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Abstract: The identified Urban Heat Island (UHI) phenomenon, coupled with diminished vegetation and 

anthropogenic heat release, poses a significant environmental challenge for major urban centers. Particularly 

worrisome is the UHI effect in hot and temperate climates such as the Mediterranean region during the summer 

season. This exacerbates discomfort and heightens the risks of diseases linked to high temperatures. 

Additionally, it contributes to environmental consequences, including elevated electricity consumption due to 

increased demand for cooling [1]. The utilization of Remotely Sensed imagery for estimating Land Surface 

Temperature has become more prevalent in various applications associated with evaluating urban micro-

climates and the Urban Heat Island (UHI) phenomenon. This study presents an algorithm for the automatic 

mapping of Land Surface Temperature (LST) from Landsat-8 data using a vegetation index-based technique in 

the Google Earth Engine (GEE) platform. The primary aim is to discern patterns and trends in LST over a 5-

year period, from 2017 to 2021. The application was tested in the urban area of Thessaloniki, Northern Greece, 

which is particularly representative of the Mediterranean urban environment. Computation of Normalized 

Difference Indices (NDVI, NDBI, NDWI) for the study area was also performed within the GEE platform and 

correlation analysis was implemented to evaluate the impact of the urban landscape on the distribution of LST. 

Keywords: land surface temperature; land-use; NDVI; Landsat-8; google earth engine 

 

1. Introduction 

The heightened urbanization occurring today is contributing significantly to the urgent issue of 

global climate destabilization. An illustrative example of this climate change is the observed Urban 

Heat Island (UHI) phenomenon in urbanized regions, which arises from reduced vegetation and the 

discharge of anthropogenic heat. In Europe for example, approximately 73% of its population lives 

in cities, and by 2050 it will reach 82% [2]. The UHI phenomenon is characterized by urban areas 

being warmer than their surroundings. This temperature difference is typically more pronounced at 

night than during the day, especially in the presence of weak winds. In 2006, Oke [3], proposed four 

significant control factors of urban climate: ‘…urban structure (dimensions of the buildings and the 

spaces between them, street widths and street spacing), urban cover (fractions of built-up, paved, 

vegetated, bare soil, water), urban fabric (construction and natural materials), and urban metabolism 

(heat, water and pollutants due to human activity)’. The modification of all these factors that follows 

the urban development, cause the UHI effect. 

Typically, the intensity of UHI effect becomes particularly critical in cities lacking effective 

landscaping. In such urban areas, issues related to heat islands, including increased energy 

consumption, reduced air quality, and impacts on human health and mortality, become increasingly 

urgent [4]. UHI is one of the precarious environmental challenges that modern cities face nowadays 

and has been the subject matter in many scientific studies [5–7]. 

O’Malley et al. [8] explored strategies for mitigating UHI that are both effective and resilient, 

aiming to offer guidance for their future implementation. Harlan S. et al. [9] have summarized studies 

on mortality and morbidity associated with two urban climate hazards: rising temperatures and the 
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altering impact of air pollution. The objective is to propose strategies for both mitigation and 

adaptation, with the aim of generating health co-benefits. Tan, J. et al. [10] noted in their study that 

‘UHI effect may potentially increase the magnitude and duration of extreme events such as heat 

waves’. In European Region heatwaves are becoming more frequent and more intense [11]. Sidewise, 

UHI leads to a notable surge in energy consumption, attributed to the increased usage of cooling 

systems in both commercial and residential buildings [12]. This is a growingly alarmed issue for 

European Governments due to the energy crisis that was evident the previous winter (2022-2023) and 

it is expected to remain the following years. 

Various urban cooling methodologies have been proposed, including enhancing the surface 

reflectivity of urban materials [13–15] or the enhancement of urban vegetation with green spaces or 

even green roofs [16–19] to facilitate the decrease of the UHI effect. 

In order to investigate and apply these strategies in urban environments, with the intention of 

controlling and minimizing the UHI effect, it is important to perform an accurate detection and 

estimation of urban area development, including its direction, especially in conjunction with 

microclimate parameters such as Land Surface Temperature (LST). Employing Remote Sensing 

techniques for extracting LST and conducting spatio-temporal analyzes of urban development can 

significantly techniques can effectively contribute to UHI analysis. Relevant studies have initially 

practiced extraction of LST us-ing medium resolution sensors of Landsat ETM+ and ASTER [20–23]. 

During the last decade, Landsat 8 from 2013, and recently Landsat 9 from 2021, allowed scientists to 

acquire free, high credential satellite data with revisit time for data collection every 8 days, giving the 

opportunity to assess and monitor accurately land cover and land use and study diachronically their 

interaction with LST. Additionally, Landsat 8 and Landsat 9 exhibit superior radiometric and 

geometric characteristics compared to earlier generations of Landsat satellites. [23]. 

Numerus Remote Sensing techniques have been proposed with different approaches to obtain 

LST from satellite data, using various methods to address emissivity and atmospheric effects [24–28]. 

In this work an algorithm for the automatic mapping of LST from LANDSAT 8 data is presented 

within Google Earth Engine (GEE), applying a vegetation adjustment using Landsat-derived 

Normalized Difference Vegetation Index (NDVI), alongside with the Fraction Vegetation Cover 

(FVC) [29,30]. Continuously the NDVI thresholds method [27,29], [31], was successfully applied for 

calculating surface emissivity that is used for the LST calculation. The advantage of GEE platform is 

that it allows users to access and process time-series Remotely Sensed data without increasing the 

demand for local storage space. The application was tested in the urban area of Thessaloniki 

(Northern Greece), analyzing the urban albedo and its impact on LST over the last 5 years, from 2017 

to 2021. 

2. Materials and Methods 

2.1. Study area 

Thessaloniki is a densely populated urban area located in a coastal area of the North-ern part of 

Greece (DMS latitude and longitude coordinates: 40° 37' 45.3684'' N, 22° 56' 50.6832'' E) (Figure 1). 

The greater area of Thessaloniki is home to a population exceeding one million residents. It is 

surrounded by relatively high mountain in the East-Northeast, with Mount Hortiatis, a nearly flat 

terrain in the West, and the Thermaikos Gulf to the South. [32].  

Thessaloniki’s climate is warm and temperate, with average annual temperature 15.4 °C, where 

July is the warmest month of the year with average temperature 26.6 °C and January has the lowest 

average temperature of the year (4.2°C) [33]. 

The urban albedo comprises both old and more recent developed areas, characterized by high 

and low built-up density respectively, with a continuous increase of impervious land surfaces over 

the last decades. 
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Figure 1. Study area of Thessaloniki, Greece (base map: National Geographic, ESRI). 

2.2. Input data 

GEE platform provides a wide range of Landsat satellite images, produced by the USGS (United 

States Geological Survey) and for this research, Landsat 8 time series data were used. Landsat 8 

Operational Land Imager (OLI) and Thermal Infrared Sensor (TIRS) images consist of nine spectral 

bands with a spatial resolution of 30 meters for Bands 1 to 7 and 9. TIRS gathers data from two 

narrower spectral bands in the thermal region, which was initially covered by a single wide spectral 

band on Landsat 4–7. The 100-meter TIRS data is registered to the OLI data, resulting in 

radiometrically, geometrically, and terrain-corrected 12-bit data products. These products are 

valuable for delivering more precise surface temperature information. [23]. The USGS produces data 

in tiers (categories) based on their quality; Tier 1 (T1) - data that meets geo-metric and radiometric 

quality requirements, Tier 2 (T2) - data that doesn't meet the Tier 1 requirements and Real Time (RT) 

- data that hasn't yet been evaluated. GEE has grouped the scenes into collections by tiers and 

satellites to facilitate users. This research used Tier 1 Landsat 8 data. Table 1 shows the properties of 

Landsat 8 data available in GEE collections. (Table 1) 

Table 1. Landsat 8 properties. 

Satellite Bands Wavelength (μm) Spatial Resolution (m) Date Range 

Landsat-8 

B1 0.433–0.453 30 

April 13- present 

B2 0.450–0.515 30 

B3 0.525–0.600 30 

B4 0.630–0.680 30 

B5 0.845–0.885 30 

B6 1.560–1.660 30 

B7 2.100–2.300 30 

B8 0.500–0.680 15 

B9 1.360–1.390 30 

B10 10.6-11.2 100 1 

B11 11.5-12.5 100 1 
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QA (Quality 

Assessment 

band) 

 30 

1 Resampled to 30m. 

2.3.  LST extraction 

LST estimation was carried out using the NDVI-based emissivity method (NBEM). Norman and 

Becker [34] defined land surface emissivity as: ‘a wavelength-dependent quantity: the ratio of the 

radiance actually emitted by an isothermal, homogeneous body and the radiance emitted by a black 

body at the same thermodynamic temperature’. In effect, it represents the surface's capacity to 

convert heat energy into radiant energy [35]. Using the NDVI-based emissivity method, emissivity is 

defined as a function of the Normalized Difference Vegetation Index. Land cover type and land use 

have a significant impact on surface emissivity [36], therefore NDVI-based methods are frequently 

utilized in LSE retrieval methods [27], [35], [37–39] as NDVI can demonstrate effectively the different 

types of land surfaces. 

With the NBEM, the NDVI-adjusted emissivity – εNDVI [26,27], [39,40] is calculated using the 

equation: 

εNDVI= FVC*εveg + (1 + FVC) *εbare, (1) 

where εveg and εbare are the emissivity of vegetation and bare ground for a given spectral band and 

FVC is the Fractional Vegetation Cover and is calculated with the relationship proposed by Carlson 

and Ripley [29]: 

FVC = (NDVI - NDVImax) / (NDVImin - NDVImax), (2) 

where NDVImin and NDVImax depict the minimum and the maximum NDVI values of a given study 

area respectively.  

As the study area is mainly urban area with rural surfaces in its surroundings, the εveg and εbare values 

in equation (1) were adjusted to εveg and εurban. The εveg was set to 0.99 because of the limited variability 

observed for vegetated surfaces and εurban was set in 0.970 as suggested by Chakraborty et al. [39]. 

The LST can be derived using the inverse Planck’s law equation: 

LST = Tb / [1 + {(λ * Tb / ρ) * ln ε] - 273.15, (3) 

where: LST is the LST in Celsius (oC), Tb is the TOA brightness temperature in the TIR channel TR 

(oC), λ is the wavelength of emitted radiance (for which the peak response and the average of the 

limiting wavelength for Landsat 8 band 10 (λ = 10.9μm) will be used. 

ρ = h * c/σ (1.438 * 10-2mK), (4) 

where σ = Boltzmann constant (1.38 * 10-23 J/K), h = Planck’s constant (6.626 * 10-34 Js), c = velocity 

of light (2.998 * 108 m/s), ε = the emissivity calculated in previous steps from equation (1). 

2.4.  GEE implementation 

All the above-mentioned procedures were implemented in GEE platform. First, time series of 

Landsat 8 images were collected; the time series data were divided into five annual periods for the 

years 2017, 2018, 2019, 2020, 2021. For all image collections, clouds and cloud shadows were screened 

and removed using the quality information bands. Continuously, the NDVI was calculated based on 

the following equation: 

NDVI = (NIR - RED) / (NIR + RED), (5) 

where RED and NIR represent the spectral reflectance values obtained from the red (visible) and 

near-infrared regions, respectively. The median NDVI for each annual time-series dataset was then 

calculated. Watery parts of the study area were also excluded by calculating the Normalized 

Difference Water Index (NDWI) using the Shortwave Infrared and Green band: 

NDWI = (GREEN - SWIR) / (GREEN + SWIR), (6) 

where GREEN and SWIR represent spectral reflectance values acquired from the Green and 

Near Shortwave Infrared regions of Landsat 8, respectively. The minimum and maximum of NDVI 

values were then calculated for every year, and assigned to the FVC equation (equation 2) and 
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subsequent estimate the NDVI-adjusted emissivity (equation 1) for every year. Finally, the LST 

estimation was derived from equation (3). 

3. Results 

3.1.  LST distribution 

The derived results are displayed in Figure 2 with charts of LST values that were calculated from 

the image composites for the five reference years (2017 to 2021). 

 

 

(a) (b) 

  
(c) (d) 

  
(e) (f) 

Figure 2. (a) The satellite image of the study area and median LST values derived from Landsat 8 data 

over the years of; (b) 2017; (b) 2018; (c) 2019; (d) 2020; (f) 2021. 

The charts reflect that, as expected for a Mediterranean region, the period from July to September 

has the highest LST values for all five reference annual periods, and on the other hand on January 

and December the LST appears to have its lowest values.  

To thoroughly investigate the intensity of UHI and its variations from 2017 to 2021, we employed 

vector data analysis, incorporating zonal statistics and descriptive statistics. The spatial 

representation of Land Surface Temperature (LST) throughout the studied period (Figure 3) sums up 

the outlines of LST variation for every reference year. The lowest annual surface temperature 

occurred in 2021 with an average surface temperature of 23.18°C, while the highest annual 

temperature occurred in 2019 with an average surface temperature of 25.78°C. Peak values for the 

highest observed temperatures appeared in 2020 (40.77°C) and lowest observed temperatures both 

in 2018 and 2021 (11.05°C) (Table 2). Additionally, the LST images reveal patterns of LST distribution 
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over the examined area; The dense urban tissue of Thessaloniki has higher observed LST values than 

its suburban surroundings and the rural/mountainous areas confirming the UHI effect. 

 

 

(a) (b) 

 

 

(c) (d) 

 

 

(e) (f) 
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(g) (h) 

  

 (i) 

(j) 

Figure 3. The derived LST images of the area of interest and their resulting statistical data over the 

five-year period: (a) and (b) for 2017; (c) and (d) for 2018; (e) and (f) for 2019; (g) and (h) for 2020; (i) 

and (j) for 2021. 

Table 2. Minimum, maximum, mean values and standard deviation for LST derived by the image 

composites for the reference years of 2017-2021. 

LST (oC) 

Year Min Max Average Standard deviation 

2017 11.65 34.63 24.72 2.52 

2018 11.05 37.41 25.62 2.47 

2019 13.49 37.63 25.78 2.35 

2020 11.14 40.77 25.46 3.91 

2021 11.05 37.78 23.18 4.01 

Additionally, the LST images accurately detected and highlighted thermal hotspots within the 

study area; for example, the area of airport runways (Figure 4). It is worth mentioning that LST 

images of 2017 and 2020 show that runways had noteworthy lower LST values as during 2017 

Macedonia Airport was undergoing renovation works and during 2020 the airport was 

underperforming for a large period of time due to Covid 19 restrictions. 

 

Figure 4. Airport area. Detail of the initial satellite image and the produced LST images for the years 

2017-2021. 

3.2. LST correlation with different land uses 

UHI phenomenon can be easily detected when comparing LST values with different land uses. 

For this purpose, CORINE Land Cover (CLC) classes of 2018 were used. CORINE Land Cover 

provides land use and land cover (LULC) datasets, monitoring at the pan-European level and is 

running under the Copernicus programme which is the Euro-pean Union's Earth observation 

programme. Nine CORINE Land Cover classes were identified in the study area: Continuous urban 

fabric, Industrial and Commercial units, Rail, Airport areas, Mineral extraction sites/Construction 

sites, Agricultural land, Forest, Natural Grassland and Wetlands (Figure 5). 
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Figure 5. CORINE Land Cover Classes distribution map. 
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Figure 6. Boxplots of CORINE Land Cover Classes with their LST values: (a) for year 2017, (b) for 

year 2018, (c) for year 2019, (d) for year 2020, (e) for year 2021. 

Boxplots were produced for all CLC classes that were identified within the study area (Figure 6) 

showing the distribution of LST values and the skewness for every class. The boxplots of classes that 

contain mainly built-up areas (Continuous urban fabric, Industrial and Commercial units, Rail, 

Airport areas, Mineral extraction sites/Construction sites) are positively skewed as their median 

value tends to be closer to the upper quartile value meaning that LST has higher values than the 

average value, while classes that contain mainly bare soil and green areas or water (Agricultural land, 

Forest, Natural Grassland, Wetlands) their boxplots have negative skewness as their median value 

tends to be closer to the lower quartile value. What is also notable is the wider dispersion of LST 

values of Agricultural land class for all five reference years. 

3.3. LST correlation with NDVI 

The UHI phenomenon can also be identified and interpretated by examining the relationship 

between LST values of NDVI index within the LULC datasets. Scatterplots were produced between 

mean values of LST and mean values of NDVI in every LULC dataset for the reference years 2017 to 

2021 and the correlation coefficient was also calculated for the examined couples (LST-NDVI). The 

results are showed in Figure 7 and Table 3. 

The results indicate a moderately strong, negative, linear correlation between the examined 

LULC datasets and the two variables. However, there are a few potential outliers for the reference 

years 2018, 2019, 2020, and 2021. Conversely, for the reference year 2017, a weak negative linear 

association is observed between the two variables. The Pearson correlation results show correlation 

values ranging from -0.82 to -0.33 between NDVI and surface temperature for the LULC, and this 

correlation is statistically significant at the 0.01 level for all reference years. 
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Figure 7. Scatterplots between LST and NDVI for the reference years of: (a) 2017, (b) 2018, (c) 2019, (d 

2020, (e) 2021. 
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Table 3. Pearson Correlation results between LST and NDVI for the reference years of 2017-2021. 

Mean LST values with Mean NDVI values correlation  

Year Pearson Correlation 

2017 -.333** 

2018 -.814** 

2019 -.575** 

2020 -.579** 

2021 -.364** 

**. Correlation is significant at the 0.01 level (2-tailed). 

4. Discussion 

The primary goal of this project is the assessment of the vegetation-indexed LST estimates from 

LANDSAT 8 data using the platform of GEE, focusing on identifying LST patterns or trends within 

a 5-year period from 2017 to 2021. The results revealed that the average LST values for the whole 

examined area have risen nearly 1oC (from 24.72oC of 2017 to 25.46oC of 2021) and at the same time 

the peak values of surface temperature were found to have risen 5oC within the examined 5-year 

period (from 34.63oC of 2017 to 40.77oC of 2021). Distinct difference is identified in different LULC 

datasets of the study area, where pervious green areas or areas of water (Agricultural land, Forest, 

Natural Grassland, Wetlands) possess lower LST values than the impervious LULC dataset with 

dense settlements and lack of vegetation namely: Continuous urban fabric, Industrial and 

Commercial units, Rail, Airport areas, Mineral extraction sites/Construction sites.  

The cross-correlation of LST and NDVI index within these LULC datasets revealed a moderate 

negative, linear relationship between these variables, high-lighting once more that pervious areas 

mainly covered by vegetation compared to impervious areas tend to have lower temperature values. 

Since correlation between Land Surface Temperature (LST) and air temperature displays a spatial 

distribution pattern similar to what has been documented in previous studies [38,41–50], this 

recognized patterns and trends over the examined area throughout the 5-year period could 

contribute to climate monitoring and therefore assist in UHI scenarios with the visualization of its 

spatial distribution trends and patterns.  

As the 2030 Agenda for Sustainable Development of the United Nations [51] suggest that 

practical solutions that can accelerate progress on the Sustainable Development Goals (SDGs) are 

urgently needed, incorporating climate change measures into national policies, strategies, and 

planning is crucial. It is always challenging to identify and implement key measures that lead to 

climatic resilience and climate monitoring plays an important role. Remote Sensing contributes to 

effective climate monitoring as it offers the continuous assessment of spatial distribution trends; in 

our case the LST variation over the urban and suburban areas of Thessaloniki in Greece. It provides 

information over areas where there is not a ground monitoring station available, the visualization 

offers a quick and easy interpretation and data can be examined retrospectively in order to assess 

and identify a trend over the years. With the suggested methodology, the open-source data was used 

within the GEE platform, where the resulting code can be easily customized to a different area of 

interest and at the same time widen the retrospective time period. 

Thessaloniki has witnessed rapid growth and ongoing developments in both its urban and peri-

urban areas. It is essential to evaluate the repercussions of this urban expansion to strengthen its 

climatic resilience. The current study with the LST distribution over a 5-year period could contribute 

towards this goal as it facilitates and suggests the impact of this urbanization on the area’s urban 

climate. Nature-based actions and solutions, targeting ‘underprivileged’ areas where a lack of 

vegetation and higher values of LST are observed with this methodology could contribute to this 

climate change adaptation. Future studies could explore the integration of ground air temperature 

data from the study area to validate the findings and enhance their credibility. 
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