooling influence. Overall, during the heatwave scenario on June 26, 2023,
temperatures were notably higher across all zones. The average LST across Zone W was
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36.74 °C, significantly lower than 42.49 °C in Zone M (a difference of 5.75 °C) and 44.02 °C
in the peripheries (a difference of 7.28 °C).

Figure 9. Vulnerable neighbourhoods in Zone S, and the industrial zone “El Juncal-Hispalis” in
the South.

For the non-heatwave scenario of 2024, the average diurnal LST across Zone W
(W1-W5) was 36.08 °C, compared to 38.63 °C in Zone M (a difference of 2.55 °C) and
39.85 °C in the peripheries (a difference of 3.77 °C from Zone W).

These consistent thermal disparities across both time periods emphasise the protective
influence of river-adjacent urban morphology in Zone W, where narrower streets, higher
vegetation coverage, and access to water bodies contribute to enhanced thermal regulation,
especially under extreme heat events.

3.1.3. NDVI and NDBI Between Zones

Vegetation cover, as measured by the NDVI, and built-up density, indicated by the
NDBI, both exhibit clear spatial contrasts that align with thermal patterns.

NDVI analysis reveals contrasting vegetation patterns between scenarios. During
the 2023 heatwave, mean NDVI values were generally low across all zones, with Zone
W averaging 0.10 and peripheries showing slightly higher values at 0.16. The 2024 non-
heatwave scenario exhibited improved vegetation conditions, with Zone W maintaining
similar low values (0.10) while peripheries showed significantly enhanced vegetation cover
(0.18). This suggests that normal climatic conditions may support better vegetation health,
particularly in peripheral urban areas. Zones M, N, and S demonstrated relatively stable
vegetation patterns between scenarios, while Zones E showed slight decreases in vegetation
cover during the normal summer period.

During the 2023 heatwave, peripheries exhibited positive NDBI values (0.012), sug-
gesting relatively higher built-up density, while most urban zones showed negative values,
indicating more natural surfaces. The 2024 non-heatwave scenario revealed a notable shift,
with peripheries displaying negative NDBI values (—0.02), suggesting reduced built-up
intensity or improved surface permeability. Zone S showed increased built-up characteris-
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tics in 2024 (0.01) compared to 2023 (0.00), while Zones M and N demonstrated decreased
built-up intensity during the normal summer period.

3.2. Nighttime LST Data

To provide additional insights into nocturnal thermal patterns, ECOSTRESS satellite
data were utilized, corresponding to the nighttime overpasses of June 26, 2023 (during
the heatwave) and July 14, 2024 (during the non-heatwave scenario) (Figure 10). Both
nighttime datasets were acquired at 3:00 AM GMT. They complement the Landsat 9 data
acquired on the same dates during the day at 11:00 AM GMT. The data were acquired from
Nasa’s ECOSTRESS through the AppEEARS platform.

(a) (b)

Figure 10. Nighttime LST (°C) generated from ECOSTRESS data corresponding to (a) the heatwave
night of June 26, 2023, and (b) the non-heatwave night of July 14, 2024.

Across both scenarios, nighttime LST, Table 4, follows a broadly similar spatial pattern;
with Zones N, M, and S having the highest LSTs on average, followed by Zone W, Zone E,
and the peripheries being the coolest, contrary to diurnal data, where highest LSTs are in
the peripheries.

All zones experienced notably lower average nighttime Land Surface Temperatures in
2024 compared to 2023, reflecting the difference between the heatwave and normal summer
conditions. The largest absolute difference was observed in Zone S (1.84 °C cooler in
2024), and the smallest in the peripheries (0.30 °C cooler in 2024). Zone S was the warmest
during the 2024 non-heatwave night (24.71 °C). Peripheries remained the coolest zone in
both scenarios.

A comparison of nighttime Land Surface Temperatures between Zone M and Zone W
reveals distinct thermal patterns across both climatic scenarios. During the 2023 heatwave
night, Zone M exhibited a slightly higher average LST of 26.82 °C compared to Zone W’s
average of 26.71 °C, indicating that the central urban area (Zone M) retained more heat
than the western zone (Zone W) during the extreme heat event. This pattern changed
under normal summer conditions in 2024, where Zone M again showed slightly lower
nighttime temperatures (25.08 °C) compared to Zone W (25.17 °C). This difference indicates
that urban zones characterized by a high population density, heavy traffic, and extensive
built-up infrastructure exhibit elevated nighttime LSTs compared to peripheral areas and
vacant lots; nighttime LST patterns are complex [67] and are mostly affected by urban
density [68].
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Table 4. LST nighttime (nocturnal) LST (°C) for neighbourhoods in Seville for both scenarios:
heatwave scenario of 2023 and non-heatwave scenario of 2024.

2
3 g
o o =
i LST (°C) LST (°C) 55
5 2023 Heatwave 2024 Non-heatwave = 5
Ref o . ; g
S Night Night > 2
v, 3=
‘D 1%
: :
Mean Max Min Mean Max Min
Zone M
M1 Los Péjaros 26.97 27.77 25.05 25.15 26.31 23.83 4
M2 San Pablo A + B 27.26 27.97 26.07 25.42 25.97 23.79 2
M3 San Pablo C 26.7 27.59 25.75 25.16 25.97 24.25 2
M4 San Pablo D + E 26.93 27.69 25.69 25.12 25.93 23.37 2
M5 Amate 26.9 27.75 26.33 25.15 27.55 24.55 3
M6 Santa Aurelia 26.17 27.67 2411 24.47 25.89 22.57 2
Zone N
N1 Poligono Norte 27.04 27.69 25.81 2591 26.21 24.73 2
N2 San Jeronimo 25.39 26.85 23.19 24.88 26.13 22.85 2
N3 El Rocio 27.55 27.87 27.09 26.18 26.65 25.63 1
N4 Begona Santa Catalina 27.49 28.33 27.13 25.65 27.05 24.83 2
N5 PIO XII 27.53 28.33 26.85 25.83 26.23 25.03 2
Zone S
S1 Poligono Sur 25.26 28.17 21.57 23.85 26.21 21.01 3
S2 Las letanias- Paz y Amistad 27.1 27.97 26.15 25.1 26.35 24.51 4
S3 El Cerro 26.59 27.55 25.33 24.65 26.83 23.27 2
S4 Tiro de Linea-Santa Genoveva 27.24 28.19 26.35 25.22 25.57 24.41 1
Zone E
E1l Rochelambert 2391 2391 2391 23.91 2391 2391 2
E2 Palmete 24.99 27.09 21.51 23.74 26.27 21.15 2
E3 ParqueAlcosa—Jardines del Eden 25.81 27.37 23.93 24.73 26.27 22.55 2
E4 La Plata 26.27 27.05 25.45 24.41 26.41 23.39 3
E5 Juan XXIII 26.16 27.23 24.53 24.6 26.53 23.77 1
Zone W
W1 San Lorenzo 26.52 28.07 25.85 25.38 26.05 23.75 0
W2 San Vicente 26.54 27.59 25.07 25.13 25.89 23.53 0
W3 Museo 26.78 28.03 25.59 25.36 26.29 23.75 0
W4 Arenal 26.94 27.85 26.23 2517 27.49 23.95 0
W5 Santa Cruz 26.78 27.89 25.53 24.8 25.83 23.57 0
Peripheries
P1 Tablada 24.11 28.71 20.71 22.83 25.61 19.21 0
P2 Bellavista 24.51 27.09 21.29 23.5 27.05 20.47 0
P3 Torreblanca 23.47 27.27 20.51 23.36 25.45 20.31 2
P4 Colores-Entreparques 25.02 28.61 21.51 24.25 26.93 21.49 0
P5 Valdezorras 2243 26.57 20.05 23.02 25.33 21.35 0
P6 El Gordillo 22.38 27.69 19.25 22.73 26.75 20.27 0
P7 La Bachillera 22.76 27.45 18.41 22.93 26.49 20.03 0

3.3. Micro-Urban Spatial Analysis Results

For the spatial configuration of Zone M, Figure 11, the data for key roads, such as “Awv.
de Andalucia” (running East to West) and “Calle Clemente Hidalgo” (running North to
South), were analysed. At the intersection of these two roads is Los Péjaros (M1), one of
the most impoverished and vulnerable areas in Spain. Additionally, “Av. de Kansas City”
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Connectivity

separates the three vulnerable neighbourhoods of (M2, M3, M4) from Santa Justa, Seville’s
main train station.

(M1) Los Pajaros
(M2)San Pablo A+B
(M3) San Pablo C
(M4) San Pablo D+E
(M5) Amate

(M6) Santa Aurelia

(T) Santa Justa
Train Station

(1) Industrial Zone
Santa Clara

(B) Barren Land
(P) Park Amate

(b)

HONN 2
4 @ﬁ(oﬂ}\ \('

XY
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Integration Mean Depth
(d)

Figure 11. (a) Google map of Zone M. (b) Urban grain displaying LULC zoning. (c) Centroids map
illustrating LST distribution. (d) Space Syntax analysis for Zone M, showing values for Connectivity,
Integration, and Mean Depth.

Axial analysis was also conducted on the street network for Zone W, located along the
Guadalquivir River, which traditionally borders the old city centre (Casco Antiguo). Many
neighbourhoods near the river benefit from low LST values. These neighbourhoods are
shown in Figure 12, including San Lorenzo (W1), San Vicente (W2), Museo (W3), Arenal
(W4), Santa Cruz (W5), among others. The street “Calle Torneo”, which runs parallel to the
river, forms a boundary to these neighbourhood.

Table 5 highlights notable variations in diurnal and nocturnal LSTs across street
networks in Zones M and W under both heatwave and non-heatwave conditions. In Zone
M, which is a less-advantaged area, has the highest population density in the city, and is
characterized by limited greenery; key streets such as Avenida de Andalucia consistently
recorded the highest LST values across both heatwave (2023) and non-heatwave (2024)
scenarios, in both daytime and nighttime conditions. During the 2023 heatwave, Avenida
de Andalucia reached daytime average LSTs of 43.53 °C (max: 45.30 °C) and nighttime
LSTs of 25.77 °C (max: 27.13 °C). Even during the milder 2024 summer, the street recorded
average daytime LSTs of 40.04 °C and nighttime LSTs of 24.52 °C, suggesting persistent
nocturnal heat retention.
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(W1) San Lorenzo
(W2) San Vicente

(W3) Museo
(W4) Arenal

(W5) Santa Cruz

(R) The River

P 2424 p15.02

P 356

0.99 4.90

Connectivity Integration Mean Depth
(d)

Figure 12. (a) Google map of Zone W. (b) Urban grain displaying LULC zoning. (c) Centroids map
illustrating LST distribution. (d) Space Syntax analysis for Zone W, showing values for Connectivity,
Integration, and Mean Depth.

Table 5. Axial analysis and LST data for street networks in Zones M and W during the heatwave
scenario in 2023 and non-heatwave scenario in 2024 for both daytime and nighttime LSTs.

2]
s s i
LST Average (°C) LST Max (°C) & T & — gt
Street 3 c ga Q: > 53
=1 = ] =8
c (O] 154 Se
) £ = < &
2023 2024 2023 2024 o 7]
Day Night Day Night Day Night Day Night z
ZoneM
C. Clemente Hidalgo 41.65 26.84 37.84 25.07 42.47 27.75 39.24 25.39 962 3.38 517 4 M1
41.65 26.84 37.84 25.07 42.47 27.75 39.24 25.39 905 3.28 548 2 M5
43.53 25.77 40.04 24.52 45.30 27.13 42.26 25.39 1064 2.77 623 4 M1
Av. de Andalucia 43.53 25.77 40.04 24.52 45.30 27.13 42.26 25.39 1081 2.7 634 2 M6
43.53 25.77 40.04 24.52 45.30 27.13 42.26 25.39 1043 2.72 629 2 M2
Av. de Kansas City 42.10 26.12 38.30 24.47 43.44 27.81 40.32 26.17 1232 3.36 527 2 M2, M3, M4
Zone W
C. Torneo 38.16 26.61 35.76 25.64 4124 27.51 39.8 26.99 850 3.19 540 0 WI1,W2,W3
Puente del Cristo de la Expiracién 39.57 26.63 35.94 25.74 4240 27.51 38.71 26.99 1195 3.02 560 0 W3
C. Alfonso XII 4141 26.72 37.21 25.21 41.80 26.99 37.64 26.09 560 2.80 595 0 W2, W3
C. Reyes Catolicos +Puente Isabel IT 40.09 26.88 35.93 25.40 4219 27.37 38.06 26.13 1070 2.68 620 0 W3, W4

In contrast, Zone W, bordering the Guadalquivir River and composed of neighbour-
hoods such as San Vicente (W2) and Museo (W3), demonstrated significantly lower LSTs,
particularly at night. In 2023, streets like Calle Reyes Catdlicos and Calle Torneo showed
average nighttime LSTs around 26.60 °C, while in 2024, the values dropped further to a
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range of 25.40-25.60 °C. The daytime LSTs also reduced from 40.09 °C to 35.93 °C, showing
a strong cooling trend under non-extreme conditions.

4. Discussion

4.1. Correlation and Regression
4.1.1. Macro-Urban Spatial Analysis Correlations

Correlation analyses were conducted for the resulting remote sensing data in
Tables 2 and 3, for both scenarios of heatwave and non-heatwave, to examine relation-
ships among key variables in different zones for both daytime and nighttime LSTs.

Both Pearson’s correlation coefficient (r) and Spearman’s rank correlation coefficient
(p) were employed to analyse relationships between variables, ensuring a comprehensive
assessment of both linear and monotonic associations. Pearson’s r quantifies linear relation-
ships under normality assumptions, while Spearman’s p is a rank-based, non-parametric
measure that captures monotonic trends, making it robust against non-normality and
outliers. Using both allows for a comparative analysis, validation of assumptions, and
detection of non-linear patterns, ensuring a more nuanced interpretation of correlation
structures [69].

As shown in Table 6, the results for the different AOIs (M, W, E, S, P) reveal a com-
plex interaction between LST, vegetation cover (NDVI), and built-up intensity (NDBI).
Correlation analyses were conducted under two temporal scenarios: a heatwave event
on 26 June 2023 and a non-heatwave day on 14 July 2024. These dual scenarios provide
insights into how urban form, vegetation, and socio-demographic vulnerability influence
thermal patterns under both summer conditions for daytime and nighttime LSTs.

Table 6. Correlation results for diurnal average LST (°C) as a dependent variable and the other
variables in Zones (M, N, E, W, P) during the heatwave scenario in 2023 and non-heatwave scenario
in 2024.

Parameter NDVI NDBI Vulnerability
Average Average SVI
2023 Heatwave Scenario

Pearson’s (r) 043 0.43 0.35
p-value (two-tailed) 0.02 0.01 0.05
Significant? Yes Yes Yes
(alpha = 0.05) 0.35 0.57 0.11
Spearman’s rank (p) 0.35 0.57 0.11
p-value 0.05 0.00 0.54
Significant? Yes Yes No

2024 Non-Heatwave Scenario
Pearson’s (r) 0.38 0.28 0.27
p-value (two-tailed) 0.03 0.13 0.14
Significant? Yes No No
(alpha = 0.05) 0.43 0.28 0.23
Spearman’s rank (p) 0.43 0.28 0.23
p-value 0.01 0.12 0.21
Significant? Yes No No

During the 2023 heatwave, vegetation cover (NDVI Average) exhibited a moderate
positive correlation with the daytime average LST (Pearson’s r = 0.43, p = 0.02; Spear-
man’s p = 0.35, p = 0.05), a counterintuitive finding that suggests vegetation in Seville’s
vulnerable zones may be sparse, fragmented, or insufficiently dense to provide significant
daytime cooling.
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In the 2024 non-heatwave scenario, the NDVI maintained a significant but slightly
weaker correlation with daytime average LST (Pearson’s r = 0.38, p = 0.03), while Spear-
man’s p increased to 0.43 (p = 0.01), indicating that under milder conditions, even modest
vegetation can help reduce thermal stress. This reinforces the importance of green infras-
tructure, but highlights that its impact is not uniformly beneficial unless vegetation is
sufficiently dense, continuous, and strategically placed.

Built-up intensity, measured by NDBI Average, consistently showed the strongest
and most robust correlation with average LST across both years. In 2023, the correlation
with LST was significant (Pearson’s r = 0.43, p = 0.01; Spearman’s p = 0.57, p = 0.00),
indicating that more urbanized zones, particularly those with high impervious surface
cover, accumulate and radiate more heat during the day.

Although in 2024 the Pearson’s correlation weakened (Pearson’s r = 0.28, p = 0.13),
the trend remained consistent, reflecting the persistent influence of urban morphology on
thermal conditions. Spearman’s correlation also dropped (p = 0.28, p = 0.12), suggesting that
under non-extreme heat conditions, urban form continues to shape temperature patterns
but with reduced statistical strength. This may indicate that urban material properties
and layout primarily govern heat accumulation during heatwaves, while their influence is
partially diminished in regular summer weather.

The relationship between social vulnerability (SVI) and daytime LST was moderate and
statistically significant in 2023 (Pearson’s r = 0.35, p = 0.05), but the Spearman’s result was
not significant (p = 0.11, p = 0.54), pointing to a non-linear and non-monotonic relationship.
Vulnerable populations are likely concentrated in areas of higher built-up density and lower
vegetation, but this correlation alone cannot capture the spatial variability and complexity
of urban form or human adaptation strategies.

In the non-heatwave 2024 scenario, the relationship between the SVI and average
LST weakened further (Pearson’s r = 0.27, p = 0.14; Spearman’s p = 0.23, p = 0.21), losing
statistical significance. This suggests that the thermal disadvantage of socially vulnerable
groups becomes more pronounced under extreme heat events.

4.1.2. Micro-Urban Spatial Analysis Correlations

At the micro-urban scale, spatial syntax variables—Connectivity, Global Integration,
and Mean Depth—were examined to understand how street network configuration cor-
relates with diurnal surface temperature patterns in both heatwave and non-heatwave
contexts. These syntactic attributes are crucial for assessing how the form and accessibility
of urban spaces modulate thermal exposure at the street level.

In the 2023 heatwave scenario, Table 7, Connectivity and Global Integration show
weak and non-significant correlations with average daytime LST (Pearson’s r = 0.18,
p =0.62; r =-0.32, p = 0.36, respectively), indicating the limited influence of street network
openness or accessibility on Land Surface Temperature. Similar findings were obtained for
Spearman’s p, reinforcing the non-linear and weak nature of these associations.

However, Mean Depth, which reflects the relative isolation of a space within the
network, demonstrated a moderate positive correlation with diurnal average LST (Pearson’s
r =049, p = 0.15; Spearman’s p = 0.49, p = 0.15), implying that deeper and less integrated
street segments may trap more heat, potentially due to restricted airflow and shading
limitations—linking vulnerability to heat with segregated streets and zones of the urban
fabric configuration.

The relationship between social vulnerability (SVI) and diurnal average LST was
statistically significant in both Pearson’s and Spearman’s tests (Pearson’s r = 0.70, p = 0.03;
Spearman’s p = 0.77, p = 0.01). This confirms that during heatwave conditions, vulner-
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able neighbourhoods are disproportionately affected by elevated surface temperatures,
highlighting a socio-spatial disparity in urban heat exposure.

Table 7. Correlation results for diurnal average LST (°C) as a dependent variable and Space Syntax
variables and social vulnerability index (SVI) values for the streets in Zones M and W during the
heatwave scenario in 2023 and non-heatwave scenario in 2024.

. . Global Mean o1
Parameter Connectivity Integration Depth Vulnerability (SVI)
Year 2023 2024 2023 2024 2023 2024 2023 2024
Pearson’s (r) 0.18 0.20 —0.32 —0.29 0.49 0.47 0.70 0.72
p-value (two-tailed) 0.62 0.57 0.36 0.41 0.15 0.17 0.03 0.02
Significant?
(alpha = 0.05) No No No No No No Yes Yes
Spearman’s rank (p) 0.27 0.30 —0.22 —-0.15 0.49 0.47 0.77 0.77
p-value 0.45 0.41 0.55 0.67 0.15 0.17 0.01 0.01
Significant?
(alpha = 0.05) No No No No No No Yes Yes
Sample size (n) 10 10 10 10 10 10 10 10

In the non-heatwave scenario (2024), these trends were largely consistent. Connectivity
and Global Integration remained weakly correlated with average LST (Pearson’s r = 0.20
and -0.29, respectively), and neither correlation reached statistical significance. Mean Depth
continued to show a moderate positive correlation (Pearson’s r = 0.47, p = 0.17), reinforcing
the role of spatial enclosure and higher LSTs in the deeper streets of the network. Notably,
the correlation between SVI and average LST remained significant in 2024 (Pearson’s
r =0.72, p = 0.02; Spearman’s p = 0.77, p = 0.01), suggesting that vulnerable zones are
consistently exposed to higher temperatures even outside heatwave conditions.

This indicates a persistent spatial inequality in thermal exposure at the micro-urban
scale. The results demonstrate that syntactic spatial configuration variables alone are
insufficient for predicting temperature distribution patterns. However, the spatial depth
of streets (Mean Depth) and social vulnerability (social vulnerability index—SVI) emerge
as significant determinants of micro-urban heat dynamics, particularly during heatwave
conditions. This relationship is exemplified by the substantial thermal disparity observed
between socio-spatially distinct zones: vulnerable Zone M streets exhibited an average
diurnal LST of 42.67 °C during the heatwave, while less vulnerable Zone W streets main-
tained a considerably cooler average of 39.81 °C. This pronounced temperature differential
along socio-spatial gradients underscores the critical importance of incorporating spatial
configuration analysis to understand and address urban heat vulnerability patterns.

4.2. Mapping Heat Boundaries (HBs)

The analysis of macro-urban thermal patterns in Seville under two temporal scenarios,
the heatwave event on 26 June 2023 and a non-heatwave day on 14 July 2024, demonstrates
a consistent spatial structure in urban heat distribution across the city. As visualised in
Figure 13, the delineation of Heat Boundaries (HBs) during the daytime remains largely
unchanged between both scenarios, indicating their reliability and stability as spatial
indicators of urban heat accumulation.
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Figure 13. Mapping of Heat Boundaries (HBs) in Seville during the daytime, including transportation
hubs, industrial zones, and barren lands, along with cooling boundaries, such as the parks and the
river, in both the heatwave scenario in 2023 (a) and the non-heatwave scenario in 2024 (b).

HBs are spatial entities identified as persistent urban heat hotspots, revealed through
the integration of satellite-derived remote sensing data and macro-urban spatial analy-
sis. These boundaries were classified into three primary Land Use/Land Cover (LULC)
categories in Seville:

e  Barren lands (accounting for about 42% of HBs).
e Industrial zones (accounting for about 30%).
e  Transportation hubs, such as Santa Justa Train Station and Seville Airport (28%).

Together, these zones account for approximately 17% of Seville’s urban area, with
barren lands emerging as the dominant contributor to elevated diurnal LST values. This
consistent classification across both scenarios supports their relevance and robustness in
representing enduring urban heat hotspots, regardless of short-term climatic fluctuations.

Despite the temperature variability between the two scenarios, the spatial distribution
and allocation of HBs remain almost the same, as shown in both heatwave and non-
heatwave scenarios in Figure 13a,b. This suggests that HBs are not just a result of temporary
heat events, but are structurally embedded in the urban landscape, shaped by Land Use
intensity, material properties, and spatial exposure.
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In the analysis of HBs with reference to nighttime LSTs, Figure 14a illustrates the
heatwave scenario and Figure 14b the non-heatwave scenario. The delineation of hotspots
remains largely consistent for transportation hubs across both scenarios, though less consis-
tent for industrial zones between daytime and nighttime conditions. Conversely, barren
lands on the peripheries of the city exhibit almost opposite patterns, tending to show lower
LSTs during nighttime conditions. This fluctuation of LSTs between day and night requires
further analysis that incorporates additional environmental, phenological, and spatial pa-
rameters. One consistent finding is that urban areas with a high population concentration re-
main LST hotspots across all scenarios, highlighting the critical need for resilience strategies
in high-density urban areas, particularly those in socially disadvantaged neighbourhoods.

(b)

Figure 14. Mapping of Heat Boundaries (HBs) in Seville during the nighttime showing transportation
hubs, industrial zones, and barren lands, along with cooling boundaries, such as the parks and the
river, in both the heatwave scenario in 2023 (a) and the non-heatwave scenario in 2024 (b).
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The selection of these areas as Heat Boundaries in our research is fundamentally driven
by their critical role in revealing patterns of thermal inequity and spatial segregation. This
study’s delineated HBs are strategically located adjacent to socio-economically vulnerable
neighbourhoods, thereby reinforcing and highlighting existing patterns of thermal disparity
across the urban landscape.

At the macro-urban scale, our analysis demonstrates significant temperature variations
between vulnerable neighbourhoods situated at varying distances from the Guadalquivir
River, a major water body that serves as a crucial cooling infrastructure. This spatial
relationship between socio-economic vulnerability and proximity to natural cooling fea-
tures represents a core research objective—understanding how urban morphology and
environmental amenities intersect with social equity in determining heat exposure.

In contrast to HBs, Cooling Boundaries (CBs), particularly the Guadalquivir River
and extensive urban parks and green areas, constitute approximately 18% of Seville’s
total area and function as natural Urban Cool Islands (UCIs). These water and green
surfaces create essential cooling corridors that significantly reduce LST values in their
immediate vicinity [70]. The stark thermal contrast between HBs and CBs, especially for
neighbourhoods directly bordering these natural cooling features versus those isolated
from them, underscores the importance of these areas in achieving our research goals
of identifying and understanding the spatial dynamics of urban heat vulnerability. This
juxtaposition of hot and cool boundaries provides crucial insights into how urban planning
and environmental justice intersect in the context of climate resilience.

4.3. Study Limitations

This study contributes to the advancement of urban heat vulnerability research by
integrating remote sensing data, Space Syntax analysis, and social vulnerability metrics
within a comprehensive multidimensional framework. The findings highlight the value of
such integrative approaches in informing climate-adaptive urban planning and enabling
targeted policy interventions. However, several limitations must be acknowledged.

A key limitation lies in the temporal scope of the analysis, which only compares two
distinct temporal scenarios representing distinct summer conditions for both diurnal and
nocturnal LSTs. While sufficient for this study’s aim of examining urban heat exposure
and vulnerability during peak thermal stress, they do not capture the broader temporal
variability of urban heat patterns, which fluctuate across diurnal, weekly, and seasonal
scales. Future research should incorporate long-term remote sensing archives or continuous
in situ monitoring to better account for this variability and strengthen the robustness
of conclusions.

Another constraint concerns the spatial and temporal characteristics of the remote
sensing data employed. Landsat 9 thermal imagery offers superior spatial resolution—30 m
for optical bands and 100 m for thermal bands—making it suitable for fine-scale UHI
analysis and local Land Cover assessment. However, its 16-day revisit cycle (or 8 days
when combined with other Landsat missions) limits its capacity to capture short-term
thermal dynamics. In contrast, MODIS, for example, provides daily global coverage, which
is advantageous for monitoring rapidly evolving phenomena, such as wildfires, vegetation
changes, or atmospheric conditions. Yet, its spatial resolution (250 m to 1000 m) is too
coarse for detailed urban studies, especially in densely built environments. The trade-off
between spatial and temporal resolution remains a challenge, underscoring the need for
hybrid approaches or new data sources. While this study utilises ECOSTRESS data, which
provides valuable nighttime LST information for both scenarios, its application is subject
to several limitations. The irregular overpass schedule of the sensor, mounted on the
International Space Station, restricts temporal consistency and prevents the capture of
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continuous thermal trends. Also, its spatial inconsistencies, potential data gaps, and limited
surface emissivity differentiation in urban areas may also affect accuracy [71,72]. Moreover,
atmospheric factors, such as humidity or thin cloud cover, can influence thermal readings
at night.

A further limitation pertains to the social vulnerability dataset. While this study
incorporates partially updated demographic and social vulnerability data between 2018
and 2023, the core social vulnerability index is based on 2011 census data, which may not
fully capture recent socio-economic changes or ongoing urban transformations. Relying
on older comprehensive data may constrain the relevance and accuracy of the vulnerabil-
ity assessments. Future studies would benefit from more current and higher-resolution
socio-economic datasets to better reflect the contemporary urban context. Additionally,
integrating broader socio-environmental indicators—such as air quality, energy use, access
to cooling infrastructure, and public health outcomes—would enhance the framework’s
comprehensiveness and improve its applicability across diverse urban settings.

Lastly, while this study focuses on the urban context of Seville, the proposed method-
ology would benefit from application in other cities with varying climatic conditions,
morphological typologies, and socio-spatial configurations. This would enable compara-
tive assessments of urban heat exposure and mitigation strategies, helping to validate the
framework’s adaptability and relevance across diverse urban environments.

4.4. Future Research Using Deep Learning

This study established a robust spatial framework for analysing urban heat vulnera-
bility in Seville by integrating remote sensing, Space Syntax, and social vulnerability data.
However, the dual-scenario approach, which examines both a heatwave day (26 June 2023)
and a non-heatwave day (14 July 2024), revealed that Heat Boundaries (HBs) remained
spatially consistent across both conditions (as shown in Figures 13 and 14). This consistency
suggests that deep learning can play a key role in scaling and automating HB detection
and vulnerability prediction across time and space. Future research should explore the
integration of deep learning techniques within GIS and remote sensing to enhance both
the resolution and predictive power of urban heat assessments. Convolutional Neural
Networks (CNNs), when embedded within open-source GIS platforms like QGIS 3.38 via
Python plugins or processing toolboxes, can automate the classification of Land Cover
types and the extraction of LST from high-resolution satellite imagery and facilitate easy
processes, like segmentation, object detection, and classification [73]. Incorporating such
deep learning workflows in QGIS 3.38 would allow for the creation of fine-scale, temporally
dynamic heat vulnerability maps, especially beneficial in data-scarce or rapidly urbanising
regions. Furthermore, by coupling these methods with time-series remote sensing and
participatory datasets, future research could contribute to more adaptive, equity-oriented
urban planning under evolving climate conditions [74].

The outputs of high-resolution heat vulnerability maps are further enhanced through
feature extraction and super-resolution techniques, enabling fine-scale, temporally dynamic
analyses that support adaptive urban planning and equity-oriented policymaking [75].
QGIS enables the use of plugins that incorporate Open Neural Network Exchange (ONNX)
models, or any other trained models; these models often help with image segmentation,
regression, and object identification from satellite images. The Deepness plugin is an open-
source plugin for the QGIS application allowing the easy employment of neural network
models on any raster layer representing a matrix of values or image data [76].

The use of such plugins can automate the segmentation of LULC features [77,78]. The
future prospect of this study is to train the models to detect HBs, like industrial zones,
barren lands, and transportation hubs, etc., and to segment Cooling Boundaries (CBs),
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like rivers and green areas. Urban heat vulnerability can be predicted in any location by
detecting adjacency to HBs and remoteness from CBs. Figure 15 shows an example of
segmentation, performed using the Deepness plugin in QGIS, for a selected sample area
in Zone W, using pre-trained ONNX models. The results are promising when it comes to
identifying and segmenting blue and green spaces, which are considered CBs in this study.

¢ Segmentation Zone W

o
3 [ Background 59.0 %
: Building 1.27%
z I Green Area 10.03%
A% I Water 27.66%
< W Road 2.04%

A

0 25 50

Figure 15. Segmentation of Cooling Boundaries (CBs) (the river and green areas) in a selected sample
area in Zone W, performed using the Deepness plugin in QGIS, using a pre-trained ONNX model.

4.4.1. Prospects for Spatial Configuration

The integration of deep learning into spatial configuration analysis would present
new opportunities to enhance and scale urban morphology studies, particularly when
combined with Space Syntax. Traditional syntactic methods rely on the manual or semi-
automated generation of axial or segment maps, followed by the calculation of spatial
metrics, such as Connectivity, Integration, and Mean Depth. These processes, while robust,
are time-intensive and limited in spatial coverage. Deep learning—particularly CNNs
and semantic segmentation models—can automate the extraction of street networks from
satellite or aerial imagery. This automation is crucial for fast-growing or data-scarce cities
where conventional cartographic data are incomplete. Within GIS platforms like QGIS,
tools such as the Deepness plugin allow the seamless integration of machine-learned street
data into geospatial workflows.

Beyond extraction, deep learning enables pattern recognition and typology classifica-
tion in urban form. Trained models can analyse street Connectivity and identify morpho-
logical patterns that correlate with environmental and social risks. An example of using
the Deepness plugin to identify and segment road networks is shown in Figure 16.

The segmentation of road networks is performed in QGIS using the Deepness plugin
in selected areas in Zone M and Zone W. These insights may in the future complement
the Space Syntax theory by identifying how spatial structure relates to heat exposure,
accessibility, or segregation. A particularly promising application is the use of deep learning
to predict Space Syntax indicators from spatial data inputs. Trained models can act as
surrogate estimators of integration or Connectivity, allowing for faster, scalable spatial
analysis without requiring full DepthmapX simulations. When integrated, deep learning
and syntactic analysis offer a powerful diagnostic framework for identifying HBs.
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Figure 16. Segmentations of road networks in a selected sample area in Zone M (a) and sample area
in Zone W (b), performed using the Deepness plugin in QGIS, using a pre-trained ONNX model.

4.4.2. Future Deep Learning Prospect of Research Advantages

Researchers can streamline data integration and visualization, making advanced heat
mapping more accessible for urban planners and policymakers. Moreover, coupling deep
learning with time-series remote sensing and participatory datasets allows for adaptive,
equity-oriented urban planning under evolving climate conditions. This integration is
especially beneficial in rapidly urbanizing or data-scarce regions, where real-time, scal-
able solutions are essential for addressing environmental injustice and building climate
resilience. The key objective of this study is to identify Heat Boundaries; hence, the automa-
tion of this task, as shown in Table 8, will provide a more efficient and accurate means of
delineating thermal hotspots across diverse urban landscapes.

Table 8. Benefits of integrating deep learning vs. original method used in the study.

Feature Without Deep Learning With Deep Learning
(Current Study) (Proposed Extension)
Data Integration Uses Landsat 9, ECOSTRESS, QGIS, and manual data Automates integration using CNNs within QGIS

Land Cover Classification

LST Estimation and Prediction
Spatial Resolution
Heat Boundary Detection
Correlation Analysis
Predictive Capabilities
Temporal Analysis
Scalability

Space Syntax

Pearson’s/Spearman’s correlations between variables

alignment via Centroids
Manual extraction using NDVI/NDBI indices and
Google Maps
Static LST maps from limited satellite data
Limited to Landsat and ECOSTRESS resolutions
Manual identification based on thresholds

Automated pixel-wise classification using ONNX models

Dynamic prediction of LST using time-series models
Potential to enhance resolution via super-resolution networks
Automatic detection using segmentation models
Non-linear pattern recognition with attention mechanisms
Predictive modelling of future heat scenarios
Time-series analysis enabled via recurrent or transformer-based models
Scalable to other cities with minimal retraining
Using pre-trained models to identify urban patterns and detect Space
Syntax parameters

Descriptive analysis only
Limited
Limited to Seville

DepthmapX data integrated into QGIS
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By leveraging deep learning algorithms, the process of identifying HBs becomes less re-
liant on manual interpretation, reducing both time consumption and potential human error.
Furthermore, automated detection enables the analysis of large-scale and high-resolution
datasets, facilitating the monitoring of heat distribution dynamics over time. This capa-
bility is critical for informing targeted interventions, optimizing resource allocation, and
promoting equitable climate adaptation strategies that prioritize vulnerable communities
(Figure 17).

Deep Learning-Based Workflow
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Figure 17. Key stages of both methods for the identification of Heat Boundaries.

5. Conclusions

This study presents a multidimensional framework to assess urban heat vulnerability
in Seville by integrating remote sensing, spatial configuration, and social vulnerability
indicators across two contrasting climatic scenarios: a heatwave (June 26, 2023) and a
normal summer day (14 July 2024). The results confirm significant intra-urban disparities
in both daytime and nighttime Land Surface Temperatures, closely aligned with patterns
of social disadvantage, urban morphology, and spatial segregation.

Peripheral zones and industrial clusters recorded the highest daytime LSTs—exceeding
53 °C during the heatwave—particularly in areas with barren land, high built-up density
(NDBI), and minimal vegetation (low NDVI). In contrast, river-adjacent and historically
dense neighbourhoods exhibited lower temperatures, benefiting from traditional urban
form, shading, and proximity to water bodies. At night, thermal patterns shifted: densely
built central districts retained more heat than peripheral areas, highlighting the compound
vulnerability of socially disadvantaged neighbourhoods.

Average LST values across zones also followed a clear spatial pattern: in 2023, the
peripheries averaged 43.65 °C, compared to 42.03 °C in Zone M and 36.74 °C in Zone W (a
difference of 5.63 °C between peripheries and Zone W, and 5.29 °C between Zone M and
Zone W). In 2024, these averages were slightly lower but consistent, at 39.85 °C (peripheries),
38.63 °C (Zone M), and 36.08 °C (Zone W) (a difference of 3.77 °C between peripheries and
Zone W, and 2.55 °C between Zone M and Zone W). These patterns confirm that socially
disadvantaged and morphologically exposed areas are consistently hotter, with differences
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ranging from 2.55 °C to 5.63 °C, depending on the scenario and zone comparison. These
LST distributions align with NDVI and NDBI metrics. Neighbourhoods with critical or
severe vulnerability scores exhibited low NDVI and high NDBI values—indicating sparse
vegetation and dense built-up areas.

This study introduces the concept of Heat Boundaries (HBs) as persistent high-
temperature zones that act as thermal and morphological barriers, often bordering the
most vulnerable communities. HBs make up approximately 17% of Seville’s urban fabric,
dominated by barren land (42%), industrial areas (30%), and transport infrastructure (28%).
The highest social vulnerability index (SVI = 4) was observed in Los Péjaros (M1) and
Poligono Sur (S1), which also reported some of the highest LST values in both scenarios,
reinforcing the co-location of heat exposure and social marginalization.

Statistical correlations reinforce the centrality of built intensity and vegetation in
shaping thermal exposure. While most Space Syntax indicators showed weak associa-
tions with LST, Mean Depth emerged as a critical Space Syntax measure, higher values
corresponded with greater thermal stress, particularly during heatwaves and nighttime
conditions, indicating that spatial segregation amplifies vulnerability.

Correlation analysis confirms these findings quantitatively. Average LST demonstrated
strong positive correlations with average NDBI (Pearson’s r = 0.43 in 2023; r = 0.28 in 2024)
and moderate inverse relationships with average NDVI, particularly during the heatwave
scenario where NDVI Average and LST Average showed a Pearson’s r of —0.43. These
relationships support the respective roles of built-up surfaces in heat intensification and
vegetation in thermal mitigation. Conversely, the relationship between LST and Space
Syntax metrics was weak, with Mean Depth showing only moderate correlations (r = 0.49 in
2023; r = 0.47 in 2024), underlining the need to integrate multiple spatial and environmental
datasets for more robust heat vulnerability models. The correlation between average
LST and social vulnerability (SVI) was moderate and statistically significant during the
heatwave (r = 0.35, p = 0.05), though this relationship weakened under normal summer
conditions (r = 0.27, p = 0.14).

This research contributes to advancing urban heat vulnerability assessments by:

e  Establishing a scalable method to delineate and classify HBs using remote sensing and
LULC patterns.

e  Demonstrating the value of integrating spatial configuration metrics in urban heat
risk analysis.

e Highlighting the role of social vulnerability in compounding heat exposure.

Policy recommendations include rehabilitating Heat Boundaries through greening
interventions, enhancing shade and permeability in vulnerable neighbourhoods, and
reconfiguring street networks to improve Connectivity and airflow. Initial experimentation
with the Deepness plugin in QGIS 3.38 suggests that machine learning holds promise for
automating HB detection and high-resolution thermal mapping, though further work is
needed to improve model accuracy and cross-scale data integration.

In summary, this research provides a comprehensive, equity-oriented framework for
diagnosing and mitigating urban heat vulnerability. It shows that heat exposure is not
only a climatological challenge but also a spatial and social one—shaped by Land Use,
infrastructure, and inequality. As climate extremes intensify, the integration of geospatial
analytics, urban morphology, and socio-demographic data will be essential for building
adaptive and just cities. The case of Seville offers valuable insights into and a transferable
model for other urban contexts facing similar heat-related challenges.
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Abbreviations

The following abbreviations are used in this manuscript:

AOI Area of Interest

AOIs Areas of Interest

CBs Cooling Boundaries

CNNs Convolutional Neural Networks

GISs Geographic Information Systems

HB/HBs Heat Boundary/Heat Boundaries

INE Instituto Nacional de Estadistica (Spanish National Institute of Statistics)
LCZs Local Climate Zones

LST Land Surface Temperature

LULC Land Use and Land Cover

MIVAU  Ministerio de la Vivienda y Agenda Urbana (Ministry of Housing and Urban Agenda)
NDVI Normalized Difference Vegetation Index

NDBI Normalized Difference Built-Up Index

OLI Operational Land Imager
ONNX Open Neural Network Exchange
SVI Social Vulnerability Index

TIRS Thermal Infrared Sensor

UClIs Urban Cool Islands

UCL University College London
UHIs Urban Heat Islands

USGS United States Geological Survey
VNs Vulnerable Neighbourhoods
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