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Abstract

Since 2025, 45% of the world’s population of 8.2 billion people has lived in cities, and
by 2050, that number is expected to increase to 66%. As the number of people living in
cities increases, natural landscapes will be transformed into impervious surfaces, leading to
serious challenges and resulting in a phenomenon named the urban heat island (UHI) effect.
Although urban thermal variation has been studied globally, few studies have examined
the impact of land use transitions on local surface temperatures. This study aims to address
this gap by investigating the impact of LULC transitions on the land surface temperature
(LST) and the urban thermal field variation index (UTFVI) in the five most populated
cities in Saudi Arabia between 2000 and 2024: Riyadh, Jeddah, Makkah, Madinah, and
Dammam. This study provides not only a comprehensive overview of the cities in Saudi
Arabia but also a detailed analysis of each city using a novel approach that integrates
thermal land use analysis. In this study, Landsat TM-5, OLI-TIRS-8, and OLI2-TIRS2-9
were used to process the LULC using random forest machine learning and thermal indices.
Fifteen LULC maps were generated and assessed based on four classifications across the
cities and time periods: urban area, barren land, vegetation, and water. The difference-
in-difference (DiD) analytical approach was used to compute the thermal effect size and
compare the specified changed pixels (barren-to-urban, vegetation-to-urban) with stable
urban. Then, the relationship between the LST and the NDVI-NDBI were investigated. The
results show that the overall accuracy of the 15 LULC classifications ranged from 89.00% to
97.00%. The urban area increased across all the cities, with the greatest changes being
448.84,179.67, 177.96, 126.33, and 95.69 km? in Riyadh, Jeddah, Dammam, Madinah, and
Makkah, respectively. Furthermore, the vegetation cover increased in most of the cities
over time. The LST of the urban areas increased by 8.31 °C in Riyadh, 5.24 °C in Jeddah,
and 1.41 °C in Makkah in 2024 compared to 2000, while those in Dammam and Madinah
decreased by 2.67 °C and 0.60 °C, respectively. This study delivers robust insights into
two decades of urban surface temperature dynamics across major Saudi Arabian cities,
offering critical evidence to inform UHI mitigation strategies and support the long-term
sustainability of urban environments.

Keywords: classification; land surface temperature (LST); urban heat island (UHI) effect;
urban ecological thermal comfort (UTFVI); urban growth; Saudi Arabia

1. Introduction

Since 2025, 45% of the world’s population of 8.2 billion people has lived in cities,
and by 2050, cities will be home to most of the world’s population; the fraction of people
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inhabiting urban areas is estimated to increase to 66% [1-3]. This increase in population
and urban areas, in both size and magnitude, is expected to pose significant challenges
and opportunities for city designers and planners as well as environmental developers,
thus requiring intensified efforts to achieve sustainable city goals [4,5]. Urban land cover
change is simultaneously a cause and an outcome of global environmental change, which
modifies the Earth’s energy balance and biogeochemical flux dynamics, resulting in climate
change and changes in the Earth’s surface properties [6]. Urban areas with various human
activities are key drivers of climate change, including increasing greenhouse gas emissions
(producing more than 60% of carbon dioxide), expanding impervious land cover, and
reducing vegetative cover [7-11]. These drivers result in a phenomenon named the urban
heat island (UHI) effect, which is explained as the cities encountering higher surface
temperatures than the surrounding countryside areas, mainly because of human activities,
buildings, pavement, and reduced vegetation. The UHI effect leads to urban environmental
problems and a lack of urban human environment resilience, such as increases in solar
radiation, reduction in surface permeability, and diminishing quality of life [12,13].

With these challenges in mind, several actions can be taken to diminish the effect of the
UHI effect and improve the thermal comfort level in urban areas; examples of these actions
include increasing urban greenness, using cooling and reflective materials, implementing
green/cool roofs, improving urban design and planning, and lowering energy use and
heat waste [14-17]. These mitigation measures are significantly related to the properties
of the LULC classification, as the thermal behavior of each class directly shapes the urban
heat intensity. In particular, as urban development expands, natural land is replaced with
impervious surfaces, thus increasing the surface temperature of urban areas, whereas
vegetation cover and water bodies help reduce heat effectively [18,19]. In addition, barren
lands surrounding urban areas play a major role in increasing temperatures, especially
in arid and semi-arid environments where desert dominance and surface water scarcity
prevail [20,21]. Therefore, it is necessary to understand urban thermal environments by
examining the dynamic transitions in LULC, both spatially and temporally, using urban
thermal indices and remote sensing and geographic information science (GIS) technologies.

The development of remote sensing technologies has greatly assisted scientific commu-
nities by enhancing and accelerating computational processes for extracting spatiotemporal
information from satellite imagery [22]. One example is the Google Earth Engine (GEE)
platform for geospatial large-scale cloud processing. The GEE is characterized by its pro-
vision of petabytes of satellite imagery, powerful geospatial cloud computing, and being
freely accessible to users [23]. These features have encouraged researchers to focus on
research related to Earth observation on global, regional, and local scales using long histori-
cal satellite imagery. For example, Landsat has been one of the world’s longest-running
Earth-observation satellites since 1972, recording the Earth’s environmental changes for
over 50 years [24].

Building on this foundation, many global studies have investigated urban thermal en-
vironments in Asia [25,26], Africa [27,28], Europe [29,30], America [31,32], and in different
climatic zones. While global studies have provided a synoptic view of the UHI effect, local
studies in Saudi Arabia have addressed the characteristics of the urban thermal environ-
ment at the district, city, region, tourist-resort, and city-group levels, using different data
sources and approaches [33-39]. Munir et al. (2025) [33] analyzed the six most populous
cities in Saudi Arabia using the ERA5-land and CHIRTS-ERAS5 temperature datasets to
quantify and analyze the UHI effect intensity. Their results indicate that rural areas were
hotter than urban areas by ~1.5-1.7 °C [33]. Two districts in Makkah, Al-Sharashef and
Al-Eskan, were examined for their UHI effect using spatial network analysis. The results
revealed that the Al-Eskan district has a higher mean LST by 1-1.5 °C due to the role of its
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urban rectilinear layout in increasing the temperature compared to the organic/compact
urban fabric of the other district [34]. In another study, Miky (2019) [35] used Landsat 8
and Spot 5 in Jeddah. The results confirmed that the southern part of Jeddah, especially in
the Petromin and Almohajer neighborhoods, has higher temperatures, with a temperature
difference between urban and non-urban areas ranging from 4 to 7° [35]. The tourist resorts
in Abha and Khamis Mushait have been investigated for their UHI effect by Arshad et al.
(2021), who clarified that Khamis Mushait has a larger UHI effect than Abha city due to the
topographic impact [36].

Many global and local studies have examined urban thermal indicators, providing
valuable insights into the LST and the UHI effects. As noted, although local studies have
demonstrated urban thermal indicators at the district, city, region, tourist-resort, and city-
group levels, using different data and approaches, none have addressed the impact of the
LULC transition on large cities in Saudi Arabia. Thus, this is the first study to gather data
on Saudi Arabia’s five main cities (Riyadh, Jeddah, Makkah, Madinah, and Dammam) in
order to examine the patterns and trends of the dynamic transitions in LULC and their
impacts on surface temperature and the UHI effect over 24 years (2000-2024). This study
attempted to answer the next questions: What are the characteristics of spatial and temporal
LULC across the cities between 2000 and 2024? What are the estimated urban thermal
indicators of the LST, the UHI effects, and UTFVI over the two decades? What is the impact
of the LULC transition on the urban surface temperature? What is the relationship between
the LST and the indices of vegetation (NDVI) and built-up (NDBI)? These questions help to
guide our study toward providing valuable information to national government agencies,
policymakers, stakeholders, and local agencies, including environmental departments,
climate resilience offices, and public health agencies, in order to mitigate higher urban
surface temperatures, advance the sustainability of Saudi cities, and promote a higher
standard of human well-being.

2. Materials and Methods
2.1. Study Area

Saudi Arabia is situated in southwest Asia. Its total land area is about 2,149,690 km?,
covering about 80% of the Arabian Peninsula. In 2024, Saudi Arabia’s population reached
over 35,000,000 people [40], and the urban areas of the major cities have witnessed massive
increases over 35 years, e.g., a 107% increase from 1985 to 2019 [41]. Thus, this study focused
on the largest populous cities and rapidly growing urban areas in Saudi Arabia: Riyadh,
Jeddah, Makkah, Madinah, and Dammam (Figure 1). The abovementioned characteristics
contribute significantly to LULC transition from other classes to urban areas, which may
lead to changes in the local climate of these cities. Given these specifications and the limited
studies conducted in these cities, it is urgent to understand their urban thermal behavior
and develop strategies to improve their sustainability.

The Saudi Arabian cities and their geographical locations are as follows: Riyadh is
the capital of the country and is located in the country’s center, in the Riyadh region, with
a population of about 6.9 million inhabitants, a city area of 2474.62 km? and elevation
of 600 m. Low elevations and vast flat areas characterize Riyadh’s terrain; the city is
in the Najd plateau and includes the Tuwaiq mountains. Riyadh is a central hub for
the government and administrative sector, as well as for various industries and services.
Jeddah is the second largest city, with 3.7 million inhabitants, 4441.45 km? for the city
area and 12 m of elevation. The city is situated on the western side of the country. The
terrain of Jeddah is primarily low-lying, with the Hejaz Mountains to the east and many
valleys that flow into the Red Sea. It is an essential economic hub in the western part of the
country, owing to its status as a commercial port on the Red Sea. Makkah is the capital of

https://doi.org/10.3390 /urbanscil0030157


https://doi.org/10.3390/urbansci10030157

Urban Sci. 2026, 10, 157 4 of 26

the Makkah administrative region and is located inland, southeast of Jeddah. It is ranked
third among the country’s most populous cities, with a population of 2.4 million, a city area
of 1124.06 km? and 277 m of elevation. The terrain consists of scattered mountains, hills,
and valleys. It is a financial and tourist center in addition to having real estate and services
sectors. Madinah is the capital of the Madinah region with a population of 1.4 million,
making it the fourth largest city in Saudi Arabia, with 685.71 km? of city area and 608 m of
elevation. Mountains and valleys are the city’s terrain features. Medinah is distinguished
by a diversified economy encompassing agriculture, manufacturing, transportation and
logistics. Finally, Dammam is recognized as the capital of the Eastern Province region and
is the country’s fifth largest city, with about 1.4 million inhabitants, a city area of 561.52 km?,
and an elevation of 10 m [40]. It is located adjacent to the Arabian Gulf on the country’s
eastern side. Dammam is characterized by a desert plain overlooking the Arabian Gulf.
Dammam is the hub of the oil and petrochemicals industries [41-43].
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Figure 1. The geographic locations of the largest populated cities in Saudi Arabia (A). The five cities
of Saudi Arabia: Madinah, Riyadh, Dammam, Jeddah, and Makkah (B-F).
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The national climate is arid and semi-arid, with extremely hot, dry summers and
low humidity in the country’s interior. In contrast, the coastal side can experience high
temperatures with higher humidity. In 2023, the annual average temperature in Saudi
Arabia was about 26.1 °C, which was 0.9 °C higher than the average for the specified period
(1991-2020), making it the fourth warmest year recorded for the country [44]. During
the summer, the average temperature can range from 35 °C to 45 °C. Saudi Arabia’s
precipitation is generally low and varies by year and region. In 2023, the country’s average
annual precipitation reached 106 mm, a significant increase from 91 mm in 2022, and the
mountains southwest of Saudi Arabia can receive about 300 mm annually [45]. Figure 2
shows the average air temperature in degrees Celsius (°C) (A) and total precipitation in
millimeters (mm) for the summer season from 1 May to 31 August in the year 2024 (B),
which were processed through the GEE and produced by ArcGIS Pro 3.6 [46,47].
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Figure 2. The mean air temperature (in °C) and total precipitation (in mm) across Saudi Arabia.
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2.2. Methodology

This study’s methods comprise the following components: data acquisition and
preprocessing; LULC classification and accuracy assessment; thermal data and index
analysis; and integration of a thermal-land-use analytical framework. The methodology is
illustrated in a flowchart represented in Figure 3.
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@——» Thermal land-use
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Figure 3. A flowchart of the methodology.

2.2.1. Data Acquisition and Preprocessing

In this research, image data from three sensors of Landsat satellites, Landsat 5 The-
matic Mapper (5-TM), Landsat 8 and 9 Operational Land Imager 1 and 2 (OLI-OLI2) and
Thermal Infrared Sensor 1 and 2 (TIRS-TIRS2), was used and provided by the United States
Geological Survey [48]. All satellite images were level 2, collection 2, and tier 1. They
were acquired utilizing the Worldwide Reference System-2 (WRS-2) and underwent geo-
metric and atmospheric corrections. All the satellite images were level 2, collection 2, and
tier 1, and were acquired utilizing the Worldwide Reference System-2 (WRS-2), which were
geometrically and atmospherically corrected. These images were preprocessed through
cloud and shadow masking, image compositing, spectral mosaicking, and temporal fil-
tering. Cloud and cloud shadow masking were the first steps to mitigate the effects on
Landsat images, which are required for subsequent processing. These Landsat images are
characterized by their long historical records, continuity producers, consistent interval,
and 30 m medium spatial resolution. These characteristics enabled this research to be
conducted at the city scale over three time intervals spanning more than two decades, from
2000-2024, focusing on the LULC classification process and the urban thermal indices,
including LST, UHI, and UTFVI. The LULC classification is based on multispectral bands
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from three sensor types: visible (VIS), near-infrared (NIR), and shortwave infrared (SWIR1
and SWIR?2) (Table 1) [49]. The two indices of vegetation index (NDVI) and built-up index
(NDBI) were also processed through this study. The NDVI was generated to assist in
processing LST and used with the NDBI to examine the relationship between them and
LST using regression analysis. They were calculated as follows [37]:

NDV] — PNIR— PrED (1)
BNIR + BRED
NDBJ — PsWIR — BNIR @)

Bswir + BNIR

Table 1. Earth observation (EO) satellites, spectral bands (Bs), wavelengths (WLs), and spatial
resolution (SR).

EO Satellite Spectral Band WL (um) SR (Meters)
B1-Visible band: Blue 0.45-0.52 30
B2-Visible band: Green 0.52-0.60 30
B3-Visible band: Red 0.63-0.69 30
Landsat 5 T™M B4-Near-Infrared (NIR) 0.76-0.90 30
B5-Shortwave Infrared (SWIR-1)  1.55-1.75 30
B7-Shortwave Infrared (SWIR-2)  2.08-2.35 30
B6-Thermal 10.40-12.50 30
B2-Visible band: Blue 0.45-0.51 30
Landsat 8 B3-Visible band: Green 0.53-0.59 30
(OLI-TIRS) B4-Visible band: Red 0.64-0.67 30
and B5-NearInfrared (NIR) 0.85-0.88 30
Landsat 9 B6-Shortwave Infrared (SWIR1)  1.57-1.65 30
(OLI2-TIRS2) B7-Shortwave Infrared (SWIR2)  2.11-2.29 30
B10-Thermal 10.60-11.19 30

The Google Earth Engine platform was used in this research for large-scale geospatial
cloud processing at different scales and analyzing Earth’s surface spatially and temporally.
The maskClouds function was used to identify and remove pixels containing clouds and
cloud shadows. As the five Saudi Arabian cities were characterized by clear skies through-
out the year, especially in the summer, the Landsat images used for LULC, urban thermal
indicators, and relation computation were collected during the summer, from the 1st of
May to the 31st of August. Thus, the Landsat TM-TIRS-TIRS2 was chosen, as this is the
hottest period in Saudi Arabia. For equivalent-season computation, the LULC classifica-
tion was implemented for the summer season and provided accurate information on the
characteristics and relationships between the urban thermal indicators and LULC. Landsat
images were collected for the five cities, with the following time intervals: 2000, 2014, and
2024 for Riyadh and 2000, 2013, and 2024 for the remaining cities. These intervals were
chosen to provide a synoptic view of these cities” LULC and urban surface temperatures.

2.2.2. LULC Classification and Accuracy Assessment
Training Data

The training samples of LULC classification were collected for each selected year (2000,
2013, 2014, and 2024) for the five cities. The data were collected during the summer, from
the beginning of May to the end of August, under clear skies. The Google Earth Engine
was used to collect training samples from Landsat images and compare them with aerial
images of higher geospatial resolution sourced from Google Earth Pro. If ambiguity or
indistinctness was observed between them, the Landsat image was chosen. Four classes of
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LULC were used to obtain training samples at each location for the five cities, using level 1
of the USGS Anderson’s Land Classification scheme: urban areas, barren land, vegetation,
and water, as shown in Table 2 [50]. At each stage of the training data collection, sufficient
training data were acquired for each class to accurately represent the LULC mapping. In
total, the numbers of samples collected for each class were as follows: 2392 for urban areas,
7183 for barren land, 1529 for vegetation, and 594 for water. Table 3 breaks down these
numbers and lists the dates the training samples were collected, the Landsat sensors, and
the paths/rows.

Table 2. The LULC classes and their definitions.

Class Code LULC Class Name Description
The development areas with a high percentage of construction materials,

1 Urban areas more than 30 percent, include residential, commercial, industrial,
institutional, and transportation networks. Urban areas vary in size, trends,
and patterns across cities.

The barren land was the most dominant class in the five cities and comprises

2 Barren lands .
bare soil, rock areas, sand, desert, and vacant areas.

. Vegetation is limited to farmland and public vegetation areas, as well as

3 Vegetation
forests, grasslands, shrublands, and crops.

Water has the smallest area among the other classes and is defined as any

4 Water permanent or temporary body of water, including marshes, lagoons, lakes,
and seas, whether natural or artificial.

Table 3. The number of training samples collected for the five cities over the years. Note: samples
vary in size and pixels.

City Name Urban Barren Vegetation Water Date Landsat (L) Path/Row

137 311 141 64 2000 L5 (TM) 165/43
Riyadh 207 325 88 88 2014 L 8 (OLI) 166/43
82 277 45 49 2024 L9 (OLI2)
173 837 47 50 2000 L5 (TM)
Jeddah 227 699 134 44 2013 L 8 (OLI) 170/45
232 653 168 86 2024 L9 (OLI2)
56 243 35 - 2000 L5 (TM)
Makkah 180 342 85 - 2013 L8 (OLI) 169/45
166 790 160 14 2024 L9 (OLI2)
116 393 100 - 2000 L5 (TM)
Madinah 248 660 145 - 2013 L 8 (OLI) 170/43
111 690 140 27 2024 L9 (OLI2)
102 391 65 43 2000 L5 (TM) 163/42
Madinah 132 267 87 39 2013 L 8 (OLI) 164742
223 305 89 920 2024 L9 (OLI2)

Random Forest for Supervised Classification

Many computational machine learning (ML) algorithms have been broadly adopted
in remote sensing applications with supervised and unsupervised methods for LULC clas-
sification. This research applied supervised classification and the random forest algorithm
to the five Saudi Arabia cities over the past two decades. This powerful algorithm has been
applied to various applications, such as burned areas, deforestation, agriculture, urban
growth, and LULC. Random forest is an ML technique that constructs an ensemble of
decision trees during training that, in this study, is used to classify LULC [51]. This ensem-
ble improves accuracy and reduces overfitting compared to using a single tree, thereby
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increasing classification power. The final results of the LULC classification can be decided
via voting, where the classification category predicted by the most trees is selected. This
study divided urban land cover mapping into four categories: urban areas, barren land,
vegetation, and water. A random forest classifier was run using the smileRandomForest
function [52], a supervised classification technique in Google Earth Engine’s geospatial
platform, with 100 trees and three randomly selected predictors per split. These parameters
were chosen after tested and evaluated other numbers which provided best model per-
formance and higher validation accuracy. This function was used to designate the visible
and near-infrared bands and the LULC properties for model training. The algorithm was
trained on 80% of the training samples and tested on 20% to obtain the overall accuracy
of each classification model. The classifier was implemented for each year, with the study
areas and five individual cities selected, and it generated 15 classification maps, considering
either four or three of the LULC categories.

Accuracy Estimation of LULC Classification

This study used a simple random strategy to validate the accuracy of the 15 classi-
fication maps for each selected year in each of the five cities; 200 pixels were randomly
selected from each classification image for each year, for a total of 3000 sampling locations.
Each sample pixel was examined through visual screening and interpretation, using prior
knowledge of the study and reference details, which were then synthesized by assessing
each sample pixel using higher-resolution aerial images from Google Earth Pro, along-
side the Landsat images in Google Earth Engine. Then, the reference sample pixels were
compared with the Landsat satellite images based on various spectral bands—such as a
false-color composite including NIR, Red, and Green—to enhance visibility and distinguish
features. This helped us to differentiate between the four classes in the study areas. When
ambiguity occurred during the examination of each sample pixel, the Landsat image was
used for the sample [41]. The classification categories were assigned after the reference data
categories. Then, the reference sample pixels were labeled as one of the four classes: urban
area, barren land, vegetation, or water. The classification results were evaluated based on
the user, producer, and overall accuracy, as well as Cohen’s kappa coefficient [53]. After
estimating the accuracy, the growth rate of urban expansion was computed to provide a
key measure for assessing the LST, UHI effects, and UTFV], thereby reflecting increases in
impervious surfaces, vegetation loss, and rising local temperatures, which can be used to
support mitigation strategies and urban planning.

2.2.3. Thermal Data and Indices
LST Retrieval

Infrared thermal bands were generated from Landsat 5 TM, Landsat 8 TIRS, and
Landsat 9 TIRS-2 to compute the LST, UHI, and UTFVI. The thermal estimation focused on
the summer season for Landsat thermal band collection, given the importance of analyzing
thermal urban environments and the UHI effect in major Saudi cities. The LST was
calculated for Riyadh, Jeddah, Makkah, Madinah, and Dammam between 2000 and 2024.
The only thermal band on Landsat 5 TM is band 6, which was used for the computation.
While Landsat 8 TIRS and Landsat 9 TIRS-2 have two bands (bands 10 and 11), band 10
was used because it provides a more accurate result than band 11 [54]. The Digital number
(DN) should be converted to top of atmosphere (TOA) spectral radiance, which is required
for processing Landsat 5, 8, and 9 [55,56]. However, the data used in this study were
surface temperatures, which were converted into brightness temperatures (BTs) in Kelvin,
as shown in the following equation [55]:
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ko
In (IL% + 1)

where BT denotes the sensor-measured brightness temperature (BT) in Kelvin (K); L,,

BT = 3)

TOP radiance; and k; and ky, the thermal band calibration constants (generated from the
metadata). Each value of Landsat 5 is in order (k; — 607.76, ko, — 1260.56), whereas the
values of Landsat 8 and 9 for k; and k; are 774.885 and 1321.078, in corresponding order [57].
Then, the spectral emissivity () correction algorithm proposed by [58] was employed in
this research. The correction of land surface temperature depends on the LULC surface
type and uses a common approach based on the NDVI threshold methods from the Red
and NIR bands (Equation (1)). The fractional vegetation index (FVI) can be estimated using
the following expression [59]:

ndvi — ndvi (min) 2 4
3 @

F =
ve (ndvi (max) — ndvi (min

where FVC denotes the fractional vegetation coverage; ndvi, the NDVL; ndvi (min), the
lowest value of the NDVI, referring to that of soil; and ndvi (max), the highest value of the
NDVI, referring to that of vegetation cover. Next, the emissivity of land surface (¢) was
determined as follows in order to measure the thermal radiation [60]:

e = 0.004 x FVC + 0.986 (5)
where ¢ denotes the emissivity of land surface range between 0.96 and 0.99, expressing the
value between bare soil and vegetation areas. Lastly, the LST was calculated as follows:

BT

LST = 27315 ®)
AxBT
1 =+ (T) * 11'18

where LST and BT denote the computed surface temperature in units of degrees Celsius
(°C) and the brightness temperature, respectively, as defined above; A represents the
wavelength corresponding to the emitted radiance (11.5 pm), p = 1.438 * 1072 mk; and
e represents the emissivity of vegetation cover and bare soil [61]. The LST was mapped
spatially and temporally. Then, the LST was utilized to calculate the UHI and UTFVL

Estimation of UHI Effect and UTFVI

Urbanization plays a major role in Earth’s surface and modifies the surface by re-
placing natural surfaces with various impervious surfaces [62]. These modifications can
increase heat absorption and reduce evaporation [63]. Hence, urbanized areas such as cities
consistently show higher land surface temperatures than the surrounding countryside—a
phenomenon named the UHI effect. These cities are characterized by low albedo of built-up
areas, reduced vegetation cover and water bodies, and emission of anthropogenic heat.
The differential surface temperature has an important implication for the environment and
social studies. Understanding the spatiotemporal relationship between LULC patterns and
thermal urban indices is therefore crucial for assessing the effects of urbanization on nearby
climate and for developing sustainable urban planning strategies. Each UHI effect and the
UTFVI was computed in GEE as follows [64]:

Ty, — T

UHIe; = —= - (7)
std.

where UH],; is the urban heat island effect for each city (c) and year (i); Ty, the LST; T;;,,
the mean LST; and Ty, the standard deviation of the LST. The UHI effect was computed
for the five cities and the three time intervals.
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After computing the UHI effect, its effect was investigated, and the UTFVI was
crucial to understanding it. The UTFVI is the quantification index used to evaluate the
thermal comfort level for each city and each three-year interval, and it was calculated using
Equation (8) [65]:

Tr, — T
UTFVI.; = (®)
’ TL
where the parameters of this formula are defined as in Equation (7). The UTFVI was divided
into six classes, ranging from none (representing excellent and very good ecological quality)

to the strongest UHI effect classification (representing the worst thermal comfort level).
The distribution of the six values, as presented in [66], is shown in Table 4.

Table 4. UTFVI value, UHI effect category, and their descriptions.

UHI Effect (Thermal

UTFVI Value Comfort Classification) Ecological Quality Description Reference
<0 None Excellent/very good ecological quality
0.000-0.005 Weak Good
0.005-0.010 Middle/Moderate Normal [66]
0.010-0.015 Strong Bad
0.015-0.020 Stronger Worse
>0.020 Strongest Worst

2.2.4. Incorporated Thermal-Land-Use Analytical Farmwork

After generating LULC maps and calculating three urban thermal indicators, an incor-
porated analytical approach was developed that jointly investigates the thermal and land
use variables to demonstrate geospatial patterns not captured through separate analyses.

LULC Transition and Thermal Effect Size

LULC is one of the important factors that help in understanding the dynamics of LST;
however, while many studies have investigated the LULC classes [66-68], this study aims to
represent changes in LULC transition between the two interval times (2000-2013 /2014 and
2013/2014-2024) spatially for each specified city. In the same manner, the LST, UHI effect,
and UTFVI were generated by computing the difference between the two-year intervals,
considering the spatial dimension. Both the LULC transition and differences in thermal
indicators (DTIs) (ALST, AUHI, and AUTFVI) were processed in ArcGIS Pro 3.6 using raster
calculator tool in the map algebra expression interface. Cell information for the raster
was extracted for each DTI image by defining a mask for each LULC transition: barren-,
vegetation-, and urban-to-urban. This allowed us to generate geospatial and temporal
information, which provides thermal behavior for each LULC transition. Then, the DTI
statistics within a specified LULC transition zone were summarized and reported in a zonal
statistics table. With tables for each city and time interval, the difference-in-difference (DiD)
analytical approach was used to compare the specified change pixels (barren-to-urban,
vegetation-to-urban) with the stable, unchanged urban pixels. The unchanged pixels served
as a control background for local climate change and enabled causal inference. Through
the application of the DiD analytical approach, this study provides a robust framework for
isolating the surface thermal effect of urban transition from background temporal trends.

Analysis of LST and NDVI-NDBI Relationship

Vegetation and urban areas are among the most important variables that significantly
influence surface temperatures. Therefore, regression analysis was performed between the
LST and NDVI, which is used as a proxy for vegetation, and between the LST and NDBI,
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which is used as an indicator of built-up areas [69]. After generating the two continuous
indices for each year and each city, a fishnet was applied with 100 rows and 100 columns,
generating 10,000 points. These were then subset to the administrative boundaries of the
five cities. Regression analysis was conducted across three time intervals for each of the
five cities using ArcGIS Pro to understand the relationships between surface temperature,
vegetation, and urban areas.

3. Results
3.1. Accuracy Assessment and LULC Analysis

In this study, fifteen LULC classification maps were generated for the cities of Riyadh,
Jeddah, Makkah, Madinah, and Dammam for three time intervals. Each city has a unique
pattern and trend over time. The accuracy of the maps was assessed and quantified for the
cities over the study periods for urban areas, barren lands, vegetation, and water. Table 5
shows the overall accuracy and kappa coefficients of the five cities; they ranged from 0.89
to 0.97 and between 0.80 and 0.91, respectively. These accuracies reflect a higher overall
LULC classification. In this study, the barren lands had a higher accuracy than the complex
urban development areas, while the vegetation cover and water were limited and higher as
well. The overall accuracy is in the acceptable range compared to other studies conducted
by Ullah et al. (2025) [70] and Pushkar et al. (2025) [71]; the kappa coefficient is also in the
acceptable range but lower than in those studies.

Table 5. The overall accuracy and kappa coefficients of the five cities for each time interval.

City Data Overall Accuracy  Kappa Coefficients

2000 89.00 80.00

Riyadh 2014 90.00 80.00
2024 89.00 81.00

2000 97.00 91.00

Jeddah 2013 96.00 87.00
2024 92.00 83.00

2000 93.00 84.00

Makkah 2013 96.00 90.00
2024 92.00 82.00

2000 94.00 82.00

Madinah 2013 92.00 81.00
2024 93.00 87.00

2000 94.00 86.00

Dammam 2013 94.00 89.00
2024 93.00 88.00

Figure 4 shows the spatial and temporal classification maps for the five cities from
2000 to 2024. Table 6 presents detailed information on the total area and the change in area,
in square kilometers, of the LULC classes in each city throughout the study period. Each
LULC map has either four or three major classes: urban areas, barren lands, vegetation,
and water. The urban areas in the five cities expanded by 448.84 km? (73.24%), 179.67 km?
(75.93%), 95.69 km? (174.52%), 126.33 km? (175.94%), and 177.96 km? (169.47%) in Riyadh,
Jeddah, Makkah, Madinah, and Dammam, respectively, from 2000 to 2024. In addition,
the vegetation cover increased in Jeddah, Makkah, Madinah, and Dammam by 24.22 km?
(279.35%), 24.21 km? (467.37%), 8.24 km? (50.67%), and 1.94 km? (24.12%), respectively,
while Riyadh showed a decrease between 2000 and 2024. In arid and semi-arid regions,

https://doi.org/10.3390 /urbanscil0030157


https://doi.org/10.3390/urbansci10030157

Urban Sci. 2026, 10, 157

13 of 26

water bodies were limited to the inner cities, but Jeddah and Dammam featured water

classifications due to their proximity to the Red Sea and Arabian Gulf.
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0 20 A2
— kM

Riyadh - CM-2014

0 2 9
— o
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Land use and land cover classes
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[ Barren - Water
Figure 4. LULC classification map (CM) for Riyadh, Jeddah, Makkah, Madinah, and Dammam.
Table 6. Changes in LULC class areas of the cities throughout the study period.
Urban Change Barren Change Vegetation Change Water Change
City Name Date Areas (2000-2024) Lands (2000-2024) (gkmz) (2000-2024) (km?) (2000-2024)
(km?) (km?) (km?) (km?) (km?) (km?)
2000 612.82 2080.42 48.17 0.83
Riyadh 2014 980.60 448.84 1720.97 —435.57 39.86 —13.28 0.81 0.02
2024 1061.66 1644.84 34.88 0.85
2000 236.61 4559.17 8.67 18.19
Jeddah 2013 372.27 179.67 4408.71 —205.56 26.11 24.21 15.55 1.63
2024 416.29 4353.61 32.89 19.83
2000 54.83 1158.38 5.18 -
Makkah 2013 119.44 95.69 1088.97 —119.98 9.97 2421 - 0.08
2024 150.52 1038.39 29.39 0.08
2000 71.80 671.97 16.26 -
Madinah 2013 159.60 126.33 585.82 —134.64 14.61 8.24 - 0.07
2024 198.13 537.33 24.50 0.07
2000 105.01 476.77 8.04 43.23
Dammam 2013 222.83 177.96 377.34 —150.491 5.16 1.94 27.72 —29.41
2024 282.98 326.28 9.98 13.82

3.2. Annual Variation in LST

The annual LST was estimated using Google Earth Engine for the major populated

cities in Saudi Arabia over three time intervals spanning 2000-2024. All the LST values

were computed for the summer, from May to August. Saudi cities are situated in arid and
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semi-arid environments, and this factor, along with others, such as geographic location,
urban expansion, vegetation cover, and proximity to bodies of water, influences the land
surface temperature. Figure 5 shows the spatial and temporal maps of the LSTs of the
cities over the study period. Table 7 provides the LST means (°C) for each LULC class in
2000, 2013/2014, and 2024, along with the change values over the study period. The urban
areas increased over time in Riyadh (8.31 °C), Jeddah (5.24 °C), and Makkah (1.41 °C),
but decreased in Madinah and Dammam compared to 2000-2024. The vegetation and
water cover were limited, and the influence of dominant urban areas and barren lands was
greater, as shown by the higher temperatures in all the cities, except Dammam, which had
a lower temperature.
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Figure 5. Spatial and temporal annual variation in LST of the five cities over the study period.

Table 7. LST in °C for each LULC class in each city and over time.

. Urban Change Barren Change . Change Change
City Name Date Areas (2000-2024) Lands (000-2024)  Vesetation 50, 2024 Water  (5000-2024)
2000 47.61 48.93 43.98 36.61
Riyadh 2014 53.52 8.31 54.12 7.18 50.02 8.98 44.09 1753
2024 55.92 56.12 52.97 54.15
2000 45.65 50.84 42.13 34.32
Jeddah 2013 52.65 5.4 57.93 434 52.03 5.87 40.19 458
2024 50.89 55.19 48.01 38.89
2000 49.93 52.06 50.36 -
Makkah 2013 51.06 1.41 53.72 1.73 52.26 1.61 -
2024 51.35 53.79 51.98 48.44
2000 55.43 53.15 46.31 -
Madinah 2013 58.44 ~0.60 57.15 3.55 50.18 3.32 -
2024 54.83 56.70 49.64 4825
2000 52.39 52.72 49.96 39.24
Dammam 2013 53.76 267 55.57 231 50.11 —454 36.49 748
2024 49.72 50.40 4542 31.76
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3.3. Analysis of UHI Effect Intensity and UTFVI

The UHI effect is a crucial metric used to define the thermal comfort in cities and
compare urban areas with the surrounding LULC classes, such as barren lands, vegetation
cover, and water bodies. The UHI effect can be measured across the three time intervals
and used to enhance the quality of life across the five cities. Figure 6 presents the UHI
effect in Riyadh, Jeddah, Makkah, Madinah, and Dammam over the study period. Overall,
the UHI effect shows increased temperatures in some urban areas and barren lands, while
its minimum values are concentrated around vegetation cover and water bodies. Figure 7
shows the UTFVI in the five major cities, which were classified into six ecological qualities
of thermal comfort. The high and extreme values of the UTFVI indicate severe thermal
stress and reduced thermal comfort, which is clearly evident in the urban areas across cities
such as Riyadh, Makkah, Madinah, Dammam, and Jeddah, as well as in barren lands. At
the same time, a low thermal discomfort was observed in some urban areas, especially
around vegetation and water bodies.
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Figure 6. Geospatial and temporal heterogeneity of the UHI effect across the cities and time.

3.4. Integrated Thermal-Land-Use Analysis
3.4.1. The DiD Approach and Thermal Effect Size

The DiD analytical approach was used to consider the three major LULC transi-
tions, barren-to-urban, vegetation-to-urban, and urban-to-urban, through a spatial di-
mension based on the differences in the LST in two time intervals (2000-2013/2014
and 2013/2014-2024), as shown in Figure 8. The higher ALST values in the five cities
were mostly associated with industrial regions (Riyadh, Jeddah, and Dammam), air-
ports/seaports (Jeddah, Riyadh, and Dammam), transportation networks (Madinah), and
residential areas with impervious surfaces and limited vegetation areas (Makkah, Madinah,
and Jeddah).
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Figure 7. Geospatial and temporal heterogeneity of UTFVI across the cities.
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Figure 8. ALST in the five cities during two time intervals for the three LULC transitions: urban-to-
urban, barren lands-to-urban, and vegetation-to-urban.
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Furthermore, the effect size used in this study considers the degree of LST change
when the LULC is converted from one land type to urban, compared with stable urban
areas. The effect sizes of the LST, the UHI effect, and the UTFVI across the three transitions
were calculated by subtracting the conversion of barren lands and vegetation from the
baseline stable urban areas. Table 8 shows three distinguishable patterns of the thermal
effect size: (1) an increase due to the conversion from barren to urban compared with stable
urban areas, (2) a decrease due to the conversion from vegetation to urban area compared
with stable urban areas, and (3) other patterns where both factors either increase or decrease.
Throughout this study’s time intervals, most of the cities exhibited the first pattern. Riyadh,
Jeddah, and Madinah experienced an increase in the effect size of the thermal indicators
from barren lands to urban areas, as urban impervious surfaces absorb, store, and trap
more heat while reducing the vegetation’s cooling effect. Additionally, the second pattern,
a decrease in the LST compared with stable urban areas as vegetation areas are converted
to urban areas, was observed in most of the cities, especially in arid and semi-arid regions
where the original vegetation is sparse, dry grass, shrub, or water-stressed and shows
limited evapotranspiration. Conversely, the urban areas include irrigated green spaces,
higher-albedo surfaces, and shading effects that help reduce surface heating. In the third
pattern, the conversion of vegetated areas to urban areas significantly increases the LST
by reducing the moisture cooling and increasing the solar radiation effect through urban
impervious surfaces, thereby enhancing the urban heat island effects. The third pattern was
also limited due to the observed decrease in the thermal effect size through the conversion
from barren lands to urban areas. This can be attributed to the extremely high thermal
response of dryness in arid and semi-arid lands and moisture-deficient barren surfaces
compared to existing irrigated vegetation, higher-albedo surfaces, and shading in urban
environments, leading to urban cooling in arid regions—this is called the oasis effect.

Table 8. Effect sizes (ALST, °C; UHL UTFVI) associated with major LULC transitions across the cities.

City LULC Transition Period ALST (°C)  Effect Size AUHI Effect Size =~ AUTFVI  Effect Size
Stable urban 5.815 0.253 0.012
Barren—urban 2001-2014 5.166 0.649 —0.068 0.322 —0.001 0.015
. Vegetation—urban 7.425 -1.610 1.055 —0.801 0.052 —0.040
Riyadh

Stable urban 2.559 0.214 0.007

Barren—urban 2014-2024 2.004 0.555 —0.080 0.294 —0.003 0.010
Vegetation—urban 3.803 —1.245 0.927 —0.714 0.033 —0.026

Stable urban 6.598 0.071 0.008

Barren—urban 2001-2014 5.949 0.649 —-0.171 0.242 —0.011 0.019
Vegetation—urban 6.715 —0.117 0.199 —0.129 0.023 —0.015

Jeddah

Stable urban —2.360 —0.078 0.003

Barren—urban 2014-2024 —3.590 1.230 —0.080 0.002 —0.018 0.021
Vegetation—urban —1.452 0.908 —0.301 0.223 0.023 —0.019

Stable urban 4.070 —0.274 —0.011

Barren—urban 2001-2014 3.664 0.406 —0.459 0.183 —0.021 0.011
Vegetation—urban 4.938 —0.869 0.049 —0.323 0.005 —0.015

Makkah

Stable urban —3.677 —0.038 —0.009

Barren—urban 2014-2024 —4.410 0.732 —0.365 0.328 —0.021 0.011
Vegetation—urban —4.024 0.347 —0.209 0.171 —0.013 0.004

Stable urban 3.593 0.072 0.014

Barren—urban 2001-2014 2.092 1.501 —0.343 0.415 —0.015 0.029
Vegetation—urban 6.545 —2.951 0.815 —0.743 0.089 —0.074

Madinah

Stable urban —2.604 —0.151 —0.012

Barren—urban 2014-2024 —2.927 0.323 —0.359 0.209 —0.017 0.005
Vegetation—urban 0.648 —3.252 1.423 —1.574 0.054 —0.066
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Table 8. Cont.

LULC Transition Period ALST (°C) Effect Size AUHI Effect Size AUTFVI Effect Size

Dammam

Stable urban 3.741 —0.268 —0.025

Barren—urban 2001-2014 4.027 —0.285 —0.197 —0.071 —0.023 —0.005
Vegetation—urban 6.758 —3.017 0.290 —0.558 0.042 —0.067

Stable urban —1.337 0.130 0.010

Barren—urban 2014-2024 —2.590 1.253 —0.149 0.279 —0.013 0.023
Vegetation—urban 0.776 —-2.114 0.424 —0.294 0.051 —0.041

3.4.2. Relationship Between LST and NDVI-NDBI

Figure 9 illustrates the LST and NDVI relationships across the five cities and three time
intervals. The NDVI values were generally low across the observation cities, around 0.2,
with a few points exceeding this value, indicating sparse and limited vegetated areas.
The relationship shows a negative trend, indicating that even limited vegetated areas are
associated with a slight reduction in the LST. The relationship varied across Makkah and
Madinah during two time intervals, revealing a slightly weak, negative relationship, despite
the NDVI values remaining within the same range. In addition, Dammam shows a positive
trend across the three study periods, even though the NDVI values include some negative
values within a range comparable to the other cities. These inconsistencies across cities and
times indicate that dense vegetation cover is low and limited to specific areas, suggesting
that the NDVI may not be the primary factor controlling the LST values. Other factors,
such as built-up areas, barren lands, and seasonal change, may have a stronger influence on
the LST values and patterns. Figure 10 shows a scatter plot of the relationship between the
LST and the NDBI for the five cities across three time intervals: 2000, 2013/2014, and 2024.
Riyadh, Jeddah, Madinah, and Dammam show a positive relationship across the intervals.
The areas with a higher built-up intensity exhibit a higher LST, reflecting urban expansion
and impervious surfaces that absorb and retain more solar radiation, thus contributing to
the warming of the local urban thermal environment.
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(A) Riyadh, (B) Jeddah, (C) Makkah, (D) Madinah, (E) Dammam.
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Figure 10. Relationship between LST and NDBI over the three time intervals for the five cities:
(A) Riyadh, (B) Jeddah, (C) Makkah, (D) Madinah, (E) Dammam.

4. Discussion

This study provides a complete overview of the five cities and a detailed analysis of
each city using a novel approach that integrates thermal-land-use analysis. The results
indicate the existence of the heat island effect, which was significantly reflected in the higher
surface temperature observed in densely built-up areas with impervious surfaces that trap
heat and solar radiation, specifically in industrial areas, transportation infrastructure
(airport, seaport, highway), and residential areas with limited vegetation. Urban areas
increased across Riyadh, Jeddah, Makkah, Madinah, and Dammam between 2000 and 2024
(Table 6). In addition, the LST between 2000 and 2024 also increased in three cities, Riyadh,
Jeddah, and Makkah, but also decreased slightly in Madinah and Dammam (Table 7).
Although the vegetation cover contributes to reducing a city’s surface temperature and has
a cooling effect, the limited, scattered, and shrub vegetation cover weakened its influence
on the LST compared with that of the total urban area. Water bodies in the coastal cities
such as Jeddah and Dammam played a crucial role in mitigating the surface temperatures.
These roles can be limited in the inner cities such as Riyadh, Makkah, and Madinah. The
location and characteristics of the urban areas in these cities play an essential role in shaping
the land surface temperature, whereby they directly affect the intensity and extent of the
UHI phenomenon.

Many studies have observed a rise in the surface temperatures of urban areas, es-
pecially in areas featuring the expansion of urban impervious surfaces, the reduction
in vegetation area, the increase in building density, the change in building morphology,
the variation in anthropogenic heat emissions, and the absence of water bodies. Most of
these factors apply to Saudi cities and contribute to the observation of increases in surface
temperatures. For example, Riyadh, Jeddah, and Dammam showed increases in surface
temperatures in industrial regions; this aligns with the findings of a study conducted in
Jeddah city by Miky (2019) that found that the southern part of Jeddah—especially in
the Petromin and Almohajer neighborhoods—has higher temperatures [35]. This study
confirmed that the relationship between the LST and urban areas/the NDBI has increased
significantly; similar increases have been observed in other arid and semi-arid environ-
ments, including the Al-Kut Region, Iraq; Lahore, Pakistan; and Arizona, USA [72-74].
On the contrary, as Saudi Arabia shows increasing temperatures in urban areas, especially
in areas with limited vegetation, the Tigray region in northern Ethiopia, located in an
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arid and semi-arid region, shows a negative and moderate relationship between the LST
and the NDBI, due to the mix of urban areas with vegetation cover, which helps cool
urban environments [75].

Transportation infrastructure, such as airports, seaports, and roads, also showed
an increase in the surface temperature, emphasizing the UHI effect due to their use of
impervious surface materials, resulting in anthropogenic heat emissions, limited vegetation
cover, and large, exposed service areas, such as King Abdulaziz International Airport in
Jeddah and the southern highway in Madinah, as shown in Figure 6. These observations
are in agreement with a study conducted in two districts in Makkah, Al-Sharashef and Al-
Eskan, that compared the two types of roads within the two districts. The results revealed
that a rectilinear city layout increases the temperature more than the organic/compact urban
fabric layout [34], and that high-density urban expansion clustering shows a higher surface
temperature compared with other urban areas, as observed in Makkah city. Moreover, this
also coincides with another study, one conducted in Ahsa Oasis, eastern Saudi Arabia by
Hassaballa & Salih (2023) [38], which examined the spatiotemporal pattern of the UHI
effect between 1990 and 2020. Its findings showed a clear association between urban areas
and thermal load, evidenced by high-density clustering in highly urbanized areas [38].

This study’s findings revealed areas with high surface temperatures. Not only that, but
also it was found that increasing the level of the UTFVI and intensifying the UHI effect may
increase thermal discomfort, influencing human health and affecting urban sustainability.
These high temperatures will make the population more vulnerable, especially children, the
elderly, and in low-income communities. In addition, the higher surface temperatures may
negatively affect the agricultural system in urban and peri-urban areas by increasing crop
stress and reducing soil moisture, thereby influencing agricultural productivity, livestock
products, and food security, especially in densely populated areas such as the major
Saudi cities [76-78]. In light of this, it becomes clear that urban planners, municipalities,
secretariats, and decision-makers must play important roles in reassessing these heat
hotspots, reconsidering their development mechanisms, addressing the increasing surface
temperatures, and requiring initiatives to improve the quality of Saudi cities.

For example, green-blue strategies, which involve nature-based solutions that aim to
reduce heat in urban areas, should be implemented, with green representing vegetation
and blue representing all forms of water bodies [79]. Recently, the Saudi Arabian gov-
ernment launched several initiatives, including the Saudi Green Initiative, Green Riyadh,
and Urban Afforestation. These initiatives aim to plant billions of trees, expand garden
parks and green corridors, and increase shading and evapotranspiration by 2030, helping
lower surface temperatures, boost urban thermal comfort, and continue the pursuit of
a sustainable environment and green cities, which will have a positive effect on human
quality of life [80,81].

Moreover, both the oasis and inverse UHI (IUHI) phenomena were identified by
monitoring the spatial variability in the surface temperature during the daytime in the
summer months (May to August) in the arid and semi-arid climatic zones of Saudi cities
across four LULC classes [82,83]. As shown in Figure 6, the oasis UHI effect was observed
in Makkah and Jeddah; as the vegetated and water-covered areas consistently show lower
surface temperatures compared to surrounding land use surfaces, a spatially confined
cooling effect known as the oasis effect occurs, which is associated with higher evaporation
and a reduction in the heat storage of these land cover areas. By contrast, in arid and
semi-arid environments, barren lands—consisting of large desert and rocky mountain
areas—show higher LST values than the city and the adjacent urban areas during the
summer. Examples of this are clearly shown in Figures 4-6 across all the major cities.
These IUHI effect patterns are likely influenced by soil dryness, higher solar radiation
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exposure, limited vegetation, and shading area. According to a study conducted by Munir
et al. (2025) [33], the six cities studied between 1994 and 2024, including Riyadh, Makkah,
Madinah, Dammam, and Abha, show that overall temperatures increase significantly more
in urban areas than in rural areas. However, the urban areas in the rural areas showed a
significantly hotter reversal of the UHI effect by 1.5-1.7 °C. This confirmed the observed
results: and increase in temperature in urban areas and the reverse UHI effect between
rural and urban areas. These findings reveal the importance of the LULC transition and its
composition in shaping LST behavior and the UHI effect intensity.

Finally, several challenges were encountered in achieving this study’s objectives.
Specifically, due to its spatial resolution (30 m), the Landsat satellite imagery was unable
to capture small details, such as the presence of limited urban areas within barren lands
or limited vegetated areas and/or water bodies within urban areas, which may affect the
LULC accuracy. In addition, the special resolution of the Landsat limited the detection of
urban heterogeneity, especially in the dense arid urban areas. Additionally, the overlapping
areas between two images located in the middle of a city, such as Riyadh and Dammam, may
influence the processing of the thermal indicators, even when using an image enhancement
technique. Thus, such issues need to be addressed and considered in future research. This
study investigated the LULC and urban thermal indices within the city administration
boundary, without accounting for the rural baseline, which would have improved the
analysis if considered; it may need to be considered in forthcoming research. In addition, the
DiD analytical framework used in this study is based on the two-period design, which limits
the parallel trends assumption. Thus, the estimation of the thermal effect size was explained
as an association rather than a direct causal effect. This research focused on the dynamics
of LULC changes during the summer, which is known to exhibit certain urban thermal
behaviors; however, many factors and drivers influence urban thermal indicators, and these
should be addressed in future research, including the topography (slope, elevation, aspect),
seasonality (winter season), soil characteristics (moisture condition), and anthropogenic
activities (traffic and land use types). Considering these factors is expected to increase our
understanding of surface temperature behavior and thermal comfort analysis.

5. Conclusions

This study observed the heat island effect, which was significantly evident in the
higher surface temperatures of densely built-up areas with impervious surfaces that trap
heat and solar radiation, particularly in industrial areas, transportation infrastructure
(airport, seaport, highway), and urban areas with open space and limited vegetation cover.
The LSTs of the urban areas of three cities, Riyadh, Jeddah, and Makkah, illustrate an
increase between 2000 and 2024, while the other cities, Madinah and Dammam, show a
decline over time. In addition, some areas across the cities experienced a decline in the
level of thermal comfort, which requires more attention to improve it in the future. The
DiD analytical approach shows that the impact of the three LULC transitions, especially
from barren-to-urban and vegetation-to-urban, when compared with stable urban areas,
is a clearly higher surface temperature. The relationship between the LST and the NDVI
varies across the cities and has a weaker impact due to lower vegetation cover, whereas
the relationship between the LST and the NDVI shows a clear increase. Although this
work provides comprehensive information on the impact of LULC on surface temperature
and thermal comfort across the five cities, future research should also consider other
contributing factors and drivers, such as nighttime effects, seasonality, topography, and
local climate. Considering such factors will likely provide a detailed, synoptic view of
urban climate science across multiple dimensions in Saudi cities.
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