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Introduction
This study investigates the relationship between land use/land cover (LULC) changes and land surface temperature (LST) dynamics in Al-Khobar, Saudi Arabia, a rapidly urbanizing desert city, from 1999 to 2024. The research addresses the critical need to understand urban thermal environment changes driven by anthropogenic modification in arid regions.
Methods
The analysis utilized Landsat satellite imagery. LULC changes were quantified using post-classification comparison and spectral indices, including the Normalized Difference Vegetation Index (NDVI), Normalized Difference Built-up Index (NDBI), Normalized Difference Water Index (NDWI), and Barren Soil Index (BSI). LST was retrieved using a radiative transfer equation. Statistical correlation analyses were performed to examine the relationships between these spectral indices and LST for the study years.
Results
Significant LULC transformations were observed: urban area increased by 71.5%, while barren land decreased by 50.6%. Vegetation cover grew by 12.4%, and water bodies shrank by 20.1%. Concurrently, the average LST rose from 40.2°C to 42.5°C. Correlation analyses revealed: 1) a strong positive correlation between NDBI and LST, with NDBI increasing from 0.395 to 0.635; 2) a consistent positive correlation between NDVI and LST, challenging the typical cooling paradigm; 3) a strong negative correlation between NDWI and LST, with NDWI declining from 0.518 to 0.294; and 4) a negative correlation between BSI and LST, with BSI decreasing from 0.374 to 0.267.
Discussion
The results identify urban expansion (indicated by NDBI) as the primary driver of surface heating. The positive NDVI-LST correlation suggests that the cooling efficacy of irrigated urban greenery in arid settings can be compromised by the surrounding heat-retaining built-up matrix. The strong negative NDWI-LST correlation underscores the disproportionate cooling importance of water bodies, whose decline contributed to warming. The findings provide an evidence-based refinement of LULC-LST dynamics for arid environments, concluding that sustainable urban planning in desert cities must prioritize water body conservation, mandate high-albedo materials, and re-evaluate greening strategies based on proven cooling efficacy rather than mere area coverage.
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1 INTRODUCTION
Global cities are undergoing rapid urbanization characterized by unprecedented urban sprawl, leading to significant alterations of the urban landscape and increased pressure on natural ecosystems, infrastructure (He et al., 2018; Hoelscher and Aijaz, 2016; Wei and Ewing, 2018). A primary consequence of this expansion is the replacement of permeable surfaces and green spaces with impervious built-up areas, which fundamentally alters the land’s thermal properties (Ng et al., 2011; Scolozzi and Geneletti, 2012; Sharma et al., 2013). These Land Use/Land Cover (LULC) changes are a primary driver of elevated Land Surface Temperature (LST) and the Urban Heat Island (UHI) effect, where urban areas experience significantly higher temperatures than their rural surroundings (Bendib et al., 2017; Govind and Ramesh, 2019). As a critical indicator of urban environmental conditions, LST significantly influences energy consumption, public health, water demand, and overall ecosystem health (Raynolds et al., 2008; Weng and Lu, 2008), with these changes directly attributed to human activities that modify the Earth’s surface characteristics (Hokao et al., 2012). The relationship between LULC and LST has been extensively documented across diverse geographical and climatic contexts. For instance, studies in the Himalayan region of Pakistan (Ullah et al., 2019), Washington, D.C. (Zhou et al., 2017), and the Osaka metropolitan area (Estoque et al., 2017) have consistently shown that urban composition and density significantly influence temperature patterns. While some studies, such as in Jeddah, Saudi Arabia (Almazroui et al., 2017), have reported a limited effect of urban sprawl on LST, the overarching global consensus confirms the thermal impact of urbanization. Similarly, research in major Chinese cities (Peng et al., 2012) and Shanghai (Wang et al., 2017) has confirmed that urban expansion leads to substantial increases in LST. A consistent finding across many of these studies, including in Pakistani cities (Waleed and Sajjad, 2023), s the strong negative correlation between vegetation cover (NDVI) and LST, reinforcing the paradigm of vegetation as a primary cooling agent.
Recent investigations continue to underscore the profound impacts of LULC changes on thermal environments. In the Nile Delta, significant warming trends have been linked to LULC changes, with a strong negative correlation between nighttime LST and vegetation (NDVI) highlighting the role of greenery in mitigating urban heat island (UHI) (Nahas et al., 2025) Similarly, in Pakistan’s Punjab region, agricultural expansion and declining rangelands have been accompanied by rising temperatures (Feng et al., 2025).
Rapid settlement expansion in cities such as; Bhairab, Bangladesh (Saha et al., 2024), and Lahore, Pakistan (Irshad et al., 2024), has intensified local UHI effects, while studies in Africa and the Middle East, such as in Egypt’s Sharqiyah Governorate (Fahmy et al., 2023) and Ilorin, Nigeria (Njoku and Tenenbaum, 2022) have documented substantial LST rises directly correlated with built-up area expansion. Historically, measuring LST relied on costly and complex field data (Rehman et al., 2015). However, advancements in remote sensing (RS) now provide an effective alternative. RS techniques enable the linkage of LST to LULC changes and facilitate long-term climate change assessments by integrating spatial data from various satellites (Kothe et al., 2019). Among these systems, Landsat satellites, with their systematic revisit cycles and high-resolution imagery, are particularly valuable for monitoring urban thermal environments (Chastain et al., 2019; Li et al., 2012; Sobrino et al., 2012). While the vast majority of this research has focused on large metropolises or temperate climates, a significant gap remains in understanding the specific dynamics of rapidly growing cities in arid regions.
While the relationship between LULC changes and LST is well-documented globally, its specific manifestations in hyper-arid urban environments reveal critical nuances that require further contextual investigation. Extensive research in Saudi Arabia and the Gulf Cooperation Council (GCC), such as in Tabuk city (Albalawi, 2020), Jeddah (Almazroui et al., 2017), and other Gulf metropolises (Dahy et al., 2024; Mansour et al., 2022), has established the broad pattern of urban expansion driving elevated temperatures. Many of these studies, along with global models, report the expected strong negative correlation between vegetation (NDVI) and LST, reinforcing a universal cooling paradigm (Siqi and Yuhong, 2020; Waleed and Sajjad, 2023).
However, a growing body of evidence suggests that in hyper-arid cities, where vegetation is often sparse, sustained by intensive irrigation, and embedded within a vast heat-retaining built environment, this relationship can be weak, non-existent, or even positive (Rengma and Yadav, 2024). The thermal role of urban greenery ismediated by factors such as; species type, irrigation efficiency, and its spatial configuration (Saha et al., 2024). Therefore, the critical question is not if vegetation cools, but under what specific conditions its cooling efficacy is realized or negated in extreme arid climates (Noroozi et al., 2024). Al-Khobar city, a rapidly developing coastal city in the Eastern Province, presents a compelling case to quantitatively investigate these subtleties. Its specific trajectory of urban growth, coupled with its extreme arid climate, offers a unique valuable context to test and refine the established LULC-LST models, moving beyond universal assumptions to provide location-specific insights (Fahmy et al., 2023).
Therefore, this study moves beyond merely replicating established methods in a new location. This study aims to: i. quantify the spatiotemporal changes in LULC and their thermal impacts in Al-Khobar city from 1999 to 2024, ii. investigate the relationships between key spectral indices (NDVI, NDBI, NDWI, BSI) and LST within this hyper-arid urban context, and iii. assess the relationship between NDVI and LST and decipher the influences of built-up areas, water bodies, and barren lands on the city’s thermal environment. The findings are expected to provide critical, evidence-based insights that refine the application of universal models and inform more effective, climate-resilient urban planning for desert cities.
2 MATERIALS AND METHODS
2.1 Description of the study area
Al-Khobar city, a primary coastal city in the Eastern Province of Saudi Arabia, was selected as the study area due to its significant urban and industrial growth over recent decades and one of the Kingdom’s most rapidly urbanizing centers. This exceptional growth is driven by its strategic role as a major industrial and commercial hub within the Dhahran-Dammam-Khobar tri-city metropolitan area, a cornerstone of the nation’s energy economy. Given the city’s rapid expansion, it is crucial to examine the impact of this growth on the local environment, particularly the LST. This extent encompasses the core urban fabric of Al-Khobar city, its industrial zones, and surrounding peripheral lands, providing a comprehensive view of the city’s spatiotemporal development. Statistical evidence underscores the city’s rapid transformation. According to data from the Saudi General Authority for Statistics, the population of the Eastern Province, where Al-Khobar city is a key urban node, grew by over 25% between 2010 and 2022, a rate significantly higher than the national average (Central Department of Statistics and information (CDSI), http://www.cdsi.gov.sa http://www.cdsi.gov.sa/yb46/Pages/MixFPage, accessed on 20 August 2024). This population influx has directly fueled extensive physical expansion. A recent study by Alqahtany et al., 2022; AlQahtany et al., 2022) on urban sprawl in Saudi cities identified the Dammam Metropolitan Area, which includes Al-Khobar city, as having one of the highest rates of land consumption per capita and urban sprawl index values among Saudi megacities. Furthermore, research by Rahman, 2016; Rahman, 2016) specifically documented a 40% increase in Al-Khobar’s built-up area between 1990 and 2013 alone, a trend that has continued unabated, making it an exemplary site for studying the environmental impacts of accelerated urbanization in an arid climate. Geographically, Al-Khobar city is located between 26.10°N and 26.30°N and 50.10°E to 50.30°E, and the study area was defined by the administrative boundary of the urban fabric of Al-Khobar city, covering a total area of 256 km2 (Figure 1). The climate is characterized as a hot desert (BWh according to the Köppen climate classification), featuring intensely hot and humid summers with temperatures often exceeding 40 °C and mild, dry winters with temperatures ranging from 15 °C to 20 °C (World Weather and Climate Information, http://www.weather-and-climate.com/average-monthly-Rainfall-Temperature-Sunshine,al-khobar,Saudi-Arabia, accessed on 20 August 2024). The terrain is relatively flat, with an average elevation of 12 m above sea level, gently sloping towards the Gulf coastline. Land use and land cover in Al-Khobar city are diverse and have undergone substantial transformation. The dominant feature is the urban areas, comprising residential neighborhoods, commercial districts, and extensive road networks, which have expanded significantly due to rapid development. Other notable land cover classes include industrial zones, limited agricultural land and gardens on the northern peripheries, water bodies along the coast, and open barren lands, which have been the primary source for urban encroachment.
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To ensure temporal comparability, anniversary Landsat images were acquired for 1999 (Landsat 5 TM, Path/Row: 165/045, Date: August 7) and 2024 (Landsat 8 OLI/TIRS, Path/Row: 165/045, Date: July 12) from the USGS Earth Explorer portal (https://earthexplorer.usgs.gov/) operated by the U.S. Geological Survey (USGS), as shown in Tables 1, 2. Both scenes were cloud-free over the study area. The images were radiometrically and atmospherically corrected using standard procedures. All reflective and thermal bands were resampled to a consistent 30-m spatial resolution to facilitate multi-temporal analysis and integration.
TABLE 1 | Key spectral bands of Landsat-5 (TM, 1999) imagery.	Band	Wavelength (µm)	Spatial resolution (m)
	Band 1 (blue)	0.45–0.52	30
	Band 2 (green)	0.52–0.60	30
	Band 3 (red)	0.63–0.69	30
	Band 4 (near infrared)	0.76–0.90	30
	Band 5 (SWIR 1)	1.55–1.75	30
	Band 6 (thermal)	10.40–12.50	120 (resampled to 30)
	Band 7 (SWIR 2)	2.08–2.35	30


TABLE 2 | Key spectral bands of Landsat 8 (OLI, 2024) imagery.	Band	Wavelength (µm)	Spatial resolution (m)
	Band 1 (coastal/aerosol)	0.43–0.45	30
	Band 2 (blue)	0.45–0.51	30
	Band 3 (green)	0.53–0.59	30
	Band 4 (red)	0.64–0.67	30
	Band 5 (near infrared)	0.85–0.88	30
	Band 6 (SWIR 1)	1.57–1.65	30
	Band 7 (SWIR 2)	2.11–2.29	30
	Band 8 (panchromatic)	0.50–0.68	15
	Band 9 (cirrus)	1.36–1.38	30
	Band 10 (thermal infrared 1)	10.60–11.19	100 (resampled to 30)
	Band 11 (thermal infrared 2)	11.50–12.51	100 (resampled to 30)


2.3 Supervised classification procedure
The supervised classification process using the Maximum Likelihood Classifier (MLC) involved the following steps.
2.4 Selection of training classes and data
Four land cover classes were identified within the study area through visual interpretation of the satellite imagery, aided by an existing reference land cover map. The classes were: urban areas (built-up, residential areas and road networks), water (water bodies), open areas (bare lands), and vegetation areas (agriculture lands and gardens) as represent in Table 3 and Figure 4. For each class, representative training sites (polygons) were digitized. Pixels within these polygons were selected as training data. The key criteria for selecting training sites were uniformity (spectral homogeneity within the polygon) and representativeness (the ability to capture the spectral variability of the class across the entire image) (Campbell and Wynne, 2011).
TABLE 3 | Land use/land cover classes adopted in the study.	Land use/Land cover classes	Description
	Urban areas (built-up)	Residential areas and road networks
	Water	Water bodies
	Open areas	Bare lands
	Vegetation	Agriculture lands and gardens


2.5 Evaluation of class separability
The quality of the training data was quantitatively assessed using the Jeffries-Matusita (JM) distance (Sen et al., 2019), a measure of statistical separability between two classes. For two normally distributed classes i and j, the JM distance Jij is derived from the Bhattacharyya distance (α) and is calculated as the following Equations 1, 2 (Richards and Jia, 1999):
Jij=21−e−∝(1)
where;
∝=18μi−μjTΣi+Σj2−1μi−μj+12lnΣi+Σj2ΣiΣj(2)
here, μi and μj are the mean vectors, and Σi and Σj are the covariance matrices for classes i and j, respectively. The JM distance ranges from 0 to 22 (approximately 1.414), with values closer to 22 indicating excellent separability. Pairs with Jij > 1.0 are generally considered acceptable for classification (Richards and Jia, 1999; Sen et al., 2022).
2.6 Maximum likelihood supervised classification
Prior to classification, a pre-processing step was applied to mask out clouds and their shadows from the image. This was achieved using a thresholding technique on the spectral properties of clouds to ensure analysis was performed only on clear-sky pixels (Ackerman et al., 1998; Ahmad and Quegan, 2012).
The individual spectral bands in each image were combined (Bands composite) for both Landsat images for the years 1999 and 2024, then the study area was extracted. Training samples were then extracted for all the LULC categories in the study, and a supervised classification was performed for both images using MLC classifier to obtain LULC maps for 1999 and 2024, and the accuracy of this classification was assessed using accuracy assessment matrix (Selmy et al., 2023). Land use and land cover changes between the study years were then detected.
The MLC is a supervised, parametric classification method based on Bayes’ theorem. It assumes that the spectral data for each class follow a multivariate normal distribution (Richards and Jia, 1999). The discriminant function gi (x) for a pixel with feature vector (x) to belong to class (i) is derived from the probability density function and is given by the following Equations 3, 4:
Pi|x=Px|iPiPx(3)
where; P (x∣i) is the likelihood function (probability of x given class i), P (i) is the prior probability of class i, and P(x) is the evidence (a normalization constant).
Assuming the data within each class is normally distributed, the likelihood function is given by the multivariate Gaussian distribution. In practice, it is convenient to use the discriminant function gi (x), which is the natural logarithm of the likelihood (ignoring constant terms) (Jensen, 1996):
gix=−12x−μiTΣi−1x−μi−12lnΣi+lnPi(4)
A pixel is assigned to the class i for which the discriminant function gi (x) is maximized:
x є I if gix > gjx for all j≠i
The mean vectors (μi) and covariance matrices (Σi) for each class are estimated directly from the pixel values in the training areas. In this study, equal prior probabilities P (i) were assumed for all classes.
2.7 Accuracy assessment
The performance of the MLC classification was rigorously assessed using a stratified random sampling approach to select reference pixels that were strictly independent of the training data. The sample size was determined based on established practices for land cover accuracy assessment, which recommend a minimum of 50–100 samples per land cover class to achieve a stable error matrix and a reliable estimate of overall accuracy (Fathizad et al., 2018; Jensen, 1996). To ensure statistical robustness for our four-class system and to align with common precedents in similar urban remote sensing studies (Pan et al., 2017; Rengma and Yadav, 2024), we selected 250 reference pixels per class, resulting in a total of 1,000 reference pixels for the entire study area. This sample size provides a confidence level of >95% for the estimated accuracies and ensures the Kappa coefficient is derived from a substantial and representative dataset. An error matrix (or confusion matrix) was constructed to compare the classified results against the reference (ground truth) data (Congalton and Green, 2019). From this matrix, four key accuracy metrics were derived as follows:
	Producer’s Accuracy (PA): The probability that a reference pixel is correctly classified, measuring omission error (Equation 5).

PA=Number of correct pixels in class iTotalreferencepixels in class i×100%(5)
	2. User’s Accuracy (U.A.): The probability that a pixel classified on the map actually represents that class on the ground, measuring commission error (Equation 6).

UA=Number of correct pixels in class iTotal pixels classified as class i×100%(6)
	3. Overall Accuracy (OA): The total percentage of correctly classified pixels (Equation 7).

OA=Total number of correct pixelsTotal number of reference pixels×100%(7)
	4. Kappa Coefficient (κ): A statistically robust measure of agreement that accounts for the agreement occurring by chance (Lillesand et al., 2015). Kappa Coefficient (κ) was calculated using the following Equation 8:

κ=N∑i=1kxii−∑i=1kxi+.x+iN2−∑i=1kxi+.x+i(8)
where N is the total number of observations, k is the number of rows/columns, xii is the count in row i and column i, and xi+ and x+i are the marginal totals for row i and column i, respectively.
2.8 Spectral indices and their applications in remote sensing for land use analysis
Additionally, the spectral indices NDVI, NDBI, NDWI, and BSI were calculated to map green areas, buildings, water bodies, and bare land based on the Landsat-5 (TM) and Landsat-8 (OLI TIRS) images for 1999 and 2024, respectively. Spectral indices are mathematical equations used to extract information about the dynamics of the Earth’s surface in multispectral satellite imagery by utilizing two or more bands from different portions of the electromagnetic spectrum (Baranwal and Ahmad, 2021). The primary purpose of using these indices is to enhance and extract spectral characteristics of features in the image in order to track temporal changes (Mou et al., 2018). Numerous studies used the NDVI index for mapping and monitoring green areas from satellite imagery (Chen et al., 2015; Fadl et al., 2024; Shah and Siyal, 2019; Sonawane and Bhagat, 2017). Ideally, the values of this index range between −1 and +1, depending on the Digital Numbers (DN) of the Near-Infrared (NIR) and Red bands (Sonawane and Bhagat, 2017). Negative values, correspond to water, while low positive values (0.0–0.2) identify rocks and bare soil, while vegetation has positive values ranging from 0.2 to 1.0 with healthy vegetation has values greater than 0.4. The NDVI index is calculated using the following Equation 9:
NDVI=NIR−REDNIR+RED(9)
The NDBI index is used for extracting, mapping, and monitoring built-up areas from satellite images. Built-up areas have a higher spectral reflectance in the Mid-Infrared (MIR) band, which has wavelengths ranging from approximately 1.55–1.75 μm, and the values of this index range between −1 and +1 (Xu, 2008). Positive values correspond to built-up areas, with higher values indicating a stronger presence of these areas. This index can be calculated using the following Equation 10:
NDBI=SWIR−NIRSWIR+NIR(10)
The NDWI index is used to distinguish water bodies from other land features. The spectral reflectance of water is high in the Green band, with wavelengths ranging from 0.52 to 0.6 μm, and low in the Near-Infrared (NIR) band, with wavelengths ranging from 0.76 to 0.9 μm. The values of this index range between −1 and +1 (Xu, 2006), and positive values correspond to water bodies, with higher values indicating a stronger presence of water. This index can be calculated using the following Equation 11:
NDWI=Green−NIRGreen+NIR(11)
The Bare Soil Index (BSI) is used to distinguish non-vegetated lands, such as exposed soils or plowed agricultural lands (Chen et al., 2015). BSI can help identify areas where the soil is clearly exposed without dense vegetation cover and is commonly used in applications related to land management, environmental analysis, and agricultural monitoring to identify dry soil by distinguishing it from vegetation and water. High values indicate areas with exposed soil. This index can be calculated using the following Equation 12:
BSI=NIR+Blue−SWIR+RedNIR+Blue−SWIR+Red(12)
2.9 Significance and interdependence of spectral indices
The selection of NDVI, NDBI, NDWI, and BSI was deliberate tailored to the specific land cover and thermal dynamics of Al-Khobar’s arid coastal setting. In such an environment, the spectral confusion between key land cover types is pronounced, necessitating a synergistic index approach for accurate discrimination and thermal analysis. The most significant spectral confusion in arid cities occurs between built-up areas and bare soil, as both exhibit high reflectance in the Short-Wave Infrared (SWIR) region and low reflectance in the Near-Infrared (NIR). While the NDBI is highly effective at mapping impervious surfaces, it is notoriously susceptible to false positives from barren land (Noroozi et al., 2024; Rasul et al., 2018). This is precisely why the BSI is indispensable for this study. The BSI is specifically designed to enhance the spectral signature of exposed soil by integrating the blue, red, NIR, and SWIR bands (Chen et al., 2015). Using NDBI and BSI in tandem allows for a more confident separation of the newly urbanized areas (high NDBI, low BSI) from the persistent barren lands (moderate NDBI, high BSI), which is critical for accurately attributing LST changes.
The NDVI is included not because vegetation is a dominant land cover, but because its role in the urban thermal landscape of an arid city is complex and potentially counter-intuitive. Unlike in temperate regions, sparse, irrigated urban greenery in Al-Khobar city may exhibit limited evapotranspirative cooling and can be embedded within a vast heat-retaining built-up matrix. This can lead to a weak or even positive correlation with LST, a phenomenon observed in other desert cities (Ferreira and Duarte, 2019; Marzban et al., 2018). Monitoring NDVI is therefore essential for testing this atypical relationship and evaluating the true cooling efficacy of urban greening efforts in an arid climate.
Al-Khobar city location on the Arabian Gulf makes the NDWI a critical component. Water bodies are known for their strong cooling effect, but their extent and influence can be altered by coastal land reclamation and urban drainage modifications, common in rapidly developing Gulf cities (AlQahtany et al., 2022; Subraelu et al., 2022). The NDWI allows for the specific quantification of these water features, enabling a direct investigation into how the loss or preservation of aquatic areas contributes to the city’s thermal environment.
2.10 Land surface temperature (LST): a key indicator of Earth’s thermal dynamics
Land Surface Temperature (LST) is an indicator that reflects the actual temperature of the earth’s surface as measured by satellites or ground sensors. LST does not only reflect air temperature but represents the heat emitted from the surface itself, including soil, vegetation, and buildings. LST is an important indicator in environmental and climate studies, as it is associated with Land Use/Land Cover (LULC) changes, such as urbanization and deforestation (Qadri et al., 2023). LST is a key tool in assessing the impact of climate change and urban expansion and is used in studies related to the Urban Heat Island (UHI) phenomenon, where higher temperatures are recorded in urban areas compared to surrounding rural areas due to human activity. The extraction of Land Surface Temperature (LST) from the thermal bands of Landsat 5 TM and Landsat 8 TIRS was conducted through a standardized five-step process for each date (1999 and 2024). The workflow ensures a consistent and physically accurate derivation of LST values in degrees Celsius (°C).
	Conversion of Digital Number (DN) to Spectral Radiance

The raw digital numbers (DN) from the thermal bands were first converted to Top-of-Atmosphere (TOA) spectral radiance (Lλ) using the radiance rescaling factors provided in the satellite imagery’s metadata file (MTL) for Landsat 5 TM band 6 (Equation 13) and Landsat 8 TIRS band 10 (Equation 14):
Lλ=Lmin+Lmax−LminQcalmax×Qcal(13)
where; Lλ is the TOA spectral radiance (W·m-2·sr−1·μm−1), Qcal is the quantized calibrated pixel value (DN), Lmin and Lmax are the minimum and maximum spectral radiance values for the specific scene.
Lλ=ML×Qcal+AL(14)
where; ML is the radiance multiplicative scaling factor (RADIANCE_MULT_BAND_x from MTL), AL is the radiance additive scaling factor (RADIANCE_ADD_BAND_x from MTL).
	2. Conversion of Radiance to At-Satellite Brightness Temperature

The spectral radiance was then converted to at-satellite brightness temperature (TB) in Kelvin (K) using the Planck’s law approximation and the thermal constants specific to each satellite sensor (Equation 15).
TB=K2lnK1L+1(15)
where; TB is the effective at-satellite brightness temperature in Kelvin (K), Lλ is the TOA spectral radiance calculated in Step 1, K1 and K2 are the band-specific thermal conversion constants from the metadata (e.g., for Landsat 8 Band 10, K1 = 774.89, K2 = 1321.08).
	3. Calculate Land Surface Emissivity (ϵ)

Brightness temperature (TB) is not the true LST, as it does not account for the emissivity (ϵ) of the surface. Emissivity, which varies by land cover type (e.g., water, vegetation, built-up areas), must be incorporated to retrieve the actual LST. A common method is to estimate emissivity based on the Proportion of Vegetation (Pv) derived from the NDVI (Sobrino et al., 2004; Van de Griend and Owe, 1993), as represent in the following Equations 16, 17.
Pv=NDVI−NDVIminNDVImax−NDVImin2(16)
where; NDVImin and NDVImax are the minimum and maximum NDVI values for the image, often set to 0.2 and 0.5 for general applications, respectively.
ϵ=0.004×Pv+0.986(17)
This empirical equation provides a mean emissivity value, where 0.986 is the emissivity of bare soil and 0.004 is a modification factor for vegetation presence.
	4. Calculate Land Surface Temperature (LST) in Kelvin (K)

The widely adopted Mono-Window Algorithm [3] was used for the emissivity correction (Equation 18):
LST K=TB1+λTBρlnϵ(18)
where; λ is the wavelength of emitted radiance (for Landsat 8 Band 10, λ = 10.895 μm), ρ = h⋅c/σ (where h = Planck’s constant, c = speed of light, σ = Boltzmann constant), which is approximately ρ = 14,380 for the Landsat 8 TIRS Band 10.
	5. Conversion to Degrees Celsius

The final LST value in Kelvin was converted to degrees Celsius (°C) to facilitate interpretation and analysis (Equation 19).
LST °C=LST K−237.15(19)
2.11 Assessing LULC change impacts on LST using multi-temporal landsat data
In the context of calculating Land Surface Temperature (LST) from satellite imagery such as Landsat, the present research methodology focuses on analyzing multi-temporal data in order to extrapolate how much correlation between the LST and the other LULC change. The steps of the research methodology are summarized in Figure 2.
[image: Flowchart showing process for analyzing land surface temperature (LST) and land use/land cover (LULC) changes between 1999 and 2024. It starts with Landsat data and band analysis, computes indices (NDVI, NDWI, NDBI, BSI) for each year, uses correlation analysis, and applies Maximum Likelihood Supervised Classification. It results in LULC maps for both years, with an accuracy assessment conducted after classification to evaluate land cover changes.]FIGURE 2 | The methodology flowchart.3 RESULTS AND DISCUSSION
3.1 Training data collection for accurate land use/land cover mapping
The supervised classification process employed training samples representing all major land use/land cover (LULC) classes, strategically distributed across the study area to ensure comprehensive spectral representation, following established remote sensing protocols. The MLC algorithm yielded a classification accuracy (>93%) with minimal inter-class confusion (<7%), as validated through contingency matrix analysis (Rengma and Yadav, 2024). These classifications enabled the detection of LULC changes, particularly the 71.5% urban expansion, which showed strong correlation (r > 0.7) with rising land surface temperatures through NDBI analysis, consistent with findings in other rapidly urbanizing arid regions (Wang et al., 2022), while the negative NDWI-LST correlation (r = −0.6) confirmed the critical cooling role of water bodies, whose 20.1% reduction contributed substantially to observed temperature increases, mirroring patterns observed in similar climatic contexts (Sharma et al., 2024). The overall findings align with global urban heat island research while providing specific insights into arid urban environments, where vegetation (NDVI) showed limited cooling capacity compared to temperate regions, highlighting the need for climate-adapted urban planning strategies in desert cities (Srivanit, 2013). The classes adopted in our study are listed in Table 3.
3.2 Mapping land use/land cover for 1999: a maximum likelihood classification (MLC) approach with landsat 5 (TM) image
The 1999 land use/land cover (LULC) map of Al-Khobar city was successfully generated through MLC algorithm of Landsat-5 (TM) imagery, utilizing 250 representative training samples per class that demonstrated excellent separability (>93% accuracy) with minimal inter-class confusion (<7%) as confirmed by contingency matrix analysis (Figure 3), following established remote sensing protocols (Albalawi, 2020). The classification output (Figure 4) accurately delineated four distinct LULC categories, with validation results confirming the robustness of both the training data selection and classification methodology, consistent with best practices in supervised classification of urban environments (Jozdani et al., 2019). This high classification accuracy (>93%) provides a reliable baseline for subsequent change detection analysis, particularly important for quantifying urban expansion and its thermal impacts in arid regions (Mertes et al., 2015), while the balanced sampling approach (equal samples per class) and rigorous accuracy assessment ensure statistically sound results comparable to other LULC change studies in similar climatic contexts (Phinzi et al., 2023). The results demonstrated in this classification phase establishes confidence in the derived LULC maps and their utility for detecting LULC changes and associated environmental impacts over the 25-year study period in the study region.
[image: Error matrix table displaying classified data versus reference data for four categories: Buildup, Water, Open areas, and Vegetation. Percentages show accuracy and misclassification rates. Column totals are 2795 for Buildup, 1362 for Water, 3907 for Open areas, and 783 for Vegetation.]FIGURE 3 | Accuracy assessment report for training samples of 1999 Landsat 5 (TM).[image: Map depicting a study area with land use classifications. Red indicates built-up areas, blue represents water, yellow signifies open areas, and green denotes vegetation. A compass rose is shown for orientation, with a scale bar indicating distances in kilometers.]FIGURE 4 | Landsat 5 Thematic Mapper (TM) image classification using MLC algorithm.The classification accuracy was assessed using 100 random points measured automatically on the classified image, with 250 test points measured per class using the “Create accuracy assessment points” command in ArcGIS 10.8, and the “EQUALIZED_STRATIFIED_RANDOM” option enabled. These points were then uploaded to Google Earth after converting them to KML format and compared with the actual land classes present in the historical image from 1999. Using these points, an error matrix was generated, as shown in Table 4, which indicates that the overall accuracy of the classification reached 82%, while the Kappa coefficient value was 0.76. The Kappa coefficient value (0.76) particularly demonstrates good classification reliability, comparable to similar studies in arid urban environments (Verma et al., 2020), though slightly lower than the training sample accuracy due to inherent challenges in distinguishing spectrally similar urban and bare soil classes in desert landscapes (Abuzaid et al., 2021; Almohamad and Alshwesh, 2023). While the 82% overall accuracy meets the minimum threshold (80%) recommended for operational land cover mapping (Fathizad et al., 2018), the marginal confusion between certain classes (evident in the error matrix) suggests potential for improvement through incorporation of ancillary data or object-based classification approaches in future work, as suggested by recent advancements in urban remote sensing (Pan et al., 2017). These validation results nevertheless confirm the utility of the MLC-classified map as a reliable baseline for subsequent change detection analysis in Al-Khobar’s rapidly urbanizing landscape.
TABLE 4 | Error matrix for the classification of the Landsat 5 (TM, 1999) image.	Reference data	Classified data	Row total
	Class name	Built-up	Water	Open areas	Vegetation
	Built-up	160	0	90	0	250
	Water	0	220	30	0	250
	Open areas	20	0	230	0	250
	Vegetation	50	0	10	190	250
	Column total	230	220	360	190	1,000
	Accuracy metrics
	Producer’s accuracy (%)	69.6	100.0	63.9	100.0	-
	User’s accuracy (%)	64.0	88.0	92.0	76.0	-
	Overall accuracy	82%
	Kappa coefficient (κ)	0.76


3.3 Land use/land cover map for 2024 mapping land use/land cover for 2024: A maximum likelihood classification (MLC) approach with Landsat-8 (OLI-TIRS) image
The 2024 land use/land cover (LULC) classification of Al-Khobar city, derived from Landsat-8 (OLI-TIRS) imagery using MLC algorithm with consistent sampling (250 samples per class), demonstrated high reliability as evidenced by the Contingency Matrix (Figure 5) showing >93% class accuracy and <7% inter-class overlap, mirroring the rigorous standards applied to the 1999 baseline map (Ganesh et al., 2023). The resulting 2024 LULC map (Figure 6) maintained classification quality comparable to the 1999 output, despite differences in sensor characteristics between Landsat-5 (TM) and Landsat-8 (OLI-TIRS), underscoring the robustness of the MLC approach for multi-temporal urban analysis (Dahiya et al., 2023). The consistent >93% training accuracy across both time periods validates the methodological continuity essential for reliable change detection, though the higher spectral resolution of Landsat-8 (11 bands vs. Landsat-5’s 7 bands) potentially enhanced class separability for certain features like impervious surfaces (Somayajula et al., 2022). These classification results establish a scientifically sound 2024 baseline that, when combined with the validated 1999 map, enables precise quantification of Al-Khobar’s urban changes over 25 years, particularly valuable for assessing urbanization impacts in arid environments where spectral confusion between built-up and bare soils presents persistent challenges (Yousif et al., 2024).
[image: Error matrix table showing classified data against reference data with categories: Buildup, Water, Open Areas, and Vegetation. Buildup: 95.14% accurate, Water: 98.16%, Open Areas: 98.19%, Vegetation: 95.74%. Column totals: Buildup 2099, Water 1142, Open Areas 774, Vegetation 634.]FIGURE 5 | Accuracy assessment report for training samples of 2024 Landsat-8 (OLI-TIRS).[image: Map showing land use categories in a study area, with red for built-up areas, blue for water, yellow for open areas, and green for vegetation. A compass rose indicates north.]FIGURE 6 | Landsat-8 Operational Land Imager (OLI) and Thermal Infrared Sensor (TIRS) image classification using MLC algorithm.The accuracy assessment of the 2024 LULC classification demonstrated improved performance compared to the 1999 results, achieving an overall accuracy of 88% and a Kappa coefficient of 0.84 through the same rigorous validation protocol using 100 stratified random points (250 per class) (Table 5). The Kappa agreement (0.84) according to Landis and Koch, 1977; Landis and Koch, 1977) benchmarks suggests the MLC algorithm effectively handled the increased spectral information, particularly for challenging arid-region classes such as bare soil and urban areas (Guo, 2011). While the accuracy improvement aligns with expectations from sensor advancements, the persistent 12% error underscores ongoing challenges in distinguishing spectrally similar classes in desert cities (Noroozi et al., 2024), possibly mitigated in future work by incorporating thermal or texture features (Abdulraheem et al., 2023). These robust accuracy metrics (88% overall, Kappa = 0.84) validate the 2024 LULC map as a high-quality dataset for change analysis when combined with the 1999 baseline, though the differential in accuracy between epochs (88% vs. 82%) warrants consideration when interpreting change magnitudes, as recommended in multi-temporal accuracy assessment frameworks (Wan, 2020).
TABLE 5 | Error matrix for the classification of the 2024 Landsat-8 (OLI-TIRS) image.	Reference data	Classified data	Row total
	Class name	Built-up	Water	Open areas	Vegetation
	Built-up	220	0	30	0	250
	Water	10	240	0	0	250
	Open areas	20	0	230	0	250
	Vegetation	50	0	10	190	250
	Column total	300	240	270	190	1,000
	Accuracy metrics
	Producer’s accuracy (%)	73.3	100.0	85.2	100.0	-
	User’s accuracy (%)	88.0	96.0	92.0	76.0	-
	Overall accuracy	88%
	Kappa coefficient (κ)	0.84


3.4 Temporal analysis of land use/land cover changes in Al-Khobar city (1999–2024)
The significant LULC changes in Al-Khobar city between 1999 and 2024 are quantified in Table 6. The most striking transformation is the 71.5% expansion of urban areas (from 71.83 km2 to 123.19 km2), reflecting rapid urbanization trends consistent with GCC cities experiencing economic growth and population influx (Dahy et al., 2024). This urban sprawl, equivalent to a net gain of 51.36 km2 at a rate of 2.05 km2/year, has occurred predominantly at the expense of open lands, which decreased by 50.6% (a net loss of 50.83 km2 at 2.03 km2/year). This patterns observation in other arid urban centers where barren lands are prime targets for conversion (Dahy et al., 2024). The 20.1% reduction in water bodies (a net loss of 1.98 km2) may be attributed to coastal land reclamation practices common in Gulf cities (AlQahtany et al., 2022) and altered hydrological patterns from urban drainage modifications (Subraelu et al., 2022). The observed 12.4% increase in vegetation cover (a net gain of 1.44 km2), while modest in absolute area, indicates a notable shift in the landscape. This change could be attributed to several factors, including increased private irrigation, or agricultural expansion on the city’s periphery, though its limited spatial extent compared to urban growth raises questions about its efficacy in mitigating urban heat island effects a challenge documented in similar desert cities (Pak and Farajzadeh, 2007).
TABLE 6 | Spatiotemporal changes in landuse/landcover classification in Al-Khobar city (1999–2024).	Land cover type	1999 area (km2)	2024 area (km2)	Absolute change (km2)	Percentage change (%)	Rate of change (km2/year)
	Built-up	71.83	123.19	+51.36	+71.5%	+2.05
	Water	9.83	7.85	−1.98	−20.1%	−0.08
	Open areas	100.39	49.56	−50.83	−50.6%	−2.03
	Vegetation	11.58	13.02	+1.44	+12.4%	+0.06
	Total	193.62	193.62	-	-	-


	Table 6 represent the sum of the classified LULC areas only (193.62 km2). The larger study area of 256 km2 is the full spatial extent of our analysis polygon. The difference of approximately 62.38 km2 is comprised of areas that were not classified into one of the four primary LULC categories, most notably the permanent water bodies of the Arabian Gulf that fall within the study boundary, as well as any minor unclassified peripheral segments.

3.5 Multi-temporal spectral indices analysis of Al-Khobar city
The calculation of spectral indices (NDVI, NDBI, NDWI, BSI) using Landsat-5 (1999) and Landsat-8 (2024) imagery revealed not only significant statistical changes (Table 7) but also critical shifts in the spatial structure of Al-Khobar city (Figure 7). The vegetation cover (NDVI), while showing a slight statistical increase, remains spatially constrained. Higher NDVI values (1999: 0.413 to 2024: 0.498) are patchily distributed, primarily found in public parks, irrigated gardens within residential compounds, and some agricultural patches on the northern fringes. These green islands often correspond to localized cool spots within the broader LST map, but their limited and dispersed nature curtails their overall cooling influence at the city scale, and the direct, quantitative comparison of NDVI values between Landsat 5 TM and Landsat 8 (OLI) is complex due to differences in sensor spectral response functions. Nonetheless, the trend is consistent with the LULC classification showing an expansion of vegetated area (Yengoh et al., 2015). The spatial analysis of the NDBI maps clearly delineates the trajectory of urban expansion. In 1999, high NDBI values indicating built-up areas (0.395) were primarily concentrated in a compact core along the central coastline, corresponding to the historic urban center of Al-Khobar city. By 2024, a dramatic spatial expansion (0.635) is evident, with high-NDBI areas forming a nearly continuous coastal sprawl and showing significant inland and northward progression. This pattern aligns with the development of new residential and industrial zones, creating a more extensive and densely built-up urban fabric (Mansour et al., 2022). Conversely, the NDWI maps show the highest values (1999: 0.518 to 2024: 0.294), representing water bodies, consistently along the Arabian Gulf coastline. He observed statistical decline in NDWI is spatially manifested as a reduction and fragmentation of these coastal water features, likely due to land reclamation and port development, which directly contribute to the loss of these natural cooling elements (Ghosh and Das, 2018). The BSI maps effectively highlight the transition zones. The extensive areas of high BSI (bare soil) values in 1999 (0.267), dominating the inland sectors, have been substantially fragmented and replaced by the expanding high-NDBI urban class by 2024 (0.374). This spatial replacement of barren land (which has a relatively high albedo) with darker urban materials is a key driver of the observed rise in land surface temperature (Rasul et al., 2018). These index-derived findings align with the classified LULC results, collectively portraying a landscape undergoing rapid urbanization with associated environmental trade-offs: while vegetation gains demonstrate environmental awareness, their limited scale compared to urban growth (62.2% increase) and water loss (56.76% decrease) suggests potential sustainability challenges, echoing concerns raised in similar Middle Eastern urban studies (Carlucci et al., 2021).
TABLE 7 | Comparison of maximum and minimum values of spectral indices (NDVI, NDBI, NDWI, BSI) in Al-Khobar city between 1999 and 2024.	Spectral indices	1999	2024
	Max.	Min.	Max.	Min.
	NDVI	0.413	−0.464	0.498	−0.295
	NDBI	0.395	−0.495	0.635	0.260
	NDWI	0.518	−0.415	0.294	−0.448
	BSI	0.267	−0.408	0.374	−0.460


[image: Maps showing NDVI and NDBI indices for 1999 and 2024. The top maps depict the NDVI index with shades of green indicating different vegetation levels. The bottom maps display the NDBI index with shades of red indicating different built-up levels. Comparison suggests changes in vegetation and urban development over time.]FIGURE 7 | Spectral maps of NDVI, NDBI, NDWI, and BSI indices based on the Landsat-5 (1999) and the Landsat-8 (2024) images.3.6 Spatial and temporal distribution of land surface temperature in Al-Khobar city
The LST maps (Figure 8) were calculated using the thermal bands of Landsat-5 (TM) and Landsat-8 Operational Land Imager (OLI) images, demonstrate a strong spatial correlation with these urban patterns. The highest LST zones, particularly the hotspots exceeding 48 °C in 2024, are co-located with the core areas of high NDBI. This provides a direct visual and spatial confirmation of UHI effect, where impervious surfaces such as asphalt and concrete absorb and re-radiate heat. A clear thermal gradient is observable, with temperatures generally decreasing from the dense urban core towards the inland peripheries, where open areas (barren land) still dominate.
[image: Two maps show land surface temperature variations for an area in 1999 and 2024. The maps use a color gradient from green (cool) to red (hot) to depict temperature ranges. A legend on each map indicates specific temperature values. The 1999 map shows more green areas, while the 2024 map has increased red areas, indicating a rise in temperature. A scale bar is present below each map, and a compass rose indicates orientation.]FIGURE 8 | Distribution of land surface temperature (1999–2024).Table 8 shows an increase in the maximum temperature by 6.1 °C, which may result from LULC changes leading to a general rise in temperatures. Additionally, the increased urbanization significantly may lead to the UHI effect. On the other hand, despite the increase in maximum temperatures, the minimum temperature decreased from 30.5 °C in 1999 to 26.8 °C in 2024, suggesting an increase in daily temperature fluctuations, possibly reflecting greater climate disturbances. The mean temperature increased from 40.2 °C in 1999 to 42.5 °C in 2024, indicating a rise of 2.3 °C. This increase in mean temperature is consistent with the overall trend of rising temperatures, indicating a general warming during the study period (Li et al., 2018). The standard deviation reflects the extent of temperature variation around the mean. In 1999, the standard deviation was 2.67, increasing to 3.39 in 2024 and indicating that temperatures have become more variable and disparate. Overall, the results demonstrate significant thermal changes in Al-Khobar city, with rising maximum and mean temperatures alongside increased diurnal temperature variability, reflecting the combined impacts of urbanization and land cover changes (Rahman, 2016). These findings align with global observations of UHI intensification in rapidly developing cities (Huang et al., 2019), particularly in arid regions where the replacement of natural surfaces with impervious materials amplifies thermal extremes (Li et al., 2021).
TABLE 8 | Characteristics of land surface temperature (LST) in Al-Khobar city between 1999 and 2024.	Date	Max (°C)	Min (°C)	Mean (°C)	Standard deviation (°C)
	8/7/1999	45.1	30.5	40.2	2.67
	12/7/2024	51.2	26.8	42.5	3.39


3.7 Relationship between spectral indices and land surface temperature in Al-Khobar city
The correlation and regression analysis conducted in NCSS statistical software, which is used for data analysis and statistical evaluation (https://www.ncss.com/software/ncss/) revealed significant relationships between spectral indices and LST, offering insights into the thermal dynamics of Al-Khobar’s arid urban environment (Figure 9). All reported correlations were found to be statistically significant (p < 0.001), indicating a very low probability that these observed relationships occurred by chance. Conversely, the strong and strengthening positive correlation between NDBI and LST (r = 0.1369 and 0.5537) in both 1999 and 2024 unequivocally underscores the role of urbanization as the dominant driver of surface heating. This finding is consistent with observations across the Arabian Peninsula, including studies in Buraydah, Saudi Arabia (Noroozi et al., 2024), and other Gulf cities (Alexander, 2020; Rasul et al., 2018), where the conversion of barren land to built-up area consistently results in significant LST increases. The marked decline in NDWI and its strong negative correlation with LST (r = 0.4709 in 1999 to r = 0.3088 in 2024) further highlights the critical, yet diminishing, role of water bodies as natural coolants. This aligns with concerns raised about the loss of coastal and inland water bodies due to land reclamation in Gulf urban centers suggesting that the conservation of aquatic features is not just an ecological but a thermal imperative for arid cities (Ouma et al., 2021). While vegetation (NDVI) typically shows negative LST correlations in temperate cities (r = 0.1536 in 1999 to r = 0.1207 in 2024) reflect the unique dynamics of irrigated urban greenery in deserts, where limited evapotranspiration and adjacency to heat-retaining surfaces can invert expected thermal relationships. The most striking finding was the consistent positive correlation between NDVI and LST, which contrasts with the typical negative correlation observed in temperate and mesic cities. This anomaly aligns, however, with the growing body of evidence from arid urban studies. For instance, similar weak or positive NDVI-LST relationships have been reported in other desert cities (Ferreira and Duarte, 2019), where irrigated vegetation may exhibit limited evapotranspirative cooling and can be surrounded by heat-retaining impervious surfaces that elevate local ambient temperatures. This suggests that the cooling efficacy of urban greenery in arid regions like Al-Khobar city is highly contingent on its type, density, and spatial configuration, a crucial nuance for planners that is often overlooked in generic UHI mitigation strategies. Finally, the observed BSI-LST correlation over time (0.3994–0.7439) mirrors the 53.7% increasing in barren lands, whose high albedo typically moderates temperatures more effectively than urban materials in arid zones (Rida et al., 2021). Collectively, these index-LST relationships, quantified through NCSS’s robust statistical toolkit, collectively demonstrate how Al-Khobar’s land cover changes have thermally reconfigured its urban environment, with urbanization effects outweighing the cooling potential of limited vegetation gains a pattern increasingly documented in fast-growing Gulf cities (Alexander, 2020). The findings underscore the value of spectral indices as diagnostic tools for urban climate studies while highlighting region-specific exceptions to typical thermal-vegetation relationships that planners must consider in heat mitigation strategies (Gao et al., 2022).
[image: Eight scatter plots showing estimated linear regression models comparing Land Surface Temperature (LST) with different indices for 1999 and 2024. Each plot displays red data points and a trend line. The models include NDVI, NDBI, NDWI, and BSI. R-squared values range from 0.1207 to 0.7439, indicating varying degrees of correlation strength across the models. Each plot includes a different equation for calculating LST based on the respective index.]FIGURE 9 | Correlation coefficient between spectral indices and LST in Al-Khobar City (1999–2024).While this study robustly demonstrates a strong correlation between LULC changes, particularly urbanization, and the rising LST in Al-Khobar city, it is crucial to contextualize these findings within the broader framework of regional climate and anthropogenic factors. The observed 2.3 °C rise in mean LST over 25 years likely results from a confluence of drivers beyond land cover change alone.
Firstly, the regional climatic context must be considered; the Arabian Peninsula has experienced a documented warming trend due to global climate change (Huang et al., 2019; Li et al., 2018). The intensification and increased frequency of heatwaves in the region could exacerbate the UHI effect captured in our LST data, suggesting that the temperature rise is a compound effect of both global climate forcing and localized LULC changes.
Secondly, the choice of urban materials plays a critical role. The rapid expansion of built-up areas, as indicated by the 71.5% increase and strong NDBI-LST correlation, typically involves materials like asphalt and concrete that have low albedo and high heat capacity. These materials absorb solar radiation during the day and slowly release it at night, intensifying the diurnal temperature cycle and contributing to the observed increase in standard deviation of LST from 2.67 to 3.39. This effect is particularly pronounced in arid environments with high solar insolation.
Finally, anthropogenic heat flux (AHF) is a significant contributor to the UHI in a bustling commercial and industrial hub like Al-Khobar city. Heat released from vehicle emissions, industrial processes, and building cooling systems (a substantial energy demand in the extreme summer climate) directly adds thermal energy to the urban environment. Our findings, which show the most intense heat islands in the dense urban core and industrial zones, are consistent with patterns driven by high AHF. Therefore, the thermal regime of Al-Khobar city is not solely a function of its surface properties but is also shaped by the metabolic activity of Al-Khobar city. Future research incorporating meteorological data, material albedo surveys, and AHF estimations would be invaluable to quantitatively disentangle the relative contributions of these factors. Nonetheless, our results underscore that urban planning strategies such as mandating high-albedo, ‘cool’ materials, improving energy efficiency, and optimizing urban form to enhance ventilation are critical for mitigating thermal stress in the face of these combined challenges.
3.8 Re-evaluating the cooling efficacy of urban vegetation in a hyper-arid environment
The most significant finding of this study is the consistent positive correlation between NDVI and LST in both 1999 (r = 0.3919) and 2024 (r = 0.3474). This result aligns with a growing body of evidence from arid urban studies (Siqi and Yuhong, 2020; Waleed and Sajjad, 2023) and contrasts with the well-established negative correlation typically observed in temperate or mesic climates (Albalawi, 2020). While the specific mechanisms driving this positive correlation in Al-Khobar city, not directly measured in this study, the observed pattern can be contextualized within established urban climatology principles for arid regions.
The literature suggests several plausible, non-exclusive explanations for this observed relationship. Firstly, in a hyper-arid environment, the vegetation present is largely comprised of irrigated ornamental species, parks, and gardens. The evapotranspirative cooling capacity of these isolated, often patchy, green areas may be insufficient to overcome the intense solar radiation and the heat stored and re-radiated by the surrounding impervious surfaces (as evidenced by the strong NDBI-LST correlation). Essentially, the potential “cool island” effect of the vegetation is overwhelmed by the ambient “heat island” effect of the city (Ferreira and Duarte, 2019). Secondly, the specific physiological properties of drought-adapted or commonly planted ornamental species may result in lower rates of evapotranspiration compared to lush vegetation in temperate zones, further limiting their cooling potential (Marzban et al., 2018). Finally, the spatial configuration is critical; vegetation integrated into medians or small pockets within a dense matrix of asphalt and concrete may simply lack the spatial extent to manifest a net cooling effect at the 30 m pixel resolution of Landsat data. These potential mechanisms, derived from the literature, offer a framework for interpreting our results and highlight the need for future research that incorporates direct measurements of microclimate and vegetation physiology to conclusively determine the causal factors in Al-Khobar city.
This finding critically nuances the existing literature. While studies from other GCC cities often report the presence of greening efforts, our analysis reveals that the thermal efficacy of such efforts in Al-Khobar city is limited and, in our correlative analysis, paradoxically associated with higher temperatures. This underscores that the mere presence of green cover is not a reliable proxy for cooling service in arid cities, a crucial distinction for urban planners that must be evaluated on a case-by-case basis.
The observed positive NDVI-LST correlation (r = 0.3919 in 1999; r = 0.3474 in 2024), while counter-intuitive from a temperate climate perspective, fits within the established framework of urban climatology in arid regions (Marzban et al., 2018). The strengthening positive correlation between NDBI-LST (from r = 0.3700 to r = 0.7441) aligns unequivocally with findings from other rapidly urbanizing regions (Alademomi et al., 2022; Ouma et al., 2021), confirming that the expansion of impervious surfaces is the dominant driver of rising temperatures in Al-Khobar city. The persistent negative NDWI-LST correlation (r = −0.6862 to r = −0.557), though weakening, reinforces the critical cooling role of water bodies, a finding consistent with studies from both arid and temperate cities (Ghosh and Das, 2018; Guha et al., 2020). The diminishing strength of this correlation is likely a direct consequence of the observed 20.1% reduction in water body areas, highlighting the thermal cost of losing these natural heat sinks (Khan et al., 2021). These patterns collectively highlight how desert urbanization creates unique thermal dynamics where conventional vegetation cooling may be compromised, water resources become increasingly thermally significant, and urban materials dominate the thermal regime - findings with important implications for climate-adaptive planning in rapidly developing arid cities (Wheeler et al., 2019).
4 CONCLUSION AND RECOMMENDATIONS
This study provides more than a longitudinal explanation of urban growth and warming in Al-Khobar city; it offers a critical empirical challenge to the universal application of the vegetation-cooling paradigm in urban climatology. The primary contribution of this research is the demonstration that in a hyper-arid city, the relationship between vegetation (NDVI) and land surface temperature can be positive, contradicting established models derived from more temperate environments. This key finding suggests that the thermal benefits of urban greening are not automatic but are heavily contingent on local climate, vegetation type, and urban form.
Our integrated analysis, using multiple spectral indices, further clarifies the dynamics at play: the rapid urban expansion (71.5% increase in built-up area) is the unequivocal primary driver of the observed 2.3 °C rise in mean LST. While water bodies provide a crucial cooling effect, their diminishing extent reduces their overall impact. Furthermore, the conversion of barren land, which initially exhibited a strong heating correlation, to urban uses has led to an even more intense thermal environment.
These findings have direct implications for sustainable urban planning in Al-Khobar city and similar desert cities. Mitigation strategies must prioritize; i) the conservation and expansion of water bodies due to their proven and powerful cooling effect, ii) a strategic re-evaluation of greening plans, moving beyond area-based targets to focus on species selection for high evapotranspiration, and strategic placement to create larger, interconnected cool zones rather than isolated patches, and iii) the mandatory use of high-albedo, “cool” materials in construction to directly counter the heat absorption of built-up areas.
Future research should involve high-resolution thermal imagery and in-situ microclimate measurements to further unravel the complex interactions between different vegetation types and their immediate surroundings in arid urban settings.
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