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Highlights

What are the main findings?

• The use of a freely accessible satellite through a data remote computing platform
reduces hardware and software requirements.

• The method includes the integration of population-related information (welfare and
other statistical information) and Local Climate Zone (LCZ) classification.

What is the implication of the main finding?

• The use of long historical data series ensures more robust analysis over time, identify-
ing areas most susceptible to extreme thermal events.

• This study may provide hints for the relevant authorities in terms of the sustainable
development of cities, supporting pollution reduction.

Abstract

Extreme climate events such as heatwaves are becoming more frequent and pose serious
challenges in cities. Urban areas are particularly vulnerable because built surfaces absorb
and release heat, while human activities generate additional greenhouse gases. This in-
creases health risks, making it crucial to study population exposure to heat stress. This
research focuses on Naples, Italy’s most densely populated city, where intense human
activity and unique geomorphological conditions influence local temperatures. The pres-
ence of a Surface Urban Heat Island (SUHI) is assessed by deriving high-resolution Land
Surface Temperature (LST) in a time series ranging from 2013 to 2023, processed with the
Statistical Mono Window (SMW) algorithm in the Google Earth Engine (GEE) environment.
SMW needs brightness temperature (Tb) extracted from a Landsat 8 (L8) Thermal InfraRed
Sensor (TIRS), emissivity from Advanced Spaceborne and Thermal Emission Radiometer
Global Emissivity Database (ASTERGED), and atmospheric correction coefficients from the
National Center for Environmental Prediction and Atmospheric Research (NCEP/NCAR).
A total of 64 nighttime images were processed and analyzed to assess long-term trends and
identify the main heat islands in Naples. The hottest image was compared with population
data, including demographic categories such as children, elderly people, and pregnant
women. A risk index was calculated by combining temperature values, exposure levels,
and the vulnerability of each group. Results identified three major heat islands, showing
that risk is strongly linked to both population density and heat island distribution. Incor-
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porating Local Climate Zone (LCZ) classification further highlighted the urban areas most
prone to extreme heat based on morphology.

Keywords: Land Surface Temperature; Urban Heat Island; Landsat 8; ASTERGED; Meta;
risk index

1. Introduction
An increase in climate extremes is determined by local exchanges in heat, moisture,

and other related quantities (thermodynamic changes) and those associated with atmo-
spheric and oceanic motions (dynamic changes). While thermodynamic and dynamic
processes are interconnected, considering them separately helps to disentangle the roles
of different processes contributing to changes in climate extremes [1]. In July 2023, the
world experienced the hottest month on record, with widespread heatwaves across many
countries. Moreover, temperature extremes on land will increase even faster compared to
the increase in global mean temperature due to climate change from human activities [2].
Evidence of anthropogenic climate change is based on surface temperature, upper ocean
heat content, sea level, Arctic Sea ice extent, Northern Hemisphere snow cover, large-scale
precipitation patterns, and temperature extremes [3]. Temperature extremes are one of
the most dangerous effects of climate change and have been growing in recent years. An
increase in the concentration of greenhouse gases (GHG) in the atmosphere leads to the
warming of tropospheric air and, consequently, the Earth’s surface. This direct thermo-
dynamic effect leads to warmer temperatures around the globe, with an increase in the
frequency and intensity of warmer extremes and a decrease in the frequency and intensity
of cold extremes [4]. Extreme temperatures within cities have become more frequent in
the last few years. Temperature increases are coupled with the growth of urban areas
and populations, which enhances exposure to high temperatures [5]. Periods where local
excess heat accumulates over sweltering days and nights are associated with the heatwave
phenomena [4]. Southern European countries (i.e., Spain, France, Italy, and Greece) experi-
enced a strong heatwave during the summer of 2003. This episode was directly associated
with approximately 40.000 extra deaths, particularly those of elderly Europeans [6]. Heat-
waves have adverse health effects, especially in vulnerable groups, affecting human health
through heat stress and exacerbating underlying conditions that can increase mortality;
additionally, population aging is an important factor in the vulnerability to heat [5,7,8].
Heatwaves are defined as three (or more) consecutive days with daily temperature mea-
sures exceeding a specific threshold; they are associated with stationary domes of high
pressure that produce clear skies, light winds, warm air, and prolonged hot conditions on
the surface [1,8–10]. Human-induced GHG is the main driver of the observed changes in
hot and cold extremes on a global scale. The effect of enhanced GHG concentrations on
extreme temperatures is moderate or amplified at the regional scale by regional processes
such as soil moisture and by regional forcing from land use and land cover changes [11].
Cities are blamed for GHG emissions and are a dynamic part of global culture and the main
social and economic development engine [11,12]. Urban energy consumption is mainly due
to the building sector, and it is influenced by several factors such as building characteristics
and occupant activities; however, the most important factor is the ambient temperature
because most energy consumption is due to buildings’ cooling/heating systems [12,13].
Extreme temperature events have been identified as one of the most significant drivers of
building energy consumption [12]. Urban ecosystems can be broadly characterized by two
land cover types: impervious and vegetated surfaces. These two elements are extremely
important Land Surface Temperature (LST) predictors. Impervious surfaces determine an
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increase in LST and tree drought stress through the absorption and storage of solar energy
during the day; on the other hand, vegetation has a cooling effect, especially through
daytime evapotranspiration [14,15]. This conformation makes the urban center subject to
the absorption of a greater amount of solar radiation than the surrounding rural areas,
contributing to the increasing temperature in the cities rather than the surroundings, and
creating the phenomenon defined as an Urban Heat Island (UHI) [15–17]. UHIs occur
when urban areas are hotter than their rural or suburban counterparts, due to both retained
daytime heat by dense materials and the failure to dissipate heat overnight [18]. There
are two different types of UHI: atmospheric UHI (AUHI) and surface UHI (SUHI). SUHI
forms when hard and dry surfaces, such as asphalt and concrete, are heated by solar and
terrestrial radiation [19]. It is widely recognized that SUHI has significant impacts on vege-
tation, air quality, energy policy, and public health [1,10,20,21]. As urbanization continues
to grow globally [22], a notable amount of the population must face this phenomenon.
Some population categories are more sensitive to SUHI, depending mainly on age and
health conditions, such as elderly people or children. Illness caused by exposure to high
temperatures includes heat cramps, fainting, heat exhaustion, heatstroke, and occasionally
death [20,21,23]. Heat exhaustion is the most common response to prolonged exposure to
high outdoor temperatures and is characterized by intense thirst, heavy sweating, dizziness,
fatigue, faintness, nausea, and headache [8,20,21,23]. The SUHI effect caused by urban
overheating is one of the main results of rising urbanization; the population living in the
urban areas is the main casualty of this overheating. For this reason, studies like this one,
which aim to study the LST trend and analyze the risk index to heat stress, may become
fundamental in the coming years with regard to sustainable urban development.

1.1. Aim of the Work

In this paper, nocturnal LST images are computed to define where permanent SUHIs
are in the 10 years of the time series considered (from 2013 until 2023). In QGIS, the analysis
of 64 cloud-free nocturnal LST images is computed by extracting the isotherms used in
the definition of SUHIs. From these results, a permanent SUHI is highlighted in the urban
center. Considering the time series, the hottest LST image (9 July 2023) is used to calculate
the Risk Index Rn to SUHI for each population category within Naples. Several studies
define the risk concept based on Crichton’s Risk Triangle [24–27]. Following this concept,
heat risk is described as a function of hazard, exposure, and vulnerability [24]. Here, the
hazard is represented by the LST, the exposure is indicated by a population density dataset
provided by Humanitarian Data Exchange (HDX) Data for Good at Meta, and vulnerability
will be defined as a scale from 0–1 indicating the sensitive grade to heat stress of the
population depending on age, according to medical bibliographies.

1.2. Study Area

Naples (40◦50′09′′N 14◦14′55′′E) covers an area of 117 km2 on the southwest coast of
Italy, facing the Tyrrhenian Sea (Figure 1). It is the third largest city in Italy (after Rome and
Milan), with about 1.5 million inhabitants, and is the most densely populated city in the
country with 7744 inhabitants per km2. The region shows structural highs depending on
the two nested calderas related to the Phlegrean Fields, located in the western part in the
proximity of Pozzuoli. Mt. Vesuvius characterizes the eastern part (not present in Figure 1);
the steep scarps generated by this conformation affect the incoming solar radiation and
generate important temperature variations [28]. The city’s disposition is strictly dependent
on the location of those two volcanoes, with the western part not heavily urbanized due to
the presence of the Phlegrean Fields craters and the industrial part in the northeastern part
of the city. The urban center is in the southern part, near the coast, and it is characterized by
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narrow streets, alleys, and tall and closely spaced buildings that limit the Sky View Factor
(SVF). This implies that the incoming solar radiation is reduced because of the presence
of buildings. The decreased natural ventilation creates difficulties in air management and
heat exchange [29]. The low SVF, plus a high percentage of cemented surfaces due to high
building density and pavements, scarce urban greenery, and high vehicular traffic, make
Naples an excellent case study for defining Rn for different population categories [18,29].

Figure 1. Study area. (a) Naples’ territory. The dashed line represents the boundary of the Naples
Municipality, and the numbers indicate the corresponding neighborhoods, as listed in Table 1. On the
west, (b) represents a zoom of the Solfatara vent; this area is used as the LST validation site. Source:
Google Satellite.

Table 1. Identification number for each neighborhood shown Figure 1.

Neighborhood Numbers Neighborhood Numbers Neighborhood Numbers

Chiaia 1 Ponticelli 11 San Giuseppe 21
Arenella 2 Scampia 12 Barra 22
Avvocata 3 Secondigliano 13 San Giovanni a Teduccio 23
Chiaiano 4 San Pietro a Patierno 14 Mercato 24
Fuorigrotta 5 San Carlo all’Arena 15 Pendino 25
Miano 6 San Lorenzo 16 San Ferdinando 26
Montecalvario 7 Vicaria 17 Bagnoli 27
Pianura 8 Stella 18 Posillipo 28
Piscinola 9 Soccavo 19 Zona Industriale 29
Poggioreale 10 Vomero 20 Porto 30
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2. Materials and Methods
To perform the SUHI, LST was estimated using remotely-sensed data, retrieving bright-

ness temperature, emissivity values, and atmosphere parametrization. The satellite data are
provided by the Landsat Thermal Infrared Sensor (TIRS) [28,30–34] and the Advance Space-
borne Thermal Emission Radiometer Global Emission Dataset (ASTERGED) [28], while the
atmosphere parametrization are given by the National Center for Atmospheric Research
(NCAR) and the National Center for Environmental Prediction (NCEP) [28,30,32,35]. This
paper is focused on the Rn to UHI definition; for this reason, population datasets in the
Naples area are also required. Population datasets are provided by the HDX Meta popu-
lation dataset. HDX is a platform that lets users, for research and management purposes,
access socioeconomic data mostly collected by Meta through Data for Good [30,35–37].

2.1. Data
2.1.1. Satellite Data

Since 1972, Landsat satellites have gathered imagery of the Earth’s surface, building
unparalleled historical archives [28,33,34]. L8 was launched in February 2013; for this
reason, the authors decided to focus on the temporal window ranging from 2013 to 2023.
To thicken the historical series, images from Landsat 9 (L9, launched in 2021, with the same
characteristics as L8) were also used. L8 presents sixteen days of temporal resolution and
incorporates two primary sensors: The Operational Land Imager (OLI) and Thermal In-
fraRed Sensor (TIRS) [33,34]. OLI operates from visible to shortwave infrared wavelengths
and is characterized by eight different bands, with a spatial resolution of 30 m and a wide
range of 185 km. An additional panchromatic band with 15 m of resolution is incorporated
in OLI, while TIRS operates in the infrared region with two bands, band 10 and band 11.
Because of technical issues due to calibration uncertainties, the United States Geological
Society (USGS) released a notice regarding the utilization of band 11 [28,33,34], for this
reason, band 10 is used in this work. Infrared bands present a spatial resolution of 100 m.
Still, for easier use by the users, the USGS performed a resampling with cubic convolution
to 30 m to coincide with the OLI and TIRS spatial resolution [28,32–34].

2.1.2. Emissivity Data

Emissivity is an intrinsic property of a material, often regarded as an indicator of
material composition, and can be derived from the emitted radiance measured from
space [28,32,38,39]. Surface emissivity is mandatory data in the LST retrieval, and the
ASTERGED emissivity data may be downloaded directly from the USGS website [38,39].
Emissivity data products are generated by using clear sky pixels of ASTER images acquired
from 2000 to 2008 with an original spatial resolution of 100 m [28,35]. To combine them
with TIRS spatial resolution, ASTERGED emissivity is appropriately resized to 30 m. The
decision to use the emissivity values provided by ASTERGED is driven by the necessity to
compute LST images in the nighttime, when the main source of energy is the one emitted
by the Earth, to avoid compliance with the emissivity estimation in the absence of solar
radiation [28]. Indeed, during the day, surface heating is strongly influenced by direct
solar radiation, shadowing, albedo differences, and building orientation. At night, the
absence of solar radiation reduces these shortwave effects, meaning that thermal emissions
primarily reflect stored heat in urban materials. This makes nighttime images more reliable
for detecting LST in urban areas. Furthermore, nighttime data may be less affected by
atmospheric scattering from dust and aerosols compared to the daytime; at night, shading
plays a negligible role, making LST estimation more uniform and representative of surface
thermal conditions and using nighttime data allows more consistent temporal comparisons
of UHI, providing a stable basis for long-term UHI trend analysis, as proposed in this
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paper’s use of nighttime LST. It is important to note that ASTER’s emissivity can be directly
used as TIRS’s emissivity due to spectral similarity, since their spectral settings are very
similar. As reported above, from the Landsat collection, we have used band 10, which is
located at about 10.90 µm, and ASTERGED band 13, located at about 10.50 µm.

2.1.3. Atmospheric Correction

Information about atmospheric water vapor content is required to better account
for the atmospheric contribution in the TIR observation [28,32]. Information about Total
Column Water Vapor (TCWV) content is provided by NCEP and NCAR, where atmospheric
water vapor data are used to define the Total Precipitable Water (TPW) which is the product
that represents the total integrated moisture in the atmospheric column from the surface to
the Top of Atmosphere (TOA) [32]. For every daily and temporal interval, a precise value
of TPW has been assigned on a scale of 10 classes (from 0 to 9) with an interval of 6 cm of
water vapor column [28,32,35].

2.1.4. Population Dataset

Information about people living in the studied area (Figure 1) is provided by HDX
Data for Good at Meta, a computer vision method based on machine learning to create
population density maps from satellite imagery and mobile Global Navigation Satellite
System (GNSS) tracking at a global scale, with a spatial sensitivity at building scale [35,38].
Satellite data are combined with census data at the municipality scale to retrieve raster
maps for 18 countries in the world [40]. HDX aims to access high-resolution popula-
tion density maps, estimating the number of people living within 30 m grid tiles. The
dataset also provides insights into the distribution of specific population groups, divided
into children under 5, women of reproductive age, the elderly population, and the pop-
ulation of men and women [40,41] and can be downloaded, for free, directly from the
HDX web page (https://data.humdata.org/organization/meta?q=population%20density&
sort=score%20desc,%20last_modified%20desc&ext_page_size=25 (accessed on 4 September
2025). From there, Italian high-resolution population density maps (in GeoTiff format) are
downloaded for each population category from the following link: https://data.humdata.
org/dataset/italy-high-resolution-population-density-maps-demographic-estimates (ac-
cessed on 4 September 2025). These maps were then cropped according to the Naples
study area and they allowed us to determine how Naples’ population is distributed in
the urban area, permitting the identification of the geographic regions most impacted by
UHI [37,40,41]. No single user private/public Facebook account has been used in the
project; therefore, the data used contains no personally identifiable information [41]. The
final datasets provide insights into the distribution of specific population groups in indi-
vidual countries, including the number of children under 5, elderly people over 60, men
and women, and women of reproductive age in GeoTiff and CSV format. The population
dataset is related to 2020 with the latest modification dating to 2022 [40].

To better understand where the population is more concentrated, the neighbourhoods
making up Naples’ municipality are imported and identified according to Table 1.

2.2. Processing

Determining the LST over the Naples area is the first step in retrieving Rn. The LST
estimation is computed in the Google Earth Engine (GEE) platform, following the Statistical
Mono Window (SMW) algorithm for the nighttime images, as described in [28] and its
bibliography. In Figure 2, a flowchart of the SMW algorithm is shown [28].

https://data.humdata.org/organization/meta?q=population%20density&sort=score%20desc,%20last_modified%20desc&ext_page_size=25
https://data.humdata.org/organization/meta?q=population%20density&sort=score%20desc,%20last_modified%20desc&ext_page_size=25
https://data.humdata.org/dataset/italy-high-resolution-population-density-maps-demographic-estimates
https://data.humdata.org/dataset/italy-high-resolution-population-density-maps-demographic-estimates
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Figure 2. Workflow applied in the GEE procedure to retrieve the LST [28], where the variables are
as follows: Tb = brightness temperature, which is derived from L8 TIRS data by using the thermal
channel centered at 11 µm, which corresponds to band 10; ε = emissivity. Emissivity values are
necessary for LST computation from Tb images; A, B, C = atmospheric correction coefficients. These
are required to constrain the atmospheric contributions in the TIR observations.

According to the GEE procedure, a total of 213 nighttime LST images from 2013
to 2023 were nominally acquired by the Landsat mission. Despite this huge number of
images, a reduced number of acquisitions have been processed. Such a reduced number
is dependent on (1) the unpredictable low data quality and (2) cloud presence. By taking
these limitations into account, only 64 nighttime images were suitable for the analysis.
These images were downloaded and imported into QGIS to evaluate the permanent SUHIs
in the Naples territory. Images present a half-pixel shift. For this reason, to pile up the
images and build a unique stack, the “coregistration” plug in was used in QGIS version
3.40, considering a random image as a reference [28]. SUHIs are determined by extracting
the isotherms to highlight areas with high temperature values for the entire time series
according to Equation (2). To rely on the LST derived by EO data, we refer to [42], where
satellite temperature values obtained by L8, and L9, and ASTER data are compared with
temperature values acquired from the Permanent Thermal Surveillance Network (TIRNet)
located on the ground in the area of the Solfatara vent and in the Naples urban area. The
comparison among temperature time series extracted from satellite and TIRNet analysis
areas evidenced that temperatures estimated by satellite data are reliable compared with
values extracted from ground measurements provided by TIRNet frames acquired at
different spatial scales, used for validation purposes.

2.3. Risk Evaluation

The evaluation of SUHI-related risk is grounded in the framework proposed by
Crichton [24], which conceptualizes risk through the Risk Triangle. Within this framework,
risk (R) is defined as the probability of a loss (likelihood of adverse outcomes), expressed
as a function of three components: hazard (H), vulnerability (V), and exposure (E). This is
according to the following formula [24,43]:

R = H ∗ V ∗ E (1)

Each component is thoroughly explicated below.
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2.3.1. Exposure

Exposure represents the number of people or goods/assets that are at risk from a
SUHI event [43]. In the context of population risk from Urban Heat Islands, exposure
refers to the assets or individuals exposed/subjected to a specific phenomenon. In this
work, E is represented by the spatial distribution of the population within the study area,
derived from the Meta dataset, which classifies individuals into five categories: elderly,
children, women of reproductive age, women, and men. A higher concentration of a given
population category (i) corresponds to greater exposure. On the contrary, if the exposure is
null, one of the sides of Crichton’s Risk Triangle is missing, resulting in a risk value of zero.
A preliminary finding of this analysis is that SUHI-related risk is directly associated with
population density distribution.

2.3.2. Hazard

In the context of Urban Heat Islands, hazard (H) refers to elevated ambient tempera-
tures in urban areas, caused by human activities and the built environment, which may
pose risk to human health and well-being [43]. Therefore, H is represented by the LST.
Based on the LST trend analysis conducted using the methodology described in Section 2.2,
isotherms with 1 ◦C intervals were extracted to detect SUHIs, with the main SUHI iden-
tified in the city centre of Naples. The threshold temperature defining the occurrence of
SUHI condition was calculated by applying the formula proposed in [44] and reported in
equation below (Equation (2)):

SUHI = LST > µ + 0.5 σ (2)

where µ is the mean temperature of the image selected for the analysis and σ is the
standard deviation of that image. Within the time series, the hottest image (dated 17 July
2023) was selected as H, as it represents the maximum spatial extent of the SUHI calculated
at 37 ◦C following Equation (2) (Figure 3). It is important to note that July 2023 was an
anomalous hot period with respect to the standard weather conditions, as also reported by
the local paper [45].

Figure 3. SUHI isotherm of 17 July 2023 settled at 37 ◦C; it represents the temperature boundary
above which SUHI is verified, with the temperature recorded as reported in the figure, and the black
dashed square represents the harbor area where the maximum temperature is recorded.
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2.3.3. Vulnerability

Vulnerability is defined as the degree of sensitivity of assets exposed to risk [28]. In the
context of the population’s sensitivity to heat stress, vulnerability depends on information
related to the health status and socio-economic conditions of the exposed population. Since
such information is not provided by HDX, a scale from 0 to 1 has been defined based on
medical literature [46–52], in order to assess population sensitivity to heat according to
age and physical condition. It should be noted that the extreme values (0 and 1) were
excluded as no population group can be considered either completely insensitive of fully
sensitive to heat stress. As in Table 2, the elderly constitute the most vulnerable population
group to heat, due to a reduced ability in thermoregulation. Children are also considered a
vulnerable category because of their metabolic condition and high body surface area-to-
weight ratio (BSA/weight). Pregnant women are classified a vulnerable category because
of hormonal and cardiovascular alterations. Their physiology allows them to tolerate heat
more effectively. However, specific conditions—such as outdoor occupations or athletic
activity—can increase their vulnerability [46,47,50]. Table 2 summarizes the R definition
for all population categories as classified in the Meta dataset.

Table 2. R values for each population category. The 0.2 step has been used to define the index from
0 to 1. Note that the minimum and maximum outliers, 0 and 1, are not considered because no class is
completely immune or fully at risk to heat stress.

Population Class Risk (R)

Over 60 0.8
Children under 5 0.6
Pregnant women 0.4
Adults Women 0.2
Adults Men 0.2

After presenting all components contributing to heat stress risk for each population
category, R can be calculated according to Equation (1), where, as described above, E
correspond to the population density, H to LST, and V to the vulnerability values reported
in Table 2.

Once the R has been defined according to the components just described, the final
normalize risk index (Rn) for each population class is obtained following the minimum
maximum normalization of equation (Equation (1)):

Rn =
(R − R min)

(R max − R min)
(3)

3. Results
This section presents the results of the Rn distribution, analyzed in relation to popula-

tion location and building structures. After that, a statistical summary will be reported and
discussed in the following section.

3.1. Local Climate Zones

To better constrain the spatial extent of SUHI and their impacts on the population, the
Local Climate Zone (LCZ) classification has been adopted. The methodological approach
is detailed in [53] and references therein. The LCZ classification system is adopted in this
approach due to its categorization of urban environments according to their physical and
climatic characteristics. This structured framework enables the climate profiles within
cities to be distinguished more effectively. When combined with surface temperature data,
LCZ classification enhances the ability to pinpoint zones that are particularly vulnerable to
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extreme heat. The LCZ classes are formally defined as regions of uniform surface cover and
human activity, characterized by a typical screen height temperature regime that is most
apparent over dry surfaces; on calm, clear nights; and in areas of simple relief [53,54]. This
scheme divides urban surfaces into 17 categories with different geometric structures, land
covers, and surface materials [54]. LCZ classifies the built types on a scale from 1 to 9, where
class 1 represents the compact high-rise, with a dense mix of tall buildings and few or no
trees. In contrast, class 9 represents a sparsely built area with a sparse arrangement of small
or medium sized buildings in a natural setting. An additional class, class 10, is present in
the description of the build types and refers to areas of heavy industry with low-rise and
mid-rise industrial structures and land cover mostly paved. Another classification in LCZ
refers to the land cover types with a class scale from A to G. A refers to areas characterized
by a heavily wooded landscape. In contrast, G refers to water bodies [55–57]. Using LCZ
classification instead of LC in the UHI analysis facilitates an exploration of how urban
geometry and land use impact the patterns of LST and UHI, providing a novel perspective
for urban planning [58]. In Figure 4, a general view of Naples’ LCZ is reported.

Figure 4. LCZ in Naples; the legend is based on [57]. The black square represents the historical center
of Naples, while the dashed line represents the industrial area.

Using the zonal statistic tool in QGIS, the median value of LCZ for each neighbourhood
is extracted for the Naples area. The results in Figure 5a show that the most common LCZ
classes are 2, 5, 6, 8, 9, and 10, while the maximum temperature recorded in those LCZ is
reported in Figure 5b.

A comparison between the population dataset provided by Meta and the LCZ permits
a description of the studied area in terms of urban landscape and social distribution,
confirming that the main exposure of the population depends on the “morphological”
urban model. Indeed, the urban population’s risk to extreme urban climate is emphasized
in the areas with LCZ 2, 6, 8, and 10, high-rise and low-rise buildings with no vegetation
around, and the industrial area. A focus on the principal neighbourhoods making up the
urban centre, according to Figure 4, shows that the historical area (Figure 4 black square)
is characterized by LCZs 2, 5, and 6. In these LCZs, the buildings are mainly compact
mid-rise and compact low-rise, hence there is a dense mix of mid and low-rise buildings,
on average of five storeys, and rare urban vegetation. The surface is mostly paved, and the
most common materials are stone, brick, and concrete. The presence of these low albedo
materials, which are characterized by significant absorption of solar radiation and a slow
release of heat during the night, together with intense anthropogenic activity, creates the
conditions for a significant increase in temperature and the formation of SUHIs in this
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area. The eastern part (dashed line in Figure 4) is characterized by offices and factories;
therefore, according to Figure 5a, the LCZs are 6, 8, and 10. Those LCZs are typified by
open arrangements and different heights of buildings, from one storey to more than ten
storeys. The vegetation in these areas is dispersed and typically composed of bushes and
scattered trees. By comparing the LCZs distribution and LST distribution, the mid-rise and
low-rise structures, in both compact and open buildings, show higher temperature values,
identifying the placement of the SUHIs.

Figure 5. (a) Median of all the LCZs for each neighbourhood (represented according to “Num-
ber” in Table 1). (b) Maximum temperature value recorded in each neighbourhood for the
representative LCZ.

3.2. Risk Indices with Reference to Each Population Category Distribution

According to the LCZ distribution presented in the previous section, the Rn distribu-
tion for each population category, in relation to LCZs and SUHI areas, is reported at the
neighbourhood scale. Figure 6 shows a heat map of Rn values for each demographic class
in relation to LCZs with the colour bar indicating the magnitude of Rn.

Figure 6. Heat map showing Rn values for each population category in each LCZ.
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Figure 6 demonstrates that the highest Rn are observed for elderly people in LCZs 2, 3,
and 6, predominantly located in the urban centre, with Vn values ranging from 0.73 for
LCZ 6 to 0.80 for LCZs 2 and 3. Elevated Rn values are also observed in LCZ 3 for men,
women, and pregnant women (0.73–0.74). Rn exceeding 0.80 are reported for men (0.85) and
women (0.81) in LCZ 6, the most common LCZ in the Naples area (Figure 5a). This likely
reflects that the higher representation of men and women in the population, confirming
that Rn is directly proportional to the population density. LCZ 8 exhibits the highest Rn

values across all the demographic classes, ranging from 0.80 for elderly people to 0.93
for women. This LCZ, characterized by large low-rise buildings with minimal vegetation
(Figure 4 legend), also corresponds to areas with the highest temperature (Figure 5a,b).
The lowest Rn values for all demographic class are observed in vegetated areas (LCZs 11
to 17, corresponding to LCZs A to G in Figure 4). LCZ 11 occupies a small portion of the
northwestern part of Naples, where elderly population density is relatively high, further
confirming that Rn depends on population density. The remaining vegetated LCZs (12–17)
have Rn values close to 0, as these areas are unpopulated. Rn values of 1.00 were excluded
from the analysis because they result from a calibration error in HDX Data for Good at
Meta, which contained abnormal density values.

Figure 5a,b and Figure 6 indicate that Rn is related to the LCZ, with the highest Rn

values observed LCZ 2, 6, and 8, corresponding to areas of high population density in the
city centre and industrial zones. These results support the relationship between Rn and
population density. Figure 7 shows the correlation between Rn and population density.

Figure 7. Scatter plot representing the correlation between Rn and population density for each
demographic category.
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As shown in Figure 7, Rn is strongly correlated with population density as this vari-
able represents the E in Equation (1); thus, an increase in E correspond to an increase in
R. Population density is represented on a different scale depending on the general values
provided by the HDX Data for Good at Meta, showing a predominance of women and men
(5–15 individual/km2) and a lower density of children under 5 (0.5–2 individuals/km2).
It is important to note that these represent average population densities across the entire
Naples area and do not precisely reflect the distribution of residents in specific neighbour-
hoods. The correlation coefficient is proximal to 1 for all population categories (0.98–0.99),
indicating an almost perfect correlation between population density and actual heat stress
risk in SUHI areas.

Finally, a general summary of Rn values for each demographic class is reported in
Figure 8.

Figure 8. Box plot representing Rn distribution for all the demographic classes.

Here, the Rn distribution is presented for each demographic category. Specifically,
children under 5 and elderly people over 60 exhibit a low median value compared to other
categories, but their Rn ranges (i.e., the box lengths) are particularly high. Both categories
also display a greater number of outliers, indicating that these two categories (especially
the elderly) present the highest Rn values, while children under 5 show a high variability
in the Rn distribution, as shown from the outliers. Generally, men, women, and pregnant
women show a similar trend, with a median Rn of 0.2 and a minimum maximum range
from 0.1 to 0.3.

3.3. Risk Indices Referring to the LST

This section presents the Rn distribution for each demographic category in relation to LST.
Figure 9 shows the Rn distribution as a function of LST for all demographic class.
These charts confirm a quite good–moderate dependency of Rn on LST across all

the categories. Specifically, all categories exhibit a dense concentration of Rn (≈0.2) from
35 to 37 ◦C, corresponding to the that is the SUHI boundary (Figure 3). Some outliers occur
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within the SUHI temperature range (37–40 ◦C), while Rn concentrations notably decrease at
higher temperatures, indicating SUHI areas with high vulnerability. The r was calculated
for each population category to assess the relationship between Rn and LST. Results indicate
a moderate correlation, with r values ranging from 0.38–0.40 for the elderly and children
(the two categories showing greatest variability in Figure 8) to higher values of 0.42 for
men, women, and pregnant women (confirming the similar Rn trend in Figure 8).

Figure 9. Rn distribution according to the LST.

4. Discussion and Conclusions
This work analyses the issue of population risk to heat stress during the SUHI period

by combining computational solutions such as GEE and consolidating algorithms (SMW)
for remote-sensed data analysis to show a versatile procedure for SUHI identification and
monitoring. The LST derives from L8 and L9 satellites using the methodology have already
been presented in [28].

Although numerous studies use satellite-derived LST to study the urban thermal
environment, it is important to remember that LST is derived exclusively from thermal
radiation emitted by the Earth’s surface; its ability to accurately represent the impacts
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of high-temperature events on urban residents must be integrated with other data and
parameters to improve performance. Beside these considerations, the limitations of satellite
spatial resolution should also be considered. A new incoming operational mission will
deliver suitable data with finer GSD but, for now, the spatial resolution must be considered
when attempting more localized analyses. Satellite measurements help show that the
evaluation of SUHI permits the mapping of hotspots and identifies higher heat risk areas
with associated sensitive communities. The LST nocturnal data are provided by remote
sensing imagery for a time series from 2013 to 2023. LST images were analysed to determine
the location of permanent SUHIs in the study area, such as the one in the urban centre. From
the LST time series, the hottest image was chosen and analysed together with the population
dataset provided by HDX Data for Good at Meta to compute the Rn for the population
categories subdivided into men and women, women of reproductive age, children under 5,
and elderly people over 60. The results showed that the most sensitive population classes
are the elderly, children under 5, and men. Elderly and children present a high value of R
(0.8 and 0.6, respectively) due to their physical condition, but men present a low value of
V (0.2); for this reason, the high Rn may be associated with the high percentage of men in
Naples. The elderly are the most sensitive to heat stress, with an Rn ranging from 0.6 to
0.8 in several LCZs, because of reduced mobility and predisposition to dehydration due
to the reduction of thirst sensitivity. Another population category particularly vulnerable
to heat stress is children under the age of 5, with an Rn from 0.2 to 0.8. Infants and young
children are at greater risk of dehydration than adults because of their higher surface
area/volume ratio and greater daily fluid turnover, with greater fluid losses even under
healthy conditions. Pregnant women also present a notably elevated Rn (with a maximum
value of 0.88 in LCZ 8) due to their reduced thermoregulatory capacity. In conclusion,
each category presents a grade of Rn to heat stress in SUHI areas directly proportional
to temperature values and demographic density. At the end of this paragraph, Table 3
presents a general résumé of this concept. According to Table 1, the average LCZ and
Rn values for all the categories were reported for each neighbourhood. It is important
to highlight that in some neighbourhoods, some mean Rn values are 0 because some of
the variables used to compute the effective risk (so H, E or V) are quite close to 0 and as
such were not used for the computation. Studies concerning assessing the effect of SUHIs
are critical to identifying risk areas and optimizing mitigation interventions to improve
people’s quality of life.

The strength of the proposed approach is the exportability, nominally worldwide or
at least in any area where a long time series is available. Indeed, this code permits the
retrieval of the high-resolution LST in different contexts and climatic conditions, dependent
only on the availability of the input data concerning, in particular, the TIR bands (in this
case the L8 B10 (10.60–11.19 µm) used to extract the Tb and the emissivity (10.25–10.95 µm
ASTERGED B13) that are used to compute the LST for the nocturnal image stack. On the
other hand, limitations of this approach can be found in its reduced dataset, which greatly
decreases the reliability of the results. The algorithm requires only the LST retrieval by
applying SMW procedure and the auxiliary files needed.

This approach integrates (1) satellite data and the estimation of LST according to [32]
and validation measurements in the Solfatara area as well as (2) data from censuses to define
the population living in the study area also considering the analysis computed in [30].

This study enables the evaluation of the impacts of extreme temperature at a local scale
and could also be used to support the development of mitigation measures to counteract
the rising temperatures in urban areas.
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Table 3. Résumé table of LCZ, rates, and mean Rn values of each population category for each
neighbourhood according Table 1.

Neighborhoods Numbers Rates 2021
(EUR) LCZ Mean Rn

Men
Mean Rn
Women

Mean Rn
Pregnant
Women

Mean Rn
Children
Under 5

Mean Rn
over 60

Chiaia 1 49,978 6 0.077 0.088 0.063 0.038 0.109
Arenella 2 29,025 6 0.061 0.070 0.048 0.028 0.093
Avvocata 3 20,546 2 0.137 0.149 0.117 0.071 0.149
Chiaiano 4 16,241 9 0 0 0 0 0
Fuorigrotta 5 21,403 6 0.055 0.060 0.044 0.026 0.080
Miano 6 15,630 6 0.001 0.001 0.001 0 0.001
Montecalvario 7 20,406 5 0.201 0.201 0.163 0.112 0.175
Pianura 8 18,292 6 0.001 0.001 0.001 0.001 0.001
Piscinola 9 16,241 6 0 0 0 0 0
Poggioreale 10 17,274 6 0.031 0.032 0.025 0.017 0.037
Ponticelli 11 15,763 6 0.027 0.027 0.022 0.017 0.024
Scampia 12 16,241 6 0 0 0 0 0
Secondigliano 13 15,630 6 0.001 0.001 0.001 0 0.001
San Pietro a Patierno 14 15,630 6 0.004 0.004 0.003 0.003 0.004
San Carlo all’Arena 15 16,842 6 0.037 0.039 0.030 0.021 0.048
San Lorenzo 16 13,842 8 0.161 0.166 0.136 0.094 0.163
Vicaria 17 13,842 8 0.112 0.118 0.092 0.061 0.143
Stella 18 16,842 5 0.066 0.069 0.058 0.041 0.070
Soccavo 19 18,292 6 0.041 0.042 0.032 0.021 0.050
Vomero 20 38,393 6 0.113 0.132 0.090 0.052 0.180
San Giuseppe 21 34,757 2 0.064 0.071 0.049 0.034 0.096
Barra 22 15,763 6 0.026 0.025 0.021 0.016 0.028
San Giovanni a
Teduccio 23 15,906 9 0.060 0.063 0.050 0.041 0.058

Mercato 24 22,290 10 0.084 0.089 0.068 0.053 0.090
Pendino 25 22,290 8 0.121 0.128 0.103 0.076 0.135
San Ferdinando 26 24,704 6 0.089 0.095 0.073 0.045 0.114
Bagnoli 27 19,319 6 0.007 0.007 0.005 0.004 0.008
Posillipo 28 48,161 5 0.015 0.017 0.013 0.008 0.021
Zona Industriale 29 17,274 10 0.014 0.014 0.012 0.010 0.016
Porto 30 24,813 8 0.062 0.059 0.046 0.025 0.064
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