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Abstract  In order to control urban growth, Egypt 

resorted to establishing new cities on the boundaries of 

existing ones. Thus, there is concern that the urban heat 

island phenomenon (UHI) will increase in these desert 

cities as their urban growth This phenomenon is dependent 

on land surface temperatures (LST), which are difficult to 

measure over large areas in situ. As a result, this research 

is focused on two primary objectives. The first objective is 

to establish a framework for examining the relationship 

between urban growth and LST over time using freely 

available data from remote sensing (RS) and geographic 

information systems (GIS). The second objective is to 

validate and apply this framework in order to ascertain the 

impact of changes in urban growth on the LST of 6th of 

October City, which will serve as a case study for new 

cities. Satellite images for the years 2001, 2007, 2013, and 

2019 were obtained using the Landsat data source. Hence, 

the Land Use/Land Cover Classification (LULC) was 

obtained with excellent Kappa values of 0.973, 0.962, 

0.962, and 0.968, respectively. By examining the 

relationship between LST and urban growth, the 

framework was able to produce satisfactory results 

regarding the impact of urban growth on UHI. It was 

discovered that as urbanization increases, the city's 

average LST decreases. This is because it increases the 

likelihood of shading and the presence of green spaces, 

rather than desert areas that absorb the most radiation. 

Thus, urbanization does not endanger UHI in new cities.
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1 Introduction 

Egypt, like a large number of developing countries, is 

confronted with issues related to urban sprawl. Despite the 

government's efforts to limit the pace of urban growth 

during the last five decades, there has been an 

unprecedented rate of urban expansion. Because the 

growth of urban areas depends on the population growth 

[1] it can be observed that, Urban population accounted 

for less than 10% of the overall population at the turn of 

the twentieth century [2], but had increased by 45% at the 

century’s end. The urban population is anticipated to rise 

at a pace of 2.2 % per year through 2050, significantly 

faster than the overall Egyptian population's yearly growth 

rate of 1.8 percent [3]. Hence the need to create new cities 

to accommodate the increasing urban growth [4]. The 

most notable feature of these new settlements is their 

location in desert areas [5], which raises concerns about 

rising temperatures in these places.  

There is no doubt that urban growth and 

industrialization have improved our material life and our 

comfort. However, surface modifications induced by 

urban growth also causes many problems because of its 

significant impact on the natural environment [6] and the 

occurrence of the urban heat island (UHI) phenomenon [7]. 

The UHI phenomenon is one of the most important factors 

affecting the urban climate [8]. It is defined as an increase 

in air and surface temperatures in cities compared to rural 

areas [9], [10]. This local temperature difference caused 

by UHI has a negative impact on humans and the 

environment because it impairs air quality, increases 

energy consumption [7]. One of the most serious 

consequences of UHI is that thermal comfort is adversely 

affected [8]. Heat stress resulting from high temperatures 

has the effect of increasing economic stress, especially in 

developing countries [11]. 

Land surface temperature (LST) measurement is critical 
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to UHI studies. LST is a key variable in interactions and 

energy flows between the Earth's surface and the 

atmosphere [12]. It has to do with surface radiation, the 

internal climate of buildings, and human comfort in cities 

[13]. LST directly interacts with Land Use /Land Cover 

(LULC) characteristics of an area [14]. The relationship 

between LULC and LST is critical to understanding the 

effects of LULC on UHI [7]. Owing to the complexity of 

LST measurement, ground measurements cannot provide 

LST values over large areas and are, moreover, 

time-consuming and expensive. Satellite remote sensing 

(RS) provides free, easily accessible, continuous and 

spatially distributed data at different time periods, thus 

giving researchers the opportunity to further understand 

the complex relationship between the spatio-temporal 

variability of surface thermal conditions and their driving 

factors [12]. 

Among the satellites, the Landsat series of satellites has 

a long history of freely available archival data dating back 

to 1972 [11], making it suitable for studying the UHI in 

earlier years. According to meteorological records, we find 

that 2007 and 2013 were the sixth warmest years since the 

beginning of world records in 1850 [15]. They were 

determined as years of study in addition to the year before 

them and the year after them for the same period of time. 

So, the study years are as follows: 2001, 2007, 2013, 2019. 

Satellite data are analyzed by geographic information 

systems (GIS), which have proven efficiency in scientific 

research [16]. The integration of RS and GIS helps 

improve accuracy as well reduce mapping cost [17] and 

provides a strong and complementary set of approaches 

for monitoring the urban growth [1][18]. 

The availability of free data has enabled researchers in 

developing countries to study many of the problems of 

urban growth. Which otherwise would not have been 

possible due to financial constraints. Therefore, the study 

aims to achieve two main objectives. The first objective is 

to formulate a framework using freely available data based 

on RS and GIS that planners in developing countries can 

use to analyze the impact of urban growth on the UHI of 

cities. The second objective is to apply and test this 

framework using it to determine the urban growth and 

LST of 6th of October City as a case study of being one of 

the first new cities to be established in Egypt. Because the 

more the new city progresses, the more local infrastructure 

and facilities are planned and implemented [19]. 

2 Martial and Methods 

2.1 The Study Area 

The study was conducted on 6th October City, which is 

one of the most important cities in Egypt's first generation 

of new cities (Fig. 1). It was established in 1979. The city 

is known for its superb location - east of Cairo and north 

of the pyramids. The entrances to the city are defined by 

the Dabaa axis in the north, Al-Wahat Road, the Middle 

Ring Road in the east, Fayoum Road in the south, and the 

Regional Ring Road in the west. Astronomically, the city 

lies between latitudes N3003'23.04" and N2952'35.04" 

and longitudes E3105'9.6" and E3047'26.88". With a 

total area of 55 thousand acres [20]. 6th October City 

serves as a model for land use efficiency, having abided by 

the principles of optimal use and diversity of use [21]. 

Which makes the city suitable for conducting the study on 

it. 

 

Fig. 1 The study area location 
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2.2 Research methodology 

Many methods have been used to reach the desired 

goals. The inductive method was used to collect data about 

the city, obtain the necessary maps and coordinates, and 

select the appropriate satellites from which to take images 

for the study. In the applied approach, the remote sensing 

(RS) data was processed using geographic information 

systems (GIS). The land surface temperatures (LST) 

extraction equations were applied to satellite images and 

the resulting temperatures were assigned to different 

categories. Satellite images were also classified for Land 

Use /Land Cover (LULC). Finally, the analytical approach 

was used to analyze the relationship between LST and 

LULC to understand the effect of urban growth on urban 

heat island phenomenon (UHI) (Fig. 2). It will also be 

explained in detail. 

2.2.1 Data collection and visual processing 

At this important stage, relevant data concerning 6th 

October City up to its outer limits were collected. The date 

of the visual capture and RS applications data were 

collected and differentiated between satellites. Landsat 8, 

the newest satellite, was chosen to capture satellite images 

for 2019 and 2013.  As Landsat 7 images had 

malfunctions, Landsat 5 images for 2007 and 2001 were 

chosen instead. Since there were daily temperature 

variations depending on the weather, three satellite images 

were selected for each year of the study. UHI is clear in 

summer owing to strong radiation [22], so satellite images 

during summer were used. Although summer begins 

astronomically on June 21 and ends on September 23, it 

can be divided into three months and phases based on 

human observations as follows: 

  Regular summer phase from June 7 to July 6: It is 

usually the lightest summer. The weather is hot 

during the day, the nights tend to be moderate, and 

the weather is dry. 

 Dry heat phase from July 7 to August 6: The weather 

is very hot, summer rain is heavy, and homes are 

very hot. 

 Wet heat phase from August 7 to September 6: The 

weather is very hot during the day, and the nights 

tend to be hot too, but temperatures are lower than 

during the dry heat phase. Chances of rain are higher. 

Satellite data were collected from the USGS website: 

https://earthexplorer.usgs.gov/ [23]; satellite images were 

captured in each of the summer months of the study years 

(2001-2007-2013-2019) as shown in Table 1. 

Table 1 Dates of satellite images 

Years of study Satellite 
1st 

Group 

2nd 

Group 

3rd 

Group 

2001 Landsat 5 24-6-001 26-7-001 27-8-001 

2007 Landsat 5 25-6-007 27-7-007 28-8-007 

2013 Landsat 8 25-6-013 27-7-013 28-8-013 

2019 Landsat 8 26-6-019 28-7-019 29-8-019 

2.2.2 RS Data Processing 

2.2.2.1 LULC classification  

The classification process begins with incorporating all 

bands, except for thermal bands 10 and 11 in Landsat 8, 

and Band 6 in Landsat 5 because they measured the 

radiant energy emitted by the infrared rays of the Earth's 

surface. The 8-Panchromatic band was also excluded. 

Then, the study area was subtracted from the final image. 

The bands were arranged to show the image in natural 

colors without the atmosphere. LULC training samples 

were taken from the satellite image and a signature file 

was created for them. Depending on the signature file, the 

supervised classification was performed using the 

maximum likelihood classification method. It is one of the 

most important controlled classification methods widely 

used in LULC mapping [17][24]. 

2.2.2.2 LULC classification accuracy validation 

The classification processes is subjected to the 

classification accuracy assessment process which is a 

necessary stage to assess the quality of the maps obtained 

from RS data [25]. The methods for assessing the accuracy 

of classification in the field are expensive and 

time-consuming because they are based on the use of GPS 

and high-resolution images that may not be available [26]. 

Therefore, an error matrix was used, which is the most 

common way to present the accuracy of the classification 

results [14][27]. 

 

https://earthexplorer.usgs.gov/
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Fig. 2 Diagram showing the framework of the research methodology 
 

It is based on a set of samples obtained from a valid 

reference classification such as Google Earth. It is 

recommended that samples be between 50 to 100 samples 

for each category of classification to ensure acceptable 

accuracy [26]. The kappa coefficient was calculated, 

which is one of the frequently used variables in error 

matrix analyzes [25]. The kappa coefficient ranges from 0 

to 1, and the closer its value is to 1, the higher the 

classification accuracy. Studies have shown that a kappa 

value between 0.75 to 1 indicates excellent accuracy, 

while a value between 0.4 to 0.75 indicates good accuracy, 

and a value less than 0.40 indicates poor accuracy results 

[28]. 

2.2.2.3 LST extraction equations 

This stage relied on the application of several important 

equations that are dependent on each other for the 

calculation of LST. They were collected from previous 

studies. These equations were applied to the heat bands 

(band 6 for Landsat 5 and bands 10, 11 for Landsat 8) 

using ArcGIS 10.5, as shown below: 

2.2.2.3.1 Conversion to spectral radiance: 

Landsat 8's algorithms for converting digital number 

(DN) to spectral radiance were different from those used 

by prior Landsat satellites. The following is the equation 

for the Landsat 8 satellite:[29] [30]; [31] 
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 (1) 

 

Where: Lλ = Spectral Radiance at the sensor's aperture, 

ML = Band-specific multiplicative rescaling factor from 

the metadata, AL= Band-specific additive rescaling factor 

from the metadata, Qcal = Quantized calibrated pixel 

value in DNs. 

The equation for the Landsat 5 satellite is as follows: 

[32] 

 
(2) 

Where: Lλ = Spectral Radiance at the sensor's aperture, 

LMAXλ = Maximum spectral radiance at QCAL (from 

metadata files), LMINλ= Minimum spectral radiance at 

QCAL (from metadata files), QCALMAX = Maximum 

quantized calibrated pixel value (corresponding to 

LMAXλ) in DN 255 (from metadata files), QCALMIN= 

Minimum quantized calibrated pixel value (corresponding 

to LMINλ) in DN 0 or 1 (from metadata files), QCAL= 

Quantized calibrated pixel value in DNs. 

2.2.2.3.2 Calculation of brightness temperature at the 

satellite: 

The following equation was used to calculate the 

brightness temperature or black body temperature at the 

satellite: [11] 

 
(3) 

Where: T(K)= Temperature in kelvins, Lλ= Spectral 

Radiance at the sensor's aperture, K1, K2= Calibration 

constants (from metadata files). Its values changed 

according to the satellite as shown in Table 2. 

Table 2 Values of k . constant 

 Satellite K1 K2 

Landsat 5 Band 6 607.76 1260.56 

Landsat 8 
Band 10 774.8853 1321.0789 

Band 11 480.8883 1201.1442 

 
The temperature was converted to Celsius degrees from 

the following equation: [33] 

 (4) 

2.2.2.3.3 Calculation of the Normalized Difference 

Vegetation Index (NDVI): 

LST was based on the calculation of the NDVI for both 

Landsat 8 and Landsat 5 images through the following 

equation: [32] 

 (5) 

Where: NIR= Near infrared bands, RED= Visible 

infrared bands. So, the equation for the Landsat 8 satellite 

is as follows: [34] 

 (6) 

And the equation for the Landsat 5 satellite is as follows: 

[32] 

 (7) 

Then, the study area was extracted from the resulting 

digital image of NDVI. 

2.2.2.3.4 Calculation of the percentage of vegetation  

Vegetation was calculated by the following equation: 

[35] 

 
(8) 

Where: Pv = Percentage of vegetation, NDVImin 

=Minimum value of NDVI, NDVImax =Maximum value 

of NDVI. 

2.2.2.3.5 Calculation of emissivity: 

Emissivity was calculated given the percentage of 

vegetation cover by the following equation: [30] 

 (9) 

2.2.2.3.6 Calculation of LST: 

The following equation was used to compute LST in 

Celsius based on NDVI, black body temperature at the 

sensor, and emissivity (all of which had already been 

calculated): [32]; [30] 
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(10) 

Where:  =Constant value 

. It is worth noting that 

after obtaining the LST, it was divided into several 

categories, with one degree Celsius separating each 

category.  

2.2.3 Evaluating the relationship between UHI and LULC: 

The LST categories in the study area were distributed 

on the LULC classification. The temperature changes of 

LULC classifications at different time intervals were 

studied to determine how urban growth affected the LST 

mean of the city. 

 

  

A B 

  

C D 

Fig. 3 LULC classification for 6th October City through the study years 

 

3 Results and discussion  

3.1 Land use classification 

LULC for 6th of October City was classified into four 

categories, viz. urban, green, water, and empty areas. As 

shown in Fig. 3, urban areas were growing significantly, 

as were green areas and water areas, while empty areas 

decreased between 2001 and 2019. The statistics showed 

that empty, urban, green and water areas were 79.8%, 

15.3%, 4.8%, and .07% respectively of the city's total area 

in 2001. The proportions of these areas in relation to the 

total area of the city changed in 2007 to 70.1%, 23.7%, 

6.04%, .08% respectively; in 2013, the areas were 60.30%, 

29.51%, 10.08%, .11% respectively; and in 2019 the areas 

were 49.22%, 37.36%, 13.37%, .06%, respectively of the 

total city area. By comparing these areas during the study 
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years from 2001 to 2019, it appears that empty and water 

areas were decreasing and that urban and green areas were 

expanding, as shown in Fig. 4. 

 

Fig. 4 LULC classification percentage through the study 

years. 

3.2 Urban Growth 

In 2001, the urban areas looked modest compared to 

surrounding non-urban areas, but by 2019, this area had 

doubled to cover the majority of the land in the city (Fig. 

5). We note that there was an error rate in the classification. 

Some areas were classified as urban in 2001 and 2007, but 

in later years, they were classified differently. Most of 

these areas are in the northern region which is designated 

as a green belt. In light of this urban expansion, it is 

illogical to have urban areas classified differently later. 

These areas were, therefore, deemed to have been 

misclassified. The error rate was determined for each year 

of study in relation to the current year (Fig. 6). The error 

rate for 2019 was not determined because it was the last 

year covered in the study, and no newer classification was 

available to check whether or not it was in the urban areas 

that were misclassified. 

 

Fig. 5 Comparison of the urban growth development  through 

the study years. 

 

 

Fig. 6 The percentage of error in the classification of urban 

areas. 

3.3 Accuracy Assessment (Kappa Coefficient) 

Two hundred and fifty samples were taken to assess the 

classification accuracy for each year of study. The samples 

were distributed among the different LULC classifications 

(50 – 100 samples each) according to their areas. Error 

matrices were generated and the kappa coefficients were 

calculated. The kappa values show that the classifications 

were accurate. The kappa coefficient in 2001 was 0.973, 

while in 2007 and 2013 it was 0.962. In 2019, the kappa 

coefficient was 0.968. Therefore, all the LULC 

classifications were considered to have excellent accuracy. 

3.4 Comparison of summer LST in the study years 

In 2001, LST was low at the beginning of summer. It 

ranged from about 23.7° to 38°. The beginning of the 
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summer of 2007 had moderate LST, with areas 

experiencing temperatures between 36° to 40°. the 

summer in 2013 started with high LST over a wide area.  

The temperatures were in the range of 41°to 47° in some 

areas. While the beginning of summer 2019 was mild, 

with many areas experiencing temperatures in the 34° to 

39° range, a few areas were much warmer, with LST 

soaring to 45° as shown in Fig. 7. 

Fig. 8 shows that LST increased in midsummer 2001 to 

nearly 43° in some areas as shown in Figure 12.  LST 

increased in midsummer 2007, and most areas had 

temperatures in the range of 41° to 47°. Midsummer 2013 

LST was lower, with many areas experiencing 

temperatures ranging from 34 ° to 40 °. In mid-summer 

2019, LST rose in mid-summer 2019. LST in many areas 

tended to rise from 41° to 46° in some areas. 

LST rose at the end of summer 2001, ranging from 43° 

to 51°. LST dropped significantly at the end of summer 

2007, with many areas having temperatures between 26° 

and 31°. The end of the summer of 2013 saw cooler 

temperatures than at the beginning of summer, with LST 

ranging between 27° to 42 °. LST dropped dramatically at 

the end of summer 2019. LST in most areas ranged from 

28° to 38°. Some areas exceed this limit, reaching a 

maximum of about 43° as shown in Fig. 9. 

A comparison of the beginning of summer (the usual 

summer phase) in each year of the research reveals that the 

beginning of the summer in 2013 was the warmest, while 

the beginning of the summer of 2001 was the least warm, as 

shown in Fig. 7. While Fig. 8 shows that LST was quite 

similar in the middle of summer (dry heat phase) in each of 

the study years, the hottest was the middle of summer in 

2007. Although the LST for the end of summer (wet 

weather heat phase) in each of the study years was 

relatively similar, the end of the summer of 2001 was hotter, 

as shown in Fig. 9. A comparison of LST mean for summer 

in each of the study years shows that LST for 2007 and 

2013 was higher than for other years (see Fig. 10). A higher 

LST also meant a higher UHI for these two years. 

3.5 Relationship between LULC classification and LST 

for the city  

3.5.1 Distribution of LST categories on LULC 

classifications 

The LULC classification was distributed over the 

temperature classes for each year of study as shown in 

Table 3. We note that in 2001, the highest percentage 

grouped into one category, which was approximately 30% 

of the total empty spaces, was within the category of 

38°-39°. The highest percentage of urban and green areas, 

which were 29.1% and 15.2% respectively, fell within the 

36°-37° category. The highest percentage of water areas 

was 48.9%, and it was in the category below 29° degrees. 

This value changed slightly in 2007 to become the highest 

percentage of vacant areas within the category of 39°- 40° 

while the highest percentage of urban and green areas 

were within the category of 38°-39°. 

In 2013 the highest percentage of vacant and urban 

areas remained unchanged but the highest percentage of 

green spaces fell into the category of 35°-36°. In 2019 the 

highest percentage of empty and green spaces fell into the 

category of 39°-40° but the highest percentage of urban 

areas fell into the category of 37°-38° (Fig. 11). 

Empty areas are devoid of shade, and thus they are 

exposed to the greatest amount of solar radiation. It is, 

therefore, not surprising that the empty areas fell into 

categories with high temperatures. The highest 

percentages of urban and green areas fell into categories 

with a similar temperature range, thus both urban and 

green areas were intertwined. The presence of green areas 

permeating urban areas, in addition to the presence of 

shade, led to significantly moderate temperatures in these 

areas. We note that the water areas fell into the category of 

lowest temperatures. 
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Fig. 7 Comparison of the regular summer phase over the study years. 

 

 

 

 

Fig. 8 Comparison for the dry heat phase over the study years. 

 

 

 

 

 

 



73     Zeinab A. Alsonny et al.  

 

 

Fig. 9 Comparison for the wet heat phase over the study years. 

 

 

 

 

 

Fig. 10 Comparison of LST mean every seventh year during the study period. 
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Table 3 shows the highest percentage of classification for the count of points in the classification for each year and its temperature 

category. 

 

2001 2007 2013 2019 

The highest 

percentage 
Category 

The highest 

percentage 
Category 

The highest 

percentage 
Category 

The highest 

percentage 
Category 

Empty areas 30.68% 38-39 34.5% 40-39 30.0% 40-39 30.1% 40-39 

Urban areas 29.1% 37-36 24.8% 39-38 22.7% 39-38 21.3% 38-37 

Green areas 15.2% 37-36 16.6% 37-36 16.5% 36-35 17.0% 40-39 

Water areas 48.9% 29> 25.7% 29> 74.7% 29> 53.8% 29> 

  

 

Fig. 11 Distribution of LST categories on LULC classifications for the years of study. 

3.5.2 Relationship between urban areas and LST 

The impact of urban growth on UHI is illustrated by 

examining the relationship between urban growth and the 

LST mean of a city as shown in Table 4. In 2001, the 

built-up area was equivalent to 40% of the urban area in 

2019. The LST mean of the urban area and the LST mean 

of the entire city within its boundaries in that year were 

36.96° and 37.21° respectively. The built-up area in 2007 

was the equivalent of 62.8% of the urban area in 2019. 

The LST mean of the urban area and the LST mean of the 

entire city was 37.97° and 38.75°, respectively. In 2013, 

the urban area was equivalent to 78.7% of that in 2019, 

with the LST mean in these urban areas at 37.66°, while 

the LST mean of the entire city was 38.63°. Urban areas 

increased until the area reached approximately 20,045.47 

acres in 2019, with the LST mean in these urban areas at 

37.10°, while the LST mean of the entire city was 37.83° 

as shown in Fig. 12 and Fig. 13. 

Table 4 The relationship of urban development to their LST 

mean for the years of study 

Years of study 2001 2007 2013 2019 

Urban Area (Acre)   8148 12582 15778 20045 

Percentage for the 

current urban (2019) 
40.6% 62.8% 78.7% 100.0% 

LST mean of urban 36.96° 37.97° 37.66° 37.10° 

LST mean for total city 37.21° 38.75° 38.63° 37.83° 
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Fig. 12 The growth of urban areas during the study years. 

 

 

Fig. 13 The relationship of LST mean of urban to LST mean 

for entire city. 

We find that the urban areas and green areas in the new 

cities constitute cold islands in relation to the desert areas 

around them. This was confirmed by a study (Walid Abbas 

Abdel Radi 2013) of the Cairo Complex, in which it was 

explained that urban areas form cold islands in relation to 

their desert back, forming what is known as the inverted 

thermal island. Whereas the urban areas themselves in the 

Cairo complex constitute positive heat islands in relation 

to their agricultural back [36]. In the study (Mansour 

Hussein Salem Saleh 2015) in which he studied the urban 

climate of the city of Giza, it was explained that the 

difference in temperature between the city and its rural 

back decreases from 1984 to 2014. But this decrease was 

not a result of the decrease in temperatures of the city and 

the disappearance of the heat island, but rather was as a 

result of urban sprawl on these agricultural lands, which 

led to raising their temperatures. While the temperature 

difference between the city of Giza and its desert 

hinterland did not differ much during that period [37]. 

What this means is that the heat island becomes clear 

depending on the location of the city and its surroundings. 

The urban areas and green areas in the new cities represent 

lower temperatures in relation to the empty desert areas 

around them. But it is necessary to achieve the limits of 

thermal equilibrium for the body, which was clarified by 

the study (Mansour 2016), which is that the temperature 

should not exceed 40C as a maximum and not be less 

than 26C as a minimum [38]. Looking at the average 

temperatures for urbanization in Fig. 13, we find that they 

have achieved this thermal balance over the years of study. 

The maximum average temperature for urbanization was 

38.75C in 2007, and the lowest average temperature for 

urbanization was 37.21C in 2001. 

 

4 Conclusion  

Increases in LST lead to worsening effects of UHI and 

thermal comfort. Given the difficulty of measuring LST 

over large areas and its high cost to researchers in 

developing countries, this study adopted a framework 

using freely available RS data from Landsat satellites and 

GIS. This methodology can be used by planners in 

developing countries to study the impact of urban growth 

on UHI. By testing this framework in studying the impact 

of urban growth on new cities by applying it to the 6 of 

October City as a case study, it was concluded that urban 

growth does not pose a threat to the UHI in new cities 

because they are built in desert cities. Rather, urban 

growth is lowering LST than it is around it.  

With urban growth, the average LST of the entire city 

decreases, except for the first period (2001 to 2007) when the 

average LST of the city increased by 1°C, with an increase in the 

urban area of 8.4%. In the second period (2007 to 2013), the 

average city LST decreased by 0.3C, while the urban area 

increased by 5.7%. Also in the third period (2013 to 2019) the 

average city LST decreased by 0.5C, while urban areas increased 

by 7.9%. This decrease in the average LST, despite the urban 

growth, is due to increased opportunities for shading and an 

increase in the presence of green spaces, rather than desert areas 

that absorb the largest amount of radiation. Thus, the framework 

has succeeded in providing satisfactory results on the impact of 

urban growth on UHI. Regardless of the LST values themselves 

and how they relate to reality, do they need correction or not? But 

he presented an idea of its connection with urban growth. 
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