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Abstract: This study proposes a novel urban heat island detection method implemented
in a GIS-based framework, designed to identify the most critical urban areas during
heatwave events. The framework employs the fuzzy C-means clustering algorithm with
remotely sensed land surface temperature and normalized difference vegetation index
data to delineate and visualize hotspots. The proposed approach is compared with other
established methods for urban heat island detection to evaluate their relative accuracy and
effectiveness. This methodology integrates advanced spatial analysis with environmental
indicators such as vegetation cover and permeable open spaces to assess urban vulnerability.
The city of Naples, Italy, serves as a case study for testing the framework. The results from
the case study indicate that the proposed method outperforms alternative methods in
identifying heat hotspots, providing higher accuracy and suggesting potential adaptability
to other urban contexts. This GIS-based approach not only provides a robust tool for urban
climate assessment but also serves as a decision support framework that enables urban
planners and policymakers to identify critical areas and prioritize interventions for climate
adaptation and mitigation.

Keywords: UHI heat island detection; FCM; GIS; urban vulnerability; climate adaptation

1. Introduction

Urban heat islands (UHIs) are becoming an increasingly significant concern for urban
environments and public health. These phenomena occur when urban surfaces such as
asphalt and concrete absorb and retain heat, resulting in higher temperatures compared
to surrounding peri-urban areas [1]. Excessive urban heat adversely impacts various
dimensions of urban systems, intensifying energy consumption and thermal stress on both
human and natural environments, with a decline in air and water quality [2,3]. As global
cities continue to grow in size and population, it becomes increasingly important not to
neglect the need for more accurate modeling and understanding of urban temperature
dynamics and their consequences [4].

Much of the existing literature on UHIs focuses on temperatures variability—examining
how temperature differences manifest seasonally or diurnally—and on assessing the public
health implications associated with heat stress, heat-related illnesses, increased mortality,
and elevated risks for vulnerable groups [5-7]. A further body of work explores how
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high temperatures affect energy demands (e.g., building cooling needs) and investigates
mitigation strategies, including changes to the built environment and the integration of
green spaces. Understanding these spatial patterns is essential for informed urban planning,
management, and climate resilience initiatives. Effective mitigation strategies depend on
methods that precisely detect the spatial distribution of UHIs and analyze the conditions
that contribute to them.

In the field of UHI analysis, two primary research approaches have been developed:

- Canopy-layer UHI analysis, in which a UHI is determined by measuring air tempera-
tures, typically about 2 m above the ground level [8];
- Surface UHI (SUHI) analysis, in which a UHI is derived from remote sensing data [9].

While the first approach requires direct measurements of the air temperature above
the ground, the second approach uses remotely sensed data on the thermal emissivity of
the land surface to measure land surface temperatures (LSTs). Remote sensing data and
above-ground air temperature measurements are not identical but are correlated [10-12].
In the literature, the two terms UHI and SUHI have become interchangeable in describing
UHI patterns.

In this study, we refer to SUHL. It is important to highlight that remote sensing data
offer greater spatial resolution and continuity compared to air temperature measurements.
Air temperature data, typically collected by weather stations or in situ sensors, are often
sparse and unevenly distributed [13], requiring interpolation techniques to estimate tem-
peratures across broader areas. These interpolation processes, however, can introduce
significant errors, especially in heterogeneous urban environments where microclimatic
variations are pronounced. In contrast, satellite sensors provide consistent and high-
resolution spatial coverage, capturing detailed thermal patterns across both urban and
surrounding landscapes. This makes remote sensing a more reliable tool for characterizing
the spatial dynamics of UHI.

Furthermore, unlike satellite-derived data, which offer consistent and globally acces-
sible measurements, air temperature data collection varies by location, depending on the
availability of monitoring infrastructure or specific survey campaigns. This variability
complicates the transferability of UHI detection methodologies, potentially limiting their
application in comparative studies across diverse urban settlements. Ensuring methodolog-
ical consistency and minimizing dependence on localized data sources are therefore critical
for enhancing the robustness and scalability of UHI detection frameworks.

Conventional UHI detection techniques involve a range of methods, including tradi-
tional classification methods such as threshold-based classification and spatial interpolation
and advanced methods based on supervised machine learning (ML) or deep learning (DL)
algorithms. Both approaches rely on remotely sensed datasets, such as LST raster data,
and normalized difference vegetation index (NDVI) data obtained from satellite imagery
(e.g., Landsat or MODIS), as well as meteorological data such as air temperature collected
from ground stations or sensing campaigns. These techniques have several limitations that
can impact their accuracy, scalability, and adaptability to different urban settlements. Ma-
chine learning (ML) and deep learning (DL) methods, while effective, depend on carefully
labeled datasets, substantial computational resources, and expert knowledge. Moreover,
data collection and management can be resource-intensive and error-prone, particularly
in complex urban environments, limiting the scalability and efficiency of supervised tech-
niques in UHI studies.

We propose an unsupervised UHI detection method based on the fuzzy C-means
(FCM) fuzzy clustering algorithm. FCM is applied to detect urban heat islands from
satellite-derived LST and NDVI data acquired during heatwaves. Additionally, the method
assesses the spatial reliability of the detected urban heat islands based on the membership
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degree of datapoints within the clusters. This represents an advantage over other methods,
which do not allow for reliability estimation.

In response to the limitations of traditional methods, unsupervised Al-based UHI
detection techniques offer a more detailed and adaptive approach to UHI detection. In
addition, unlike Al-based supervised techniques, the proposed unsupervised UHI detection
technique based on FCM does not require large, accurately labeled datasets, which are
often difficult and costly to obtain. FCM identifies clusters directly from the data, assigning
each data point a membership degree across multiple clusters. This flexibility allows
the proposed FCM-based UHI detection method to better capture the continuous and
heterogeneous nature of UHIs, providing a robust framework for accurately mapping and
understanding UHI patterns.

Furthermore, to overcome the limitations of FCM in assigning the number of clusters a
priori, the proposed method adopts a preprocessing phase in which validity indices such as
Xie-Beni, Fukuyama-Sugeno, and Davies-Bouldin [14] are measured in order to determine
the optimal number of clusters. These indices determine the optimal number of clusters
by measuring the similarity between data points of each cluster and the dissimilarities
between clusters.

Additionally, the proposed method has the advantage of estimating the reliability of
the localization of the detected UHIs. This estimate is performed by measuring the average
degree of belonging to the corresponding cluster of the data points that fall within the UHL
The higher this value is, within a range from 0 to 1, the more reliable the zoning and the
extension of the detected UHI. This provides more detailed information for the decision
maker to identify the urban areas most at risk during heat waves. This feature makes the
proposed UHI detection method a robust and efficient tool for an accurate and reliable
detection of urban heat islands.

In a nutshell, the proposed FCM-based UHI detection framework addresses key
limitations of traditional supervised methods and offers unique advantages, including
the following:

e  Rather than being fixed a priori, the optimal number of clusters is determined using
cluster validity indices. Their use allows for the assignment of the most appropriate
number of clusters, ensuring that the result of the detection process accurately reflects
the spatial patterns of UHISs.

e  The unsupervised nature of FCM eliminates the need for extensive labeled datasets,
significantly reducing computational requirements and preparation time compared to
supervised methods.

o  The flexibility of the proposed method allows it to adapt to various urban settings and
dataset configurations, making it a versatile tool applicable across different geographi-
cal and environmental contexts. This feature, combined with the framework’s ability
to provide detailed information on the spatial distribution of UHI patterns, enables
our method to provide valuable support for urban planners and policy makers in
choosing targeted, nature-based heat resilience and heat mitigation solution strategies
such as the implementation of green roofs and eco-streets, as well as enabling the
evaluation of mitigation measures.

The proposed framework was tested on the metropolitan city of Naples, Italy, using
land surface temperature (LST) and normalized difference vegetation Index (NDVI) datasets
derived from Landsat 8. By clustering these datasets, our integrative approach provides a
finer-resolution understanding of urban heat distribution, delivering refined precision in
UHI mapping.

The paper is organized as follows: Section 2 explores the latest advancements in UHI
detection using machine and deep learning methods, highlighting the shift from traditional
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supervised approaches to unsupervised clustering techniques. Section 3 provides a brief
overview of FCM and analyzes the validity indices employed to find the optimal number
of clusters. Section 4 introduces the proposed framework and details its functional compo-
nents. Section 5 presents and discusses the results of the tests executed on the case study.
Finally, the conclusions are outlined in Section 6.

2. Related Work

Traditional approaches to UHI detection present significant limitations in practical
applications. Direct methods of detection, such as composite thematic classifications of
LST and NDVI or threshold-based approaches, often generate substantial errors at the
urban scale due to the complex and heterogeneous nature of urban environments. These
methods struggle to capture the subtle variations and transitions in thermal patterns that
characterize urban landscapes.

More recent approaches to UHI detection employ supervised ML and DL algorithms.
These techniques present significant limitations in practical application. The primary
challenge lies in their dependency on extensive labeled training datasets, which require
considerable time and resources to collect and validate.

Recent research has begun to explore the effectiveness of clustering techniques for
identifying and mapping thermal patterns and hotspots, which are essential for informed
decision-making in urban environment management [15]. This progress has been facili-
tated by the growing availability of high-resolution urban datasets [16] and unsupervised
machine learning classification techniques, as highlighted by Lipson et al. [17]. These
unsupervised methods do not require predefined labels, making them particularly suitable
in contexts where satellite data labeling is complex and costly. Overall, these developments
enable a transition to quantitative “bottom-up” approaches [18], demonstrating significant
potential for more flexible and adaptable UHI detection by identifying complex thermal
structures without manual supervision. Unsupervised learning methods have been applied
to a few urban studies [19], for example to identify representative building groups and
predict energy use at the city scale [20], to derive a detailed morphological classification of
urban forms [21], and to identify typo-morphologies and perform thermal comfort simula-
tions with Envi-met [22]. Other studies have utilized clustering techniques to investigate
the surface urban heat island (SUHI) effect at the city scale [23]. In [24], a clustering-based
methodology using the principal components analysis (PCA), agglomerative hierarchical
clustering (AHC), and microclimate models, is tested to map urban heat island intensity at
the territory scale to support urban planning. Another study [25] proposes an unsupervised
learning approach based on Gaussian mixture models (GMMs), and GIS-data are used to
map urban heat island intensity across the Canton of Geneva for urban planning purposes.
The authors of [26] use k-means clustering to investigate the urban heat island effect in
Duran, Ecuador, and propose mitigation strategies. In [27], Wang and Zhang introduce a
functional zoning approach that utilizes weighted kernel K-means clustering to categorize
urban functional zones based on thermal characteristics, thereby addressing the urban heat
island phenomenon and informing urban planning and management strategies. A study by
Doan et al. [28] introduces a novel clustering framework, S k-means, designed for mining
spatiotemporal structured climate data. This framework enhances traditional k-means clus-
tering by addressing the complexities inherent in climate data, such as high dimensionality
and temporal variations. The ISODATA clustering method is used in [Cafaro et al., 2024]
to detect urban heat islands in the city of Naples (Italy) by analyzing Landsat LST data
acquired during heatwaves [29].

In Tehran, a fuzzy-based model was utilized to predict UHI locations by analyzing var-
ious contributing factors, achieving an accuracy of 78.6% in identifying high-risk areas [30].
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In remote sensing, FCM is used for land use and land cover (LULC) mapping, enabling the
differentiation of categories such as forests, agricultural fields, water bodies, and built-up
areas [30]. Itis particularly advantageous when analyzing regions with mixed pixels, where
a single pixel represents multiple land cover types. By considering the membership degree,
FCM enhances the accuracy of classification, especially in transitional zones or areas with
gradual changes.

Additionally, FCM is employed for detecting environmental changes by segmenting
satellite images captured at different times. This facilitates the monitoring of deforestation,
urban expansion, and other dynamic processes [31]. In climate studies, FCM is used to
identify areas with high pollution concentrations [32]. FCM has been used in healthcare to
identify areas with high concentrations of disease cases (such as epidemics) where cluster
boundaries are vague [33]. In the context of hotspot analysis, FCM can be used to identify
areas with values significantly different from the average, such as regions with high crime,
high traffic density, or fires.

Despite the many applications of FCM, its use in the analysis of UHIs remains an un-
explored field. This study aims to demonstrate the effectiveness of this clustering algorithm
in detecting UHIs, highlighting its several advantages over traditional detection methods
commonly found in the literature. By integrating FCM within a GIS-based framework, our
research introduces an innovative methodology for identifying UHI hotspots, providing
urban stakeholders with a robust tool for implementing targeted measures to mitigate UHI
effects and enhance urban resilience.

3. Preliminaries

In this section, the FCM algorithm is synthetized, and the validity indices used in
our framework in the preprocessing phase to set the optimal number of fuzzy clusters are
briefly described.

3.1. FCM Clustering

FCM [34,35] finds the cluster centers V and the partition matrix U that minimize the
following objective function:

cN o CN ,
JUV) =) ) uitdi =) ) ui|jx—vi 1)
i=1j=1

i=1j=1

where djj = ij — v H is the Euclidean distance between the center v; of the ith cluster and
the jth data point and m&[1,+«) is a parameter, called a fuzzifier, that defines the degree
of fuzziness of the partition. For m = 1, FCM becomes a hard C-means clustering method;
the more m trends towards +«, the more the fuzziness level of the clusters increases. An
acceptable value for this parameter is m = 2.

The following constraints are respected:

C
uj = 1 VJ S {1,...,N} 2)
i=1
N
0<) uy< NVie{1,..,C} (3)
=1

where Equation (2) states that the sum of the membership degrees of all clusters is equal
to 1 and Equation (3) establishes that at least one data point must belong to a cluster with
a non-zero membership degree and that the sum of the membership degrees of the data
points in a cluster is less than the number of data points.
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By applying the Lagrange multipliers to the Equation (1), the following solutions for
V and U are obtained:

N m
Li=1 Ui .
Vi = m ie{1,..C} )
]
and .
U= —————5— ied{l,..,C},je{1,..,N} (5)

i (a)"
In [34,35], an iterative algorithm is proposed that allows for the minimization of the
objective function (1), determining the solutions for V and U.
Initially, the C cluster centers are assigned randomly; at each iteration, the partition
matrix is computed by (5), and the cluster centers are computed by (4). The algorithm stops
after t iterations, when the following is true:

v —utVl<e  i=1,...,G  j=1,...,N (6)

where ¢ > 0, called the end iteration threshold, is a parameter assigned a priori to terminate
the algorithm if the maximum absolute difference between the partition matrix computed
in the tth iteration and the previous partition matrix is below this threshold. In (6), this
maximum absolute difference is given by the following;:

u® — gt = max { ui(.t) —ult } i=1,...,¢ j=1,...,N (7)
. ] |
i=1,..C
j=1,..,N

FCM has been used as a clustering algorithm in a wide range of applications and
disciplines. It has the advantage of high computational speed, although it requires a priori
fixing of the number of clusters.

In addition, different initializations can lead to different evolutions of the algorithm,
which, in some cases, could converge to local minima. To overcome this limitation, it is
possible to execute the algorithm multiple times.

Below is a pseudocode for the FCM algorithm (Algorithm 1).

Algorithm 1: FCM

Input: Original dataset with N points
Number of clusters C
Fuzzifier m
End iteration threshold ¢
Output: The C segmented images

Initialize randomly the center of the clusters v;i=1,...,C
Repeat
Fori=1,...C
Forj=1,...,N
Compute uy; by (5)
Nextj
Compute v; by (4)
Next i
Until [U® —UtD | > ¢
Return V, U

O PN LD

—_
[
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3.2. Validity Indices

To ensure the robustness of the clustering results obtained from the FCM algorithm,
various cluster validity indices are employed. These indices help in determining the optimal
number of clusters by evaluating the quality of the clustering solution.

A cluster validity index is a numerical function of the number of clusters C; it measures
the compactness of clusters and the separability between clusters. A cluster validity index is
an effective method for determining the optimal number of clusters; its use does not require
any a priori knowledge of the structure of the dataset. Generally, the optimal number of
clusters C is determined as the value that maximizes or minimizes the index.

The following describes the three validity indices used in the proposed method, which
are among those most widely adopted in fuzzy clustering: the Xie-Beni [36], Davies—
Bouldin [37], and Fukuyama—-Sugeno [38] indices. A complete discussion of the various
validity indices proposed in the literature is provided in [39].

3.2.1. Xie-Beni Index (XBI)

The XBI is a popular fuzzy clustering validity measure proposed by Xie and Beni
in [36]. It is defined as the ratio of compactness and separation, as shown in (8), where
the sum of within-cluster squared distance, which is equivalent to the objective function
J(U,V), divided by the total number of data points in the numerator is the compactness of
the partition, and the minimum squared distance of cluster centers in the denominator is
represents the separation.

Ive oy ulx - vl

. 2
min — Vj
min v~ vi|

XBI(c) = (8)

where xj, v, and vy denote the jth object in the dataset and the ith and kth cluster centers,
respectively; m is the fuzzifier; and u;; is the membership degree of x; to the ith cluster.

The smaller the numerator, the more compact the cluster, whereas the larger the
denominator, the more the cluster is separated. Consequently, the smaller XBI, the better
the partition. The optimal value C for the number of clusters is given by the value c for
which XBI(c) is minimum. This is given by the following:

C = argminXBI(c) )
C

3.2.2. Davies-Bouldin Index (DBI)

This index evaluates the average similarity ratio between each cluster and its most
similar cluster. A lower Davies-Bouldin index indicates better clustering performance, as
it reflects greater separation between clusters. Computationally, the DBI requires several
computations.

1. For each cluster C;, calculate the average distance between each point in the cluster
and the cluster centroid:

_ 1
|G

Si Yo lx—q (10)

xeCj

where |C;| is the number of points in cluster C;, x is a point in the cluster, and ¢ is the
centroid of ;.

2. For each pair of clusters C; and Cj, calculate the distance between their centroids:

Mjj = [|ei — g (1
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where ¢; and ¢; are the centroids of clusters C; and Cj, respectively.

3. For each cluster C;, calculate the similarity ratio with another cluster C;. This ratio
considers the intra-cluster distances and the inter-cluster distance:

S, + S]
Rij = Ml]

(12)

4. For each cluster C;, find the maximum similarity ratio R;; with respect to all other
clusters Cj. The DBl is then the average of these maximum values over all clusters:

1
DBI = Er?;ix R (13)
The optimal value C for the number of clusters is given by the value ¢ for which XBI(c)
is minimum; it is given by the following:

C = argminDBI(c) (14)
C

3.2.3. Fukuyama-Sugeno Index

This index combines the membership degree and the geometrical property of the
dataset to evaluate a partition. It evaluates the quality of a clustering solution by measuring
the discrepancy between the compactness and separation of clusters. The mathematical
expression of FSI is given by the following:

FI= 3 Yl vl 3 (z m) — a5)

i=1j=1 i=1 \j=1

where the sum of within-cluster variances, as the first item in the equation, represents
compactness, while the sum of squared distances between each cluster center and the
mean of all cluster centers, as the second item in the equation, measures the separation pf
partition. The term o = 1Y% ; v; is the center of gravity of the centroids of the C clusters.
Obviously, a smaller FSI indicates better performance of clustering. This is given by
the following:
C= arnginFSI(c) (16)

By utilizing these validity indices, FCM can automatically determine the most appro-
priate number of clusters for the dataset, enhancing the accuracy of UHI detection. This
automated process reduces the need for subjective decision-making in cluster selection,
making the methodology more efficient and applicable across various urban settlements.

4. The Proposed Framework
4.1. The Methodological Framework

The methodological framework developed for the identification and analysis of UHIs
involves a systematic sequence of steps, as illustrated in the flow diagram in Figure 1.
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Figure 1. Flowchart of the model.

Below, the steps of the flowchart are described.

4.1.1. Data Acquisition

The initial step involves acquiring high-resolution geospatial data. Landsat 8 imagery is

selected due to its 30 m x 30 m spatial resolution, which balances detailed urban analysis with
manageable computational requirements. Two critical datasets are derived from this imagery:

Land surface temperature (LST): LST data are extracted from the Thermal Infrared
Sensor (TIRS) bands of Landsat 8. These bands capture thermal radiation, which is
then converted into surface temperature values using the split-window algorithm.
LST serves as the primary indicator of urban heat intensity.

Normalized difference vegetation index (NDVI): The NDVI is calculated from the near
infrared (NIR) and red bands of Landsat 8. This index measures vegetation density,
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providing insight into the cooling effect of green spaces in urban areas. NDVI is essen-
tial for understanding the interplay between vegetation cover and heat distribution.

The acquisition process also includes quality checks to filter out poor-quality imagery,
such as those affected by cloud cover or extreme atmospheric conditions, ensuring reliable
inputs for subsequent analyses. The selection of satellite images for the heatwave period is
carried out by analyzing heatwave periods according to the bulletin of the Italian Ministry
of Health.

4.1.2. Preprocessing

The datasets (LST and NDVI) were then subjected to geometric correction operations
to eliminate distortions caused by satellite acquisition or instrumentation errors and ensure
that all data share the same projection coordinate system. This allowed for a consistent
overlay of geospatial information. Once prepared and corrected, the dataset was subjected
to a resampling process to obtain a uniform resolution of 30 m x 30 m, thus facilitating a
correct comparison of the data without discrepancies related to different spatial resolutions.
This step is crucial for maintaining consistency across the datasets, allowing for accurate
integration and analysis of LST and NDVI values.

4.1.3. Dataset Creation and Setting the Number of Clusters

Each raster cell, now containing both LST and NDVI values, is treated as a multi-
dimensional data point. This integration enables the FCM algorithm to simultaneously
analyze the relationship between temperature and vegetation density.

A crucial aspect of running FCM is identifying the optimal number of clusters. The
study utilizes various validity indices, including the Xie-Beni, Fukuyama-Sugeno, and
Davies—-Bouldin indices, to determine the optimal number of clusters (C). This step is vital
for ensuring that the clustering results are meaningful and accurately reflect the underlying
data patterns. The use of validity indices represents one of the innovative aspects of our
method, as in other clustering approaches, the choice of the number of clusters is often
arbitrary and made a priori, which may not accurately capture the nature of the data.

After a careful analysis of the scientific literature, it was observed in [38] that the valid-
ity indices used in this study, including Xie-Beni, Fukuyama-Sugeno, and Davies—-Bouldin,
are among the most applied in the context of the fuzzy C-means algorithm.

This alignment with established practices not only reinforces the robustness of the
methodology but also enhances the credibility of the results, as these indices have been
shown to effectively evaluate clustering performance in various contexts.

4.1.4. Execute FCM

After creating the dataset, the FCM algorithm is executed using the optimal number
of clusters determined in the previous step.

As a result of the FCM algorithm, a classified raster image is generated, visually
representing distinct thermal and vegetation patterns across the urban landscape. Each
pixel in the raster is assigned to a cluster based on its maximum membership degree,
ensuring a clear spatial representation of the different identified areas.

4.1.5. Data Classification and Hotspot Detection

A plot of the clusters’ centroids is made after each pixel has been identified with the
cluster to which it belongs. This allows for the identification of two thresholds, called hot
and cold thresholds, which, respectively, are used to identify the hot and cold spots in
urban zones, which are defined by high LST and low NDVI and low LST and high NDVL

In the graph, the abscissa shows the LST, and the ordinate represents the NDVL
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The hot threshold identifies a point on the curve beyond which there is no significant
change in NDVI as the LST increases.

The cold threshold identifies a point on the curve before which there is no significant
change in the NDVI as the LST increases.

The plot in Figure 2 is an example of a trend in the NDVI with respect to the LST. Ini-
tially, the NDVI does not vary significantly with increasing LST; beyond the cold threshold
point, the NDVI decreases exponentially with increasing LST, up to the hot threshold point,
beyond which the curve shows a plateau, and the NDVI does not vary significantly with
increasing LST.

0.70

0.60 - <

0.50

0.40

NDVI

0.30

0.20

0.10

0.00
15°C 20°C 25°C 30°C 35°C 40°C
LST

HOTTHRESHOLD LINE

COLDTHRESHOLD LINE

Figure 2. Example of a centroid Cartesian plot: LST vs. NDVI.

The two lines in Figure 2, labeled hot threshold line and cold threshold line, are the
two horizontal lines intersecting the curve in the hot and cold spot points, respectively.

Once the centroids are plotted, a slope analysis is performed between adjacent cen-
troids in order to fix the two thresholds.

Slope is a measure of the change in one value relative to another. In the context of
centroid analysis, slope is calculated between adjacent centroids and represents the change
in LST and NDVI values. A steep slope indicates a rapid and significant change in values,
while a gentler slope suggests a more gradual change.

An area with a steep slope could indicate a transition from an area with high vegetation
and low temperatures to an area with low vegetation and high temperatures. These
transitions can be indicative of phenomena such as UHIs, where temperatures increase
dramatically due to the lack of vegetation and the presence of artificial surfaces.

The two thresholds are fixed based on the value of the slope. The cold threshold is set
as the point on the curve beyond which the slope increases to more than 10%. Likewise, the
hot threshold is set as the point on the curve beyond which the slope definitively decreases
to below 10%.

To set the threshold values, a preprocessing activity was performed in which, by
varying these values, the corresponding hot and cold spots were detected, and their
average reliability was measured. The threshold values of hot and cold spots equal to the
points on the curve beyond which (below which) the slope decreases (increases) by 10%
are those that provided the highest average reliability.

Furthermore, the resulting hot and cold spots were compared with a high-resolution
digital orthophoto. This comparison was performed by observing that the detected hotspots
corresponded on the digital orthophoto to predominantly impermeable areas with high
building density and/or no vegetation and that the cold spots corresponded to areas
predominantly with vegetal cover.
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After selecting the two thresholds in the plot, the urban area hotspots are generated
by aggregating neighboring pixels belonging to clusters having centroids beyond the hot
threshold. Similarly, cold spots are generated by aggregating neighboring pixels belonging
to clusters having centroids before the cold threshold.

4.1.6. UHI Selection by Reliability Analysis

In order to evaluate the reliability of an urban hotspot and identify it as a UHI, a
reliability index is measured that is connected to the uncertainty of the membership of the
pixels that compose the hotspot, where the uncertainty of the membership of a pixel to a
cluster is given by its membership degree to that cluster.

This measure is obtained using a zonal statistical functionality that provides, for each
hotspot polygon, the average value of the membership degrees to its own clusters of the
pixels that compose it.

Formally, if the hth hotspot is obtained by aggregating N}, pixels and u; is the mem-
bership degree of the jth pixel to the cluster to which it is assigned, the reliability of the
hotspot is given by the following;:

Np

rel 1 u
h = 7 j
Nh].:1 )

(17)
This reliability index allows us to analyze the uncertainty and reliability of hotspots.
Finally, each urban hotspot is identified as a UHI and is assigned a reliability level.

The reliability measure provides an estimate of how reliable the hotspot identification is as

a UHI. Hotspots with reliability values higher than 75% are UHIs with a high degree of

certainty; hotspots with reliability levels lower than 50% may represent areas with different

urban and morphological characteristics that influence the surface behavior; they may be
potential UHIs, but an in-depth urban scale analysis is needed to understand the behavior
of the urban surface during heatwaves in these areas.

4.2. The Case Study

The experiment was conducted in the urban context of the city of Naples, Italy, as shown
in Figure 3, due to its characteristics of high population density and building intensification.

Naples is characterized by a relatively small territorial surface, equal to 11,727 hectares,
and a high population density, with approximately 8566 inhabitants per square kilome-
ter. The metropolitan area of the city has a population of 295,700 inhabitants; of these
inhabitants, those residing in the municipality of Naples amount to 1,004,500 inhabitants.

The city’s climate is subtropical, slightly continental, and humid-subhumid with
the near absence of intermediate seasons, featuring increasingly intense rain showers
interspersed with long periods of drought.

In recent years the city has seen an increase in the frequency of heat waves lasting
more than a few days throughout the summer months.

In many areas of the historic center and in recently developed areas, the expansion of
concrete and asphalt surfaces has exacerbated the risk of thermal accumulation phenomena
during the summer months, a phenomenon that has intensified in recent years due to
the increasing frequency and duration of heat waves. The city center is characterized by
a particularly high concentration of building and population density, with a significant
prevalence of impermeable surfaces, to the detriment of the presence of urban green areas.
On the contrary, the western and northwestern areas of the city are characterized by a
greater diffusion of forest-type green areas, compared to the rest of the urban fabric. The
eastern peripheral districts are predominantly intended for industrial uses, featuring a high
building density along the coastal strip and a predominance of impermeable surfaces.
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Figure 3. Study area of Naples, Italy.

The input data necessary for UHI hotspot detection consist of LST and NDVI raster
datasets, both derived from remotely sensed imagery captured by the Landsat 8 satellite.
These datasets were acquired on 30 July 2022, coinciding with a recorded heatwave event
lasting 28 consecutive days, from 15 July to 11 August 2022. This ensures that the analysis
is representative of extreme urban warming conditions. The imagery is publicly accessible
through the USGS Earth Explorer platform.

The LST raster, derived from the Thermal Infrared Sensor (TIRS) bands (bands 10 and
11), which measure surface thermal radiation, exhibits temperature values ranging from a
minimum of 28 °C to a maximum of 56 °C; it is shown in Figure 4.

Figure 4. LST of the study area.
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The NDVI raster, derived from the spectral bands of the Landsat Operational Land
Imager (OLI) with a domain between —1 and +1, records values ranging from a minimum
of —0.16 to a maximum of +1; it is shown in Figure 5. The NDVI raster was processed
to match the spatial resolution of the LST dataset, ensuring accurate data integration for
subsequent analysis.

5km

Figure 5. NDVI of the study area.

The two raster datasets represent the input data for the execution of the FCM clustering
algorithm. The results and thematic maps of hotspot detection are shown in the following
subsection.

Following the calculation of the validity indices, it emerged that the optimal number
of clusters is equal to 9. The plot graph of the trend of NDVI with respect to LST is shown in
Figure 6, where the two threshold lines are plotted; the hotspots are obtained by dissolving
adjoining pixels belonging to clusters 3, 4, and 6. The cold spots are obtained by dissolving
adjoining pixels belonging to clusters 8, 1, and 9.
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Figure 6. Centroid Cartesian plot: LST vs. NDVIL
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The model was implemented on a GIS platform built using the ESRI ArcGIS Pro
3.4 Suite. Preprocessing, clustering, and fuzzy reliability calculations were performed
using ESRI ArcPy Python libraries for ArcGIS Pro 3.4, in which the FCM algorithm was
implemented.

5. Results and Discussion
5.1. UHIs Detected

The clusters obtained from the FCM were classified based on the LST and NDVI values
and divided into nine classes; the first class represents the clusters that have a high degree
of LST and a low level of NDVI; on the contrary, class 9 groups the clusters that record
the lowest LST value and the highest degree of NDVI. The classification result is shown in
Figure 7.

5km

Figure 7. Thematic map of the FCM’s output classification.

Following the classification of the FCM results and based on the hot and cold thresh-
olds shown in Figure 6, the clusters that constitute cold and hot spots were identified.
The polygons belonging to the clusters that exceed the cold threshold (9, 1, and 8, in turn
reclassified as 9, 8, and 7) were grouped to determine the cold spots of the study area;
similarly, the polygons belonging to the clusters that are below the hot threshold (3, 4, and
6, in turn reclassified as 3, 2, and 1) were grouped to determine the hotspots of the study
area. The hot and cold spot detection result is shown in Figure 8.

The thematic map delineates a pronounced prevalence and spatial distribution of cold
spots in the northwestern and western regions of the study area. This pattern is primarily
attributable to the substantial presence of green spaces in these zones, where vegetation
plays a critical role in modulating ambient temperatures and inhibiting the formation of
UHls. The inverse is evident in the prominent hotspot extending from the central to the
eastern periphery of the study area. This zone is typified by a dense urban fabric, extensive
industrial complexes, and a notable scarcity of vegetation, all of which contribute to the
intensification of heat.
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5km

Figure 8. Hotspot and Coldspot detection.

The northern region constitutes an anomaly in this context, as it, despite being charac-
terized by an abundance of medium-sized green spaces, represents a significant hotspot.
This localized thermal anomaly may be attributed to the specific nature of the greenery
present. Unlike the western sector, which predominantly features shrubland and woodland
vegetation types, the northern area is primarily dominated by urban green spaces, such as
decorative flowerbeds, which lack the substantial canopy cover provided by medium to
large trees. Consequently, these urban greenspaces may offer insufficient thermal mitigation
compared to more substantial, natural vegetation types.

Finally, a reliability analysis was performed to measure the average value of the
maximum membership degree of each hotspot; three classes were created based on the
value of the membership degree: Low, Medium, and High. The Low class groups hotspots
with a degree lower than 0.50; the Medium class contains hotspots with a degree equal to
or greater than 0.50 and less than 0.75; and the High class includes hotspots with a degree
equal to or greater than 0.75. The spatial distribution of the reliability classes is shown in
the thematic map in Figure 9.

The areas to the north and east of the study area exhibit the most extensive UHIs.
As previously mentioned, the causes are to be found in the typology of the urban fab-
ric that characterizes these areas, predominantly devoid of green spaces but rich in
impermeable surfaces.

Evaluating the reliability of each hotspot, it is possible to note that the vast majority of
the UHIs identified have a High value. Table 1 shows the percentages of UHI areas divided
into reliability classes calculated with respect to their overall surface.

Table 1. Percentage distribution of the average reliability classes of UHIs.

Reliability Class Area [km?] Percentage
High 43.87 94.26%
Medium 2.62 5.63%

Low 0.05 0.11%
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Figure 9. Thematic map of UHI detection by reliability analysis.

The sum of the UHI areas amounts to 46.54 km? and represents 39.92% of the entire
study area, which measures 118.38 km?.

About 95% of these UHIs have a reliability of High, which exceeds 0.75.

These results show that most of the urban areas of the city of Naples identified as
UHISs can be considered UHIs with a high level of reliability. This imply that the proposed
method provides a good reliability level for the UHIs detected.

To test the accuracy of the obtained results, the detected UHIs were compared with
those obtained by applying the UHI detection method in [29], where a sampling interval of
10 m was used and the number of classes was fixed to seven.

The sum of the UHI areas detected by employing this UHI detection method [29] was
42.97 km?, representing 36.30% of the area of the city.

About 95.75% of the UHIs detected using the proposed method were covered by UHIs
detected using the method [29]. Table 2 shows the percentage of UHIs with High, Medium,
and Low reliability that are covered by UHIs detected using the method of [29].

Table 2. Percentage of UHIs covered by UHIs detected executing the algorithm of [29].

Percentage of Area Covered by UHIs

. g 2
Reliability Class Area [km~] Obtained Using [29]
High 43.87 97.02%
Medium 2.62 75.16%
Low 0.05 57.68%

The results in Table 2 show that over 97% of UHISs classified as High reliability are
covered by UHIs detected using the method of [29]. This highlights that the proposed
UHI detection method provides accurate results and, unlike other clustering-based UHI
detection algorithms, provides an effective estimate of their reliability.
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5.2. Final Discussion

From the knowledge of the study area, its morphology, and the connotation of the
soil typologies, it emerges that the UHI detection model provides high accuracy in the
localization of UHIs. In fact, the determined hotspots cover urban areas characterized
mainly by impermeable materials and with high building density. On the contrary, the cold
spots cover urban areas rich in permeable green surfaces with high vegetative vigor. A further
benefit of the model is constituted by the assessment of the reliability of the UHIs detected.

The majority of the detected UHI areas have high reliability and, in comparisons
made with the model in [29], almost all the UHIs with high reliability are covered by
UHlIs detected executing the model [29]. The main limitation of the model is constituted
by the low resolution of the satellite LST data, equal to 30 m x 30 m, which affects the
precision of the localization of UHIs at an urban scale. To obtain a higher resolution, it
would be necessary to integrate the satellite data with on-the-ground measurements of the
LST; however, acquiring on-the-ground measurements at high spatial resolution would
require high costs and acquisition times.

6. Conclusions

A new GIS-based framework designed to detect UHIs and identify the most critical
urban areas during heatwave events is proposed. This approach applies the FCM algorithm
with remotely sensed LST and NDVI data to detect and assess the spatial distribution
of UHIs, where the optimal number of clusters is determined using well-known validity
indices. To assess the reliability of a potential urban hotspot and confirm its identification
as a UH]I, a reliability index is computed.

The study was carried out within the urban framework of Naples, Italy, chosen for its
notable attributes of elevated population density and significant urban development.

The application of the FCM algorithm, known for its computational efficiency, en-
ables the proposed methodology to be effectively applied to remotely sensed imagery.
Furthermore, the use of various validity indices allows for the determination of the optimal
number of clusters, even in the presence of noise in the data. An additional advantage
of the proposed UHI detection method is the assessment of the reliability of UHIs, which
represents a quantitative measure of the accuracy of the results and provides, in contrast to
other UHI detection approaches, a decision support tool for assessing the accuracy of UHIs.

A primary limitation of the proposed method lies in the relatively low resolution of the
LST raster derived from satellite-based thermal imagery. To potentially enhance the spatial
resolution of the LST dataset, the use of thermal cameras mounted on drones could be
considered. However, this would necessitate the deployment of specialized equipment and
costly data collection campaigns to comprehensively cover the entire urban area, with the
added challenge of the duration of such efforts potentially exceeding that of the heatwave
event itself.

Future research will focus on further improving the precision of this detection method
and conducting additional experiments across different urban environments and heatwave
scenarios. In particular, the framework will be integrated with heatwave vulnerability and
impact/risk models to provide decision makers with a comprehensive tool to support the
assessment of adaptation strategies in UHIs with high risks/impacts for residents” health.
Finally, this work can be addressed in future multidisciplinary research in which the results
will be further explored at a detailed scale with on-the-ground measurements, and the
contribution of urban analysis and planning specialists will be necessary to assess optimal
mitigation strategies and to evaluate the costs of the planned actions.
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