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Abstract: Over the past several decades, Saudi cities have experienced rapid urban developments
and land use and land cover (LULC) changes. These developments will have numerous short- and
long-term consequences including increasing the land surface temperature (LST) of these cities.
This study investigated the effects of LULC changes on the LST for the eastern coastal city of
Dammam. Using Landsat imagery, the study first detected the LULC using the maximum likelihood
classification method and derived the LSTs for the years 1990, 2002, and 2014. Using the classified
results, it then modeled the future LULC for 2026 using the Cellular Automata Markov (CAM) model.
Finally, using three thematic indices and linear regression analysis, it then modeled the LST for 2026
as well. The built-up area in Dammam increased by 28.9% between 1990 and 2014. During this period,
the average LSTs for the LULC classes increased as well, with bare soil and built-up area having the
highest LST. By 2026, the urban area is expected to encompass 55% of the city and 98% of the land
cover is envisioned to have average LSTs over 41 °C. Such high temperatures will make it difficult for
the residents to live in the area.

Keywords: land use and land cover change; urban growth modeling; Cellular Automata Markov
(CAM) model; land surface temperature; Saudi Arabia; urban heat island

1. Introduction

Every year, human migrations to cities are causing urban areas to grow and bringing rapid changes
to their ecosystem, biodiversity, natural landscapes, and the environment [1,2]. While such growth
is a sign of the region’s employment growth and economic prosperity, it has numerous short- and
long-term consequences. Among the long-term consequences, increases in the city’s land surface
temperature (LST) from growing urban built-up areas have received wide attention from geographers,
urban planners, and climatologists over the past decade [3,4]. Studies show that urban expansion tends
to increase urban areas” LSTs by an average of 2-4 °C when compared to their outskirt rural areas [5].
Rising LSTs and urban heat island (UHI) formations have been linked to high energy consumption,
air pollution, and human health problems including asthma and heat-stroke related deaths of children
and elders [6,7].

Over the past several decades, cities in the Kingdom of Saudi Arabia have been rapidly expanding
from economic prosperity and increasing migrating population from villages and working expatriates
from neighboring Asian countries [8]. In 1950, only 21% of the Kingdom's residents lived in a major
city [9]. That number increased to 58% in 1975, and today, urban areas house 82% of the country’s
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population, with many of the urban residents having migrated to the cities in an effort to seek a modern
lifestyle, better employment, and/or educational opportunities [9,10]. To fulfill the needs of the settling
residents, multi-story apartment buildings and private villas along with commercial and industrial
facilities were built, and areas that were small villages in the 1940s transformed into present day major
cities and metropolitan areas. The eastern coastal city of Dammam is one such city; it was a small
fishing village in the 1940s that rapidly expanded in the last three decades due to the booming of oil
industries and became a major metropolitan city (with its neighboring cities of Dhahran and Khobar)
and the capitol of the Eastern Province of Saudi Arabia [11]. Such expansions significantly changed
the land use and land cover (LULC) and are expected to affect and increase the city’s LSTs.

Examining LULC changes has become an increasing concern throughout the recent decades
because of their roles in reducing biodiversity, modifying the ecosystem, and altering the pattern and
composition of the regional and global climate [12]. Detecting and monitoring LULC changes through
direct field visits can be difficult, time consuming, and are prone to producing inaccurate results.
Improvements and integration of remote sensing and Geographic Information Systems (GIS) in the
past several decades have resolved some of these limitations and today are powerful tools for assessing,
monitoring, and modelling LULC changes [13-16]. They have been utilized to examine LULC changes
in Saudi cities as well. Using Landsat TM data, Alwashe and Bokhari [17] studied the changes in
vegetation in the city of Al Madinah. Also using Landsat TM data, Al-Rowili et al. [18] monitored and
identified decadal urban areal changes in Jeddah between 1988 and 1998. Aljoufie et al. [19] tried to
assess the relationships between transportation systems and urban expansion for Jeddah by aerial
photographs, SPOT imagery, and the city’s Master plan. For the city of Tabuk, Al-Harbi [20] measured
agricultural land use changes based on Landsat TM and Spot 5 imagery collected from 1988 to 2008.
Al-Gaadi et al. [21] monitored changes from 1990 to 2006 of Dirab region from Landsat data. Finally,
Rahman [8] also used Landsat TM, ETM+, and OLI data to examine growth in Al-Khobar from 1990
and 2013.

Since the early 1970s, the application of remote sensing technologies for measuring LSTs
and examining the formation and spatial distribution of UHIs has also been quite promising [22].
Using the various available thermal infrared sensors that can collect data at various spatial resolutions,
researchers have studied the LST characteristics (per LULC categories) in different urban settings.
Using Landsat TM data collected over Twin Cities, Minnesota, Yuan and Bauer [23] studied the
relationships among LSTs, normalized difference vegetation index (NDVI), and percentage of
impervious surface area (ISA). Xiao et al. [24] measured LSTs from Landsat TM sensor and determined
their quantitative relationships with several biophysical and demographic variables for Beijing city.
Also in Beijing, Li et al. [25] observed the correlations between the spatio-temporal trends in LSTs
obtained from Landsat TM sensor and the configuration of greenspaces (classified from SPOT imagery).
By collecting LSTs retrieved from the AVHRR sensor and combining it with land coverage classified
from SPOT-HRYV data, Dousset and Gourmelon [26] studied the relationships between different land
covers and LSTs in the metropolises of Los Angeles and Paris. Recently, Chaudhuri and Mishra [27]
compared the LSTs (from Landsat data) among the various types of land coverage in the border cities
of Calcutta (India) and Khulna (Bangladesh). Also for Bangladesh, Ahmed et al. [28] first measured
the LSTs and the decadal LULC changes in Dhaka metropolitan area from Landsat sensors. They then
modelled the growth of the city and simulated the LSTs of the built-up areas for 2029. Among the
Middle Eastern cities, El Abidine et al. [29] modelled the heat waves by examining the relationships
between LST and the variations among the LULC categories in the entire state of Qatar. A similar
study was also conducted by Rasul et al. [30] using Landsat 8 data to compare LSTs in different LULC
categories in the northern Kurdistan Iraqi city of Erbil. Lazzarini et al. [31] combined MODIS, ASTER,
and Landsat ETM+ data and found the association between LST, NDVI, and surface UHI at the city and
district level for the city of Abu Dhabi, United Arab Emirates. For the Kingdom of Bahrain, Radhi and
Sharples [32] used a combination of Landsat imagery, statistics, and weather station data to examine
urban developments and their impacts in forming UHIs during the last few decades.
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Based on a review of the literature, it was found that examining the LULC changes and their
impacts on the LSTs is lacking in Saudi Arabia’s Eastern Province in general and particularly in its
capital city of Dammam. This study aims to fill that gap. Specifically, we first examined the LULC
changes within Dammam over the past two decades (1990-2014) using recent and historical archived
Landsat satellite data. Using the Landsat’s thermal infrared sensor, we then investigated the changes
in the LSTs for each LULC category during these two decades. Finally, based on the city’s historical
development, we modelled future growth of Dammam and its corresponding changes in LSTs for the
year 2026. In Sections 2 and 3, the study area’s description along with the detailed methodology will
be presented. Section 4 will highlight the results and their discussions will be provided in Section 5.
Finally, the concluding remarks and paths for further research are presented in Section 6.

2. Study Area

The entire city of Dammam (26.32° N and 49.50° E) with an area of 653 km? was the area
under consideration for this study (Figure 1). Dammam currently has an estimated population of
1,106,630. Almost 58% of the residents are Saudis with the rest migrating from the neighboring Middle
Eastern, Asian, and Western countries [33]. Having a desert climate, the summers are hot and humid
(temperatures varying from 30 °C—45 °C) while the winters are cool and dry (10 °C-21 °C) [34].
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Figure 1. Study area in the eastern coast of Saudi Arabia.
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3. Methodology

3.1. Data Collection, Classification, Accuracy Assessments

Three Landsat images processed at level-one terrain-corrected (L1T) level collected over the city
of Dammam from the years 1990, 2002, and 2014 were gathered from the United States Geological
Survey’s (USGS) EarthExplorer website to estimate the LULC changes and calculate the LSTs for the
respective years (Table 1). Since L1T data are delivered with corrected radiometric and geometric
distortions, no additional geo-rectification or image-to-image registrations were performed. Also,
USGS resampled and provided all the Landsat thermal bands to 30 m to align with the multispectral
bands of the sensors [35]. Finally, a recent high resolution GeoEye image was acquired for classification
and accuracy assessments.

Table 1. Characteristics of Landsat data sets for the study.

. Spatial Resolution of Spatial Resolution of
Date of Acquisition Path and Row Landsat Sensor Multi-Spectral Bands Thermal Bands
16 August 1990 164/42 ™ 30 m 120 m (resampled to 30 m)
24 July 2002 164/42 ETM+ 30m 60 m (resampled to 30 m)
2 August 2014 164/42 OLI 30 m 100 m (resampled to 30 m)

The imagery was classified into four separate LULC classes based on Level 1 of the Anderson
Classification scheme. It is the preferred classification system for classifying Landsat data [36].
Table 2 highlights the LULC features included for each class. To classify the LULC from the three
pre-processed Landsat images, the Maximum Likelihood Classification (MLC) technique was used
with signatures collected among the four classes identified through field surveys, GeoEye image,
and Google Earth imagery.

Table 2. Scheme for land cover classifications.

Land Cover Class Description
Built-up Residential, industrial, transportation networks, and commercial infrastructures.
Bare soil Sand, vacant lands, bare soils.
Vegetation Trees, parks, playgrounds, grasslands.
Water body Lakes and coastal water.

To examine the classification accuracies, 295 ground truth reference points were sampled
(through stratified random sampling method) across the study area. Historical LULC paper maps
(with scales of 1:32,258) were also collected from the Ad-Dammam municipality’s office. These
historical maps, ground truth reference points, and high resolution GeoEye and Google Earth images
were all utilized in combination to measure the overall classification accuracies. For comparison of
accuracy results, error matrices were created. The classified results had overall accuracies of 86%
(1990), 89% (2002), and 93% (2014) with Kappa coefficients of 0.87, 0.90, and 0.94. Finally, the changes
between the classified data sets were examined using a post-classification change detection method.

3.2. Derivation of LSTs

The LSTs for this study were obtained from Landsat’s thermal band(s). Landsat TM and ETM+
provide thermal information based on a single long-wave infrared (LWIR) band, whereas it is captured
with two LWIR bands by the Landsat OLI sensor [37]. Therefore, two separate methods were used to
derive the LSTs from the three sensors. For deriving the LSTs from Landsat TM and ETM+ sensors,
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the Spectral Radiance Scaling Method was used [38]. The method first uses the following equation to
convert digital numbers (DNs) into spectral radiance (L, ):

(LMAX, — LMIN,) x (DN — QCALMIN)
QCALMAX — QCALMIN

Ly = + LMIN, 1)
where DN values range between 0 and 255; LMIN, and LMAX are the minimum and maximum
spectral radiances, respectively; and QCALMIN and QCALMAX are quantized minimum and
maximum calibrated pixel values, respectively.

The second step involved utilizing Equation (2) to convert the spectral radiance to Brightness
Temperature (in Kelvin) [39,40]. Temperatures were then converted to degrees Celsius.

K

Tk = —%——
In(£ +1)

)

To derive the LSTs for the year 2014 from the Landsat OLI data, Equations (3) and (4) were
used [41]:
TOA, =mx+1b 3)

where TOA, is the top of atmospheric radiance; m is the radiance multiplier (0.0003342); x is the raw
band; and b is the radiance add (0.1) [42].

K>

Tx=——F——
In( 5l +1)

(4)

where Ty is the Temperature in degrees Kelvin; K; = 774.89 and K; = 1321.08. Temperatures were
converted to degrees Celsius as well.

3.3. Modeling the Land Cover for 2026

Numerous urban growth prediction models (UGPMs) are available for modelling the future land
use and land cover of an urban area [43]. In this study, modelling the LULC for the year 2026 was
completed using IDRISI Selva GIS software package. To choose the most accurate modeling technique
for forecasting the LULC of Dammam for 2026, we simulated the LULC of Dammam for 2014 using
three separate but popular LULC modeling methods (Cellular Automata Markov (CAM), Multi-Layer
Perception Markov (MLPM), and Stochastic Markov (SM)) and examined their accuracies. In all of the
three models, the LULC for 2014 was simulated using the classification results from 1990 (earlier land
cover) and 2002 (later land cover).

To model using the CAM method, a combination of Cellular Automata (CA) with Markov Chain
Analysis was utilized. It first involved using the classified LULC data from 1990 and 2002 to produce
the Markovian conditional probability areas. Then, Boolean images for each LULC type were generated
using the 2002 classified results. Euclidean distances for each Boolean image were then calculated and
suitability images using “FUZZY Factor Standardization” were generated. Finally, the CAM method
utilized the Markovian conditional probability areas and suitability images to generate the LULC
model for 2014. The CAM modeling technique has successfully modelled future LULC changes in
several major cities in the world [44-47].

The MLPM modelling method utilizes and combines the concepts of Artificial Neural Network
(ANN) and Markov Chain Analysis (MCA). To model, it first calculated the changes in the LULC
between 1990 and 2002 and selected the driver variables (distance from bare soil; distance from
vegetation; distance form water body; distance from built-up area; and empirical likelihood) to
predict the transitions or changes. The strength of each variable was measured using Cramer’s Value.
The transition sub-model was created and modified until a maximum accuracy of 82.05% was achieved.
The models showed that the LULC exhibited three potential transitional forms: bare soil to built-up
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areas, vegetation to built-up areas, and built-up areas to bare soil. It should be highlighted that
conversion of built-up areas to bare soil/sand is usually rare. However, the study area experiences
frequent sand-storms and strong winds and roads and highways are frequently found covered with
sands due to these natural meteorological phenomena. It is possible for these areas to be classified
as built-up areas in one year (when sands are not present) but as soil/sand at a later year when
sands cover them. Hence conversion of built-up area to bare soil was found to be a valid potential
transitional form. The transition potential map for each transition was produced and the LULCs for
2014 were modeled. Previous studies have found MLPM to produce better prediction accuracies in
areas featuring stable and slow LULC changes [48]. Finally, in the SM model, Markovian conditional
probability images from the years 1990 to 2002 were produced using the Markov module of IDRISI.
The Stochastic choice was then applied to materialize the conditional probability images generated
from Markov analysis.

Once the LULCs for 2014 were modeled using the three methods, the Map Comparison Kit (MCK)
software was utilized to find the best-fit model. To select the best-fit model, the overall Kappa, Khisto,
Klocation, and Fraction correct was calculated and examined [49]. The calculated results are shown in
Table 3. Since the CAM model had the highest overall Kappa coefficients and Fraction correct, it was
used to simulate the LULC for 2026.

Table 3. Comparison of overall Kappa statistics for three modeling results for 2014.

Kappa Components CAM SM MLPM
Overall Kappa 0.56 0.30 0.45
Overall Klocation 0.67 0.36 0.62
Overall Khisto 0.83 0.83 0.73
Fraction Correct 0.75 0.60 0.69

3.4. Modeling of LST for 2026

After simulating the LULC for 2026, this study modified the methodology proposed by [28] to
model and map the distribution of the LSTs across Dammam city. First, several land cover indices of
each LULC type for the years 1990, 2002, and 2014 were derived. The indices were the Normalized
Difference Bare Soil Index (NDBsI), NDVI, Soil Adjustment Vegetation Index (SAVI), Normalized
Difference Water Body Index (NDWI), Modified Normalized Difference Water Body Index (MNDWI),
and Normalized Difference Built-up Area Index (NDBI). The equations used to calculate the indices
along with their references are given in Table 4.

Table 4. Indices used to model land surface temperature (LST) for 2026.

Index Equation Reference
Landsat TM and ETM+ Landsat OLI

NDBsl B3 B Be T B10 [50]
NDVI B B a [50]
SAVI AL ) LR [51]
NDWI BB BB [52]
MNDWI BB BT B [53]
NDBI e s [54]

Once the indices were derived, simple linear regression analysis was performed to examine their
relations with LSTs to select the indices that contribute the most for LST modeling. In the regression
analysis, indices were the independent variables and LST was the dependent variable. The NDBI,
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NDBsI, and MNDWI were found to be the major significant indices (p < 0.05) contributing to LSTs.
The three indices were normalized on a scale of 0 to 1 and reclassified into 20 equal classes to fit for
the usage of “Markov Chain Analysis”. We then conducted “Markov Chain Analysis” and combined
Stochastic Choice with Markov Chain Analysis to simulate the selected indices for the year 2026.
Using the three normalized indices data and the LST for 2014, the following equation (with % =0.729)
was formulated to explain their relationships:

LST = 81.81 — (17.92 x NDBsI) — (479 x NDBI) — (60.39 x MNDWI) (5)

where NDBsl, NDBI, and MNDWI are the corresponding indices and LST is the land surface
temperature. Finally, the equation and simulated 2026 indices were used to model and map the
LST for 2026.

4. Results

4.1. Changes in LULC in Dammam

The classified LULC results for the years 1990, 2002, and 2014 are given in Figure 2 while
Table 5 shows their areal statistics, and changes among classes between the years are provided in
Tables 6 and 7. From 1990 to 2014, the amount of bare soil declined significantly (by 16,632 ha or 25.5%).
During the same period, the built-up area increased by 18,899 ha (28.9% of the study area). The amount
of vegetation declined from the years 1990 to 2002 (by 1415 ha or 2.16% of the study area). However,
an increase in vegetation was observed between 2002 and 2014 (by 671 ha or 1% of the study area).
Finally, the areas of water slightly increased by 380 ha (0.6% of the study area) between 1990 and 2002
and decreased by 1903 ha (3% of the study area) from 2002 to 2014.

Table 5. Areal statistics (in hectares) of classified land cover for 1990, 2002, and 2014.

1990 2002 2014
Land Cover Class
Area % Area % Area %
Bare soil/sand 48,863 74.79 44 227 67.69 32,231 49.33
Built-up area 9368 14.34 15,039 23.02 28,267 43.27
Vegetation 1785 2.73 370 0.57 1041 1.59
Water body 5317 8.14 5697 8.72 3794 5.81
Total 65,333 100 65,333 100 65,333 100

Table 6. Change detection matrix showing the class changes (in hectares) between 1990 and 2002.

2002
Bare Soil/Sand  Built-Up Area  Vegetation = Water Body Total
Bare soil/sand 42,803 5969 74 17 48,863
Built-up area 883 8061 37 387 9368
1990 Vegetation 438 949 252 146 1785
Water body 103 60 7 5147 5317
Total 44,227 15,039 370 5697 65,333

Table 7. Change detection matrix showing the class changes (in hectares) between 2002 and 2014.

2014
Bare Soil/Sand  Built-Up Area  Vegetation Water Body Total
Bare soil/sand 30,131 13,824 250 22 44,227
Built-up area 995 13,427 608 9 15,039
2002 Vegetation 49 147 174 0 370
Water body 1056 869 9 3763 5697

Total 32,231 28,267 1041 3794 65,333
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Figure 2. The study area’s classification results for (a) 1990, (b) 2002, and (c) 2014.

4.2. Distribution and Changes of LST in LULC in Dammam

The average LSTs of individual LULC classes are provided in Table 8. It was observed that for each
year, bare soil had the highest LST followed by built-up area, vegetation, and water bodies. The results
also show that the average temperature for all the classes increased between 1990 and 2014. However,
while the average temperature for water body increased slightly by 1.6 °C, the average temperature
for bare soil, built-up area, and vegetation increased by an average of 7.5 °C. When we examined
the changes in the decadal average temperature per class, significant increases (by 7 °C) were seen
between 1990 and 2002 for bare soil and built-up area. The rate of increase reduced to 0.7 °C for these
classes between 2002 and 2014. For vegetation class, the rates of increase were 3.14 °C (between 1990
and 2002) and 4.16 °C (between 2002 and 2014).
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Table 8. Average LSTs in 1990, 2002, and 2014 for different land cover classes.

Land Cover Class 1990 2002 2014
Bare Soil 37.62 44.41 45.09
Built-Up Area 36.42 43.42 4412
Vegetation 35.71 38.85 43.01
Water Body 29.04 30.69 30.64

The spatial distributions of the temperatures for 1990, 2002, and 2014 are given in Figure 3, while
the relationship between temperature and areal coverage is provided in Table 9. In 1990, the entire
study area had LSTs less than 40 °C, with the majority (87.07%) of the land cover having LSTs between
36 °C and 40 °C. In 2002, 77% of the land cover had LSTs between 41 °C and 50 °C. However,
the percentage of LSTs between 41 °C and 50 °C increased to 91.26% in 2014, suggesting the study
area’s LSTs increased between 1990 and 2014, although it increased more in the last decade.

(a) (b)

0 10 20 40 Km.
4 4 ' 4

(c)

Figure 3. LST distributions for (a) 1990, (b) 2002, and (c) 2014.
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Table 9. Distribution of areal coverage among different LST ranges for 1990, 2002, 2014, and 2026.

Areal Coverage (%)

Ranges of LST (°C)

1990 2002 2014 2026

<30 7.86 6.14 3.81 0
31 to 35 5.07 6.44 23 0.29
36 to 40 87.07 9.9 2.58 1.38
41to 45 0 36.11 58.69 2.35
46 to 50 0 409 32.57 35.06
>50 0 0.51 0.05 60.92

4.3. Modeling of LULC and LST for 2026

Figure 4 shows the simulated LULC for the year 2026 and Table 10 provides their areal statistics.
The modeled LULC shows that 35,986 ha (55% of the study area) will change to built-up area,
an increase of almost 27.3% from 2014. This increase will mostly occur in the city’s northern and
southeastern parts. Vegetation will also increase in the city from 1041 ha in 2014 to 3240 ha in 2026
(a gain of 211%) in central northern parts of Dammam and along the northern coastline. This increase
in built-up area and vegetation will reduce the amount of bare soil by 8306 ha (a net loss of almost 26%)
and water bodies by 1612 ha (loss of roughly 42.5%) from 2014 to 2026. Water bodies will be mostly lost
due to new construction of residential and commercial zones along the eastern seashores of the city.

N

. .ﬁ. E I:I Bare Soil
e 0
o
- Vegetation
0 5 10 20 Km.
] B e socy

Figure 4. Modeled land use and land cover (LULC) for Dammam for 2026.

The spatial distribution of the modeled 2026 LST is provided in Figure 5 and the areal percentage
statistics by LST range is shown in the last column of Table 9. Compared to the LST ranges of 1990, 2002,
and 2014, most of the land coverage (98%) is predicted to have LSTs over 41 °C in 2026. The average
LSTs for built-up area are forecasted to be 46 °C.
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Figure 5. Distribution of the indices ((a) NDBI; (b) MNDWTI; and (c¢) NDBsI) used to model the 2026
LST (d) for Dammam.

Table 10. Modelled areal statistics (in hectares) of land cover for 2026.

Land Cover Class

Area %
Bare soil 23,925 36.62
Built-up area 35,986 55.08
Vegetation 3240 4.96
Water body 2182 3.34
Total 65,333 100

5. Discussions

5.1. Changes in LULC and LSTs

This paper first examined the changes in the LULC in the city of Dammam between 1990 and
2014. The city’s urban areas expanded by 61% from 1990 to 2002 and 88% between 2002 and 2014

110f16
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Such decadal growth is higher than other cities in Saudi Arabia [19,55]. It is also higher than other
developing cities in the world, including Kathmandu [13], Tripoli [56], and Dhaka [57]. Rapid
population growth and economic prosperity are the primary reasons for such rapid urban growth [58].
Dammam’s population increased from 127,844 (1974) to 260,048 (1986), and finally to 918,154 in
2010 [33,59] due to rapid migration of refugees during and after the 1991 Gulf war from neighboring
countries of Iraq and Kuwait. The results also show that the vegetation in the study area decreased
between 1990 and 2002 and increased between 2002 and 2014. Previous studies have also found similar
patterns of decreasing vegetation coverage between the early 1990s and 2000 and an increase from the
early 2000s to 2014 in other Saudi cities [55,60]. They suggested that increasing population resulted in
vegetation increases in Saudi cities [60].

In tropical and sub-tropical urban environments, the LSTs are dependent upon the LULC,
with urban built-up areas having the highest LSTs and significantly contributing to the formation
of UHIs [24,28]. However, having a desert climate, the study area’s bare soil (mostly sands) had
the highest mean LSTs during the day followed by urban built-up areas in the all of the three years
considered. The mean LSTs for vegetative areas were lower than urban built-up areas. Similar resulting
patterns were also found in other neighboring desert cities of Abu Dhabi and Dubai, suggesting an
inversion of UHIs where city centers are generally cooler than the outskirts of the city due to low
vegetation coverage and sand being the main reflecting surface [31,61]. In both cities, a reduction of
5 °C (Abu Dhabi) to 12 °C (Dubai) of mean LSTs were due to the presence of green vegetative areas.
For our study area, the vegetative areas lowered the mean LSTs by an average of 2 °C. We believe this
slight lowering is due to the very low amount of vegetation present in Dammam (only 1042 ha in 2014),
indicating that the reduction in LSTs is correlated to the amount of vegetation present in an area.

It was also found in this study that the mean LSTs of 2014 increased by an average of 7.5 °C
when compared to the mean LSTs of 1990. Increases of mean LSTs were also found in Dubai and
the semi-arid desert city of Santiago, Chile [61,62]. As highlighted by previous studies, the rapid
population growth along with the urban expansion could be the contributing factors to such increases
in the temperatures [63].

5.2. LULC and LST Modeling for 2026

The land use and land cover of Dammam are expected to change over the next decade, as 27%
of the current LULC is modelled to be converted into urban built-up areas. This decadal growth rate
is comparable to other cities in the world, including Setubal and Sesimbra (in Protugal with 25%),
Asmara (in Eritrea with 25%), and Beijing (with 31%) [64-66]. Such growth will lead to urban sprawl
and will have several benefits and consequences. The benefits include development of industrial
infrastructures and facilities which can provide employment opportunities for the residents from small
cities and rural areas of the kingdom as well as from other neighboring Arab countries and developing
countries of South and Southeast Asia (i.e., Pakistan, Bangladesh, Indonesia, and the Philippines).
The expansion can also provide better business, educational, and medical facilities for its residents.

The negative impacts are numerous and most often they outweigh the benefits of the urban
expansions. With increasing employment opportunities, the population is projected to grow by almost
20% over the next decade (1,057,256 in 2015 to 1,264,227 in 2025) [33]. Due to increasing population and
city expansions, travelling distances for the residents are expected to increase, resulting in more fuel
consumption and traffic congestions. The high fuel consumptions will result in rising air pollution and
cause various health problems for the elderly and children of the city. The cost for providing public
utility services is also expected to rise. Urbanization has also been known to cause social disparities
among the residents [67]. Finally, the LST of the city is expected to increase as well from the increasing
built-up areas.

The LSTs modelled in this study for 2026 show that the majority of the city will have LSTs
over 41 °C, with the average LSTs for built-up areas forecasted to be 46 °C. This is significantly
higher than the modelled LSTs of cities in the tropical regions of the world [28]. Recently, Pal and
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Eltahir [68] simulated the dry and wet-bulb temperatures for Middle Eastern cities between the
years 2071-2100 using a regional climate model. Their study shows that by 2100, the regional
average wet-bulb temperature will exceed 35 °C several times in the year and the average maximum
dry-bulb temperature exceeding 45 °C in the low lying coastal cities of the region (i.e., Abu Dhabi,
Dammam/Dhahran, and Dubai) will become the norm in the July, August, and September summer
months. The LSTs modelled in this study are 1 °C higher than the dry-bulb temperature estimated
by Pal and Eltahir [68]. This is to be expected, since LSTs and air-temperatures are highly correlated
and as the air temperature increases, LST values will tend to be higher than the air temperature [69].
Such extreme high temperatures will be dangerous for human health as well as for animal and plant
species. Instead of the end of the century as predicted by Pal and Eltahir [68], these results of this study
suggest that Dammam city may experience very high temperatures that may be difficult for human
inhabitability within the next one to two decades.

6. Conclusions

This study compared three separate Landsat images to evaluate LULC changes over the last two
decades in Dammam, the capitol of Saudi Arabia’s Eastern Province. It also examined the trends in the
LSTs during these periods and their relationships with the four major LULC classes. Finally, based on
the changes, this study projected the LULC and the LSTs for the year 2026. Since 1990, the urban area
in Dammam has increased, resulting in decreasing bare soil. The results also show that the average
LSTs have increased in the last two decades. If such a trend continues, built-up areas along with the
LSTs will continue to increase over the next decade. Such increases in built up areas along with their
temperatures will have numerous medical, environmental, and social impacts and consequences.

The study results will be beneficial for Dammam’s government officials and planners, who can
ensure that the city is growing in a restrictive manner by utilizing and comparing this study’s maps
with the city’s future master plan. They can also create rules and regulations and create strategies
that can reduce the LSTs in the city. Future studies should examine in detail the consequences and
problems faced by the residents of Dammam due to urban expansions and LST increases as well as
how to mitigate them. The growth and the distribution of LSTs of other cities in Saudi Arabia should
also be examined and modeled to ensure they are growing in a sustainable manner.
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