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Introduction

Population (demographic pressure), in the 
process of urbanization, influences different 
types of natural land cover to be destroyed 
and changed/replaced with impervious ma-
terials very common in urban areas, such as 
concrete, asphalt, stone, metal, glass, and 
other materials which have low albedo values 
and which absorb heat, causing the released 
energy to increase (Buyantuyev & Wu, 2009; 
Harlan & Ruddell, 2011; Santamouris, Syn-
nefa & Karlessi, 2011). All of these develop-
ments cannot escape at all without radical 
changes. Such changes affect the reduction of 
the amount of oxygen produced by the natural 
soil cover; reduction in evaporation; increase 

of surface flow (urban runoff); absorption, 
storage, and increase of heat; deterioration of 
air quality; deterioration of water quality, etc. 
(Berila & Dushi, 2021).

The process of urbanization has under-
gone a great and rapid development due 
to the high growth of the population. Such 
processes, which directly affect people, are 
of great importance. Therefore, such and 
similar processes lead to only one possitive 
path: positive development (Morefield, Fann, 
Grambsch, Raich & Weaver, 2018; Berila & 
Isufi, 2021a). Developments which in them-
selves have rapid rates and large changes, 
the effects, of course, will not be satisfactory. 
Such processes, during development, produce 
effects that are harmful. These effects con-
sist of: increase of surfaces with impervious 
materials; reduction/destruction/damage of 
green areas; reduction/destruction/damage of 
natural surfaces; empowerment of materials 
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with low albedo values – increase of tempera-
ture, etc. All these effects that we mention, to 
a large extent, are encountered in cities. 

Based on the information discussed in 
the paragraphs above it is more than under-
standable and logical that if we were to make 
a comparison between cities and rural areas 
in terms of heat, we would clearly see that 
the temperatures will be higher in the former. 
It is precisely such effects and processes that 
have led to the emergence in these areas of 
a very harmful phenomenon with a host of 
negative effects – urban heat island (UHI) – 
a phenomenon in which higher temperatures 
are encountered in urban areas compared to 
peripheral or rural areas (Wang, Zhang, Tsou 
& Li, 2017). It is very important to note that 
the UHI phenomenon can appear in all areas 
in which natural surface changes are made 
with artificial ones and in those cases when 
the earth is left completely bare, regardless 
of whether it is in urban, peripheral, or rural 
area (Ursu, 2019). The increase of human ac-
tivities in the cities will make the UHI phe-
nomenon even stronger. This phenomenon, 
with all its negative effects, will seriously 
endanger the human population (especially 
those living in cities) (Mohajerani, Bakaric 
& Jeffrey-Bailey, 2017; Peres, Lucena, Ro-
tunno Filho & de Almeida França, 2018). 
It is crucial that the municipalities, or other 
governmental authorities, emphasize the dan-
gerousness of the UHI phenomenon, while 
proposing solutions (as much as possible).

The UHI phenomenon has three types 
– depending on how the temperature is 
measured (Fabrizi, Bonafoni & Biondi, 
2010; Sherafati, Saradjian & Rabbani, 2018; 
Berila & Isufi, 2021b; Isufi, Berila & Bulliqi, 
2021):
a)  Canopy layer heat island (CLHI) – this 

layer lies approximately at the average 
height of buildings and is determined by 

measuring the air temperature at a height 
of 2 m above the ground. The CLHI has 
usually been measured using sensors 
mounted on fixed meteorological stations 
(Nichol, Fung, Lam & Wong, 2009; Clay 
et al., 2016; Berila & Isufi, 2021b; Isufi 
et al., 2021).

b)  Boundary layer heat island (BLHI) – lies 
above the CLHI layer and can reach 
a thickness of up to 1 km. It is meas-
ured using special platforms, such as 
radiosondes and aircraft (Berila & Isufi, 
2021b; Isufi et al., 2021).

c)  Surface urban heat island (SUHI) – dif-
ference in radiant temperature between 
urban and non-urban surfaces. The meas-
urement/determination of this layer is 
done using thermal remote sensors (Beri-
la & Isufi, 2021b; Isufi et al., 2021).
Science has made significant progress in 

how the UHI phenomenon can be measured. 
In regard to the method used by research-
ers, which entirely depends on the data the 
researchers has, the tools they retains, and 
the accuracy required. In cases when in the 
study area there are different restrictions on 
measuring the UHI phenomenon, such as the 
lack of equipment/instruments for measuring 
temperature and their inhomogeneous distri-
bution (as in our case of the study area), then 
it is necessary to use GIS and remote sens-
ing techniques (Berila & Dushi, 2021). Us-
ing them to measure the UHI phenomenon 
represents SUHI, which is determined using 
geospatial technology through the calcula-
tion of the land surface temperature (Voogt 
& Oke, 2003; Despini et al., 2016; Pour  
& Voženílek, 2020).

During the hot season(s) and the day, 
SUHI values get higher and vice versa (Roth, 
Oke & Emery, 1989; Yuan & Bauer, 2007). 
The UHI phenomena have a lot of seasonal 
variation and the temperature values meas-
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ured with remote sensing techniques will 
also depend on the materials from which the 
buildings are built, the orientation and densi-
ty of the buildings, etc. Consequently, a UHI 
can also appear in a sparsely populated area 
due to building construction materials and 
related activities. 

The Republic of Kosovo has not yet been 
able to escape/avoid such changes and all 
the negative effects they bring. Due to the 
high density/activities of the population, the 
caused changes, and the surfaces with imper-
vious materials, in the second largest city of 
Kosovo–Prizren, have caused quite notice-
able challenges to appear, which require very 
careful and quick solutions.

The main goal of our work is to make 
a connection between the atmosphere and 
the land surface temperature in order to reach 
the identification of all areas that are affected 

and face the SUHI phenomenon; to map the 
summer SUHI for the entire Municipality of 
Prizren in order to see whether the cadastral 
zones with the highest population density 
(greater emphasis of human activities) are 
the ones that face the most with this phenom-
enon. Our other goal is to help the city leaders 
identify the areas that are attacked and endan-
gered by the SUHI phenomenon so that they 
can take immediate action to mitigate this 
phenomenon in order that the population of 
those areas can live as healthy as possible. 

Study area

Prizren is the second largest city in the 
Republic of Kosovo after Prishtina. The co-
ordinates of Prizren are 42°00′ and 42°20′ N 
and 20°30′ and 21°00′ E (Fig. 1). It is a town 

at lower altitudes, while in the mountains the harsh alpine climate dominates (UN-HABITAT, 
2012). These climatic characteristics and mountain terrain are the reasons for the rich natural 
resources that contribute to the economic development of the country and the region 
(Universiteti Teknik i Stambollit, Urban Design Studio, Plan&Art [UTS, UDS & Plan&Art], 
2012). 
 

 
FIGURE 1. Location of the study area 
 

We have compiled Figures 2 and 3 to have a clearer picture of the distribution of 
settlements in the city of Prizren, as well as to highlight and distinguish areas urbanized from 
areas with vegetation. Figure 2 presents CORINE land cover (CLC) of our study area of 2018 
downloaded at the European Environment Agency (EEA). The main extension and 
predominance belong to the forest vegetation – at the edges of the southern, eastern, and 
western part. In the central and northern part, the area is occupied by activities of the 
population. Settlements are distributed in the Prizren area quite densely compared to the 
mountainous parts where we see a lower density of settlements. An uncontrolled and 
unplanned expansion is observed especially towards the main arterial roads. In particular the 
increase along the northwestern part poses a risk to agricultural land where there is irrigation 
infrastructure, which means bypassing the great potential for agricultural production. Misuse 
of agricultural land for construction has caused the degradation of natural resources and 
unsustainable development. A large part of the agricultural land has been lost because of 
illegal gravel and quarry mining activities. The land is constantly being occupied with stone 
mining facilities which in turn causes the formation of informal settlements on the 
surrounding agricultural lands (UTS, UDS & Plan&Art, 2012). 
 

FIGURE 1. Location of the study area



50

Dushi,	 M.,	 Berila,	A.	 (2022).	 Determining	 the	 influence	 of	 population	 density	 on	 the	 land		
surface	 temperature	 based	 on	 remote	 sensing	 data	 and	 GIS	 techniques:	 application	 to		
Prizren,	Kosovo.	Sci. Rev. Eng. Env. Sci.,	31	(1),	47–62.	DOI	10.22630/srees.2324

located on the slope of Sharri Mountain and 
along the Lumbardhi (Bistrica) river. The 
climate of Prizren has continental charac-
teristics with a slight influence of the Medi-
terranean climate at lower altitudes, while 
in the mountains the harsh alpine climate 
dominates (UN-HABITAT, 2012). These 
climatic characteristics and mountain terrain 
are the reasons for the rich natural resources 
that contribute to the economic development 
of the country and the region (Universiteti 
Teknik i Stambollit, Urban Design Studio, 
Plan&Art [UTS, UDS & Plan&Art], 2012).

We have compiled Figures 2 and 3 to 
have a clearer picture of the distribution of 
settlements in the city of Prizren, as well as 
to highlight and distinguish areas urbanized 
from areas with vegetation. Figure 2 presents 
CORINE land cover (CLC) of our study area 

of 2018 downloaded at the European Envi-
ronment Agency (EEA). The main extension 
and predominance belong to the forest vege-
tation – at the edges of the southern, eastern, 
and western part. In the central and northern 
part, the area is occupied by activities of the 
population. Settlements are distributed in 
the Prizren area quite densely compared to 
the mountainous parts where we see a lower 
density of settlements. An uncontrolled and 
unplanned expansion is observed especially 
towards the main arterial roads. In particu-
lar the increase along the northwestern part 
poses a risk to agricultural land where there 
is irrigation infrastructure, which means by-
passing the great potential for agricultural 
production. Misuse of agricultural land for 
construction has caused the degradation of 
natural resources and unsustainable develop-

 
FIGURE 2. CORINE land cover of the study area  
 

 
FIGURE 3. A false-color composition of optical satellite image  of our study area (R: 
SWIR 2, G: SWIR 1, B: Red) 

FIGURE 2. CORINE land cover of the study area 
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ment. A large part of the agricultural land has 
been lost because of illegal gravel and quar-
ry mining activities. The land is constantly 
being occupied with stone mining facilities 
which in turn causes the formation of infor-
mal settlements on the surrounding agricul-
tural lands (UTS, UDS & Plan&Art, 2012).

Figure 3 presents a false-color composi-
tion of the optical satellite image of Land-
sat 8 – composition 7 6 4 (R: SWIR 2,  
G: SWIR 1, B: Red). Based on presented 
data, it is noticed that the built-up area lies 
mainly in the north, in the west, and in the 
central parts. Such an extension has been 
determined by the topography of this area. 
Most of the settlements are concentrated in 
the city center. The expansion of settlements 
continues along the north and the main road 
arteries that run through Prizren.

Data and methods

There are various methods for determin-
ing the surface heat of a given area. In our 
study, we determined the surface heat of the 
city of Prizren by calculating LST through 
GIS and remote sensing using satellite im-
age of Landsat 8. This paper used the satellite 
image of Landsat 8 on 8 August 2021. This 
satellite image had a negligible percentage of 
cloud cover (0.01%) and we used the United 
States Geological Survey (USGS) website  
(https://earthexplorer.usgs.gov) to download it 
(Table 1). Our satellite image has been down-
loaded from Collection 1 and at a Level 1.

For the compilation of all maps in this 
study we used the program ArcGIS 10.5. In 
Figure 4 we have made a schematic pres-
entation of the whole methodology that we  FIGURE 2. CORINE land cover of the study area  

 

 
FIGURE 3. A false-color composition of optical satellite image  of our study area (R: 
SWIR 2, G: SWIR 1, B: Red) 

FIGURE 3. A false-color composition of optical satellite image of our study area (R: SWIR 2, G: 
SWIR 1, B: Red)
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have used in this paper. In this figure, we 
have presented in a general way all the steps 
we have taken to come to the mapping of the 
SUHI phenomenon and to determine the im-
pact of population density on it. Whereas in 
the following sections, this article presents 
a detailed calculation for each part, in order 
to have better understanding of the method-
ology being used. 

In Landsat 8 sensor satellite images, 
thermal data is stored in the form of dig-
ital numbers (DN) (Berila & Isufi, 2021a). 
These numbers represent cells (pixels) that 
have not yet been calibrated into units (Käfer 
et al., 2020) that make sense (meaning-
ful units). An important step to be taken is 
the return to radiance of DNs (Isaya Ndossi  
& Avdan, 2016). 

TABLE 1. Characteristics of the satellite image used in this study 

Sensor type Date Path/Row Cloud 
cover

Spatial 
resolution Format Source

Landsat 8 OLI/TIRS 08.08.2021 185/31 0.01% 30 m tiff https://earthexplorer.usgs.gov

 
FIGURE 4. Flowchart depicting methodology 
 

In Landsat 8 sensor satellite images, thermal data is stored in the form of digital numbers 
(DN) (Berila & Isufi, 2021a). These numbers represent cells (pixels) that have not yet been 
calibrated into units (Käfer et al., 2020) that make sense (meaningful units). An important step 
to be taken is the return to radiance of DNs (Isaya Ndossi & Avdan, 2016).  

The following equation was used to convert DNs of Band 10 (TIRS 1) to spectral 
radiance (United States Geological Survey [USGS], 2019) in the Landsat 8 TIRS sensor 
(Isaya Ndossi & Avdan, 2016; Salih, Jasim, Hassoon & Abdalkadhum, 2018; Berila & Isufi, 
2021a; Berila & Dushi, 2021; Isufi et al., 2021): 

𝐿𝐿𝜆𝜆 = 𝑀𝑀𝐿𝐿 ∙ 𝑄𝑄𝑐𝑐𝑐𝑐𝑐𝑐 + 𝐴𝐴𝐿𝐿                                                           (1) 
where: 
Lλ – TOA spectral radiance [W·m–2·sr–1·μm–1],  
ML – band-specific multiplicative rescaling factor from the metadata,  
Qcal – quantized and calibrated standard product pixel values (DN),  
AL – band-specific additive rescaling factor from the metadata (Salih et al., 2018; Berila & 
Isufi, 2021a; Isufi et al., 2021; Berila & Dushi, 2021). The metadata of the satellite image is 
presented in Table 2. 
 
TABLE 2. Metadata of the satellite image 

FIGURE 4. Flowchart depicting methodology
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The following equation was used to convert 
DNs of Band 10 (TIRS 1) to spectral radiance 
(United States Geological Survey [USGS], 
2019) in the Landsat 8 TIRS sensor (Isaya 
Ndossi & Avdan, 2016; Salih, Jasim, Hassoon 
& Abdalkadhum, 2018; Berila & Isufi, 2021a; 
Berila & Dushi, 2021; Isufi et al., 2021):

 
FIGURE 4. Flowchart depicting methodology 
 

In Landsat 8 sensor satellite images, thermal data is stored in the form of digital numbers 
(DN) (Berila & Isufi, 2021a). These numbers represent cells (pixels) that have not yet been 
calibrated into units (Käfer et al., 2020) that make sense (meaningful units). An important step 
to be taken is the return to radiance of DNs (Isaya Ndossi & Avdan, 2016).  

The following equation was used to convert DNs of Band 10 (TIRS 1) to spectral 
radiance (United States Geological Survey [USGS], 2019) in the Landsat 8 TIRS sensor 
(Isaya Ndossi & Avdan, 2016; Salih, Jasim, Hassoon & Abdalkadhum, 2018; Berila & Isufi, 
2021a; Berila & Dushi, 2021; Isufi et al., 2021): 

𝐿𝐿𝜆𝜆 = 𝑀𝑀𝐿𝐿 ∙ 𝑄𝑄𝑐𝑐𝑐𝑐𝑐𝑐 + 𝐴𝐴𝐿𝐿                                                           (1) 
where: 
Lλ – TOA spectral radiance [W·m–2·sr–1·μm–1],  
ML – band-specific multiplicative rescaling factor from the metadata,  
Qcal – quantized and calibrated standard product pixel values (DN),  
AL – band-specific additive rescaling factor from the metadata (Salih et al., 2018; Berila & 
Isufi, 2021a; Isufi et al., 2021; Berila & Dushi, 2021). The metadata of the satellite image is 
presented in Table 2. 
 
TABLE 2. Metadata of the satellite image 
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where:
Lλ  –  TOA spectral radiance [W·m–2·sr–1· 

·μm–1], 
ML  –  band-specific multiplicative rescaling 

factor from the metadata, 
Qcal  –  quantized and calibrated standard 

product pixel values (DN), 
AL  –  band-specific additive rescaling factor 

from the metadata (Salih et al., 2018; 
Berila & Isufi, 2021a; Isufi et al., 
2021; Berila & Dushi, 2021). The 
metadata of the satellite image is pre-
sented in Table 2.

Then, in the Landsat 8 satellite image 
MTL file, the reflectance rescaling coef-
ficients were obtained. This was done to 
transform the OLI band into TOA planetary 
reflection (Adeyeri, Akinsanola & Ishola, 
2017). As per the above-mentioned calcula-
tion, the following equation was used (Adey-
eri et al., 2017):

Band Variable Description Value 

10 

– thermal band – 
K1 thermal constant 774.8853 
K2 1321.0789 
ML band-specific multiplicative rescaling factor 3.3420E-04 
AL band-specific additive rescaling factor 0.10000 

 
Then, in the Landsat 8 satellite image MTL file, the reflectance rescaling coefficients 

were obtained. This was done to transform the OLI band into TOA planetary reflection 
(Adeyeri, Akinsanola & Ishola, 2017). As per the above-mentioned calculation, the following 
equation was used (Adeyeri et al., 2017): 

𝜌𝜌𝜆𝜆′ = 𝑀𝑀𝜌𝜌𝑄𝑄𝑐𝑐𝑐𝑐𝑐𝑐 + 𝐴𝐴𝜌𝜌                                                                 (2) 
where:  
ρλ' – TOA planetary reflectance, 
Mρ – band-specific multiplicative rescaling factor, 
Aρ – band-specific additive rescaling factor. 
 

Making the correction of TOA reflection with the angle of the sun, then is (USGS, 2019): 
𝜌𝜌𝜆𝜆 = 𝜌𝜌𝜆𝜆′

cos⁡(𝜃𝜃𝑠𝑠𝑠𝑠)
= 𝜌𝜌𝜆𝜆′

sin⁡(𝜃𝜃𝑠𝑠𝑠𝑠)
                                                          (3) 

where:  
ρλ' – TOA planetary reflectance, 
θsz – local solar zenith angle, θsz = 90° – θse [°], 
θse – local elevation angle of the sun [°] (USGS, 2019). 
 

The dark object subtraction (DOS) method was used to remove small reflection values 
(due to air diffusion) (Chavez, 1996; Adeyeri et al., 2017). We used this method using 
ENVI 5.3 software as we did not have any other alternative for atmospheric measurements at 
our disposal (Adeyeri et al., 2017). The equation of an image corrected with DOS is (Adeyeri 
et al., 2017): 

𝐿𝐿1𝑃𝑃 = 𝐿𝐿1min − 𝐿𝐿1(𝐷𝐷𝐷𝐷1%)                                                       (4) 
where: 
L1min – radiance corresponding to the minimum DN from the sum of all the pixels from the 
image [W·m–2·sr–1·μm–1], 
L1(DO1%) – radiance of the dark object (DO) assumed to have a reflectance of 0.01 [W·m–

2·sr–1·μm–1] (Adeyeri et al., 2017).  
 

In our study we used TIRS Band 10 because of the better performance it has shown 
compared to Band 11 (Montanaro, Gerace, Lunsford & Reuter, 2014; Adeyeri et al., 2017; 
Berila & Dushi, 2021). 
 
Calculation of brightness temperature 

The next step is to use constant values given in the metadata to convert spectral radiation 
to brightness temperature (Tb). In order to convert radiance to brightness temperature, 
Equation (5) has been used in the study (Isaya Ndossi & Avdan, 2016; USGS, 2019; Yuvaraj, 
2020; Berila & Dushi, 2021; Isufi et al., 2021). 
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In our study we used TIRS Band 10 because of the better performance it has shown 
compared to Band 11 (Montanaro, Gerace, Lunsford & Reuter, 2014; Adeyeri et al., 2017; 
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where: 
ρλ′ – TOA planetary reflectance,
θsz – local solar zenith angle, θsz = 90° – θse [°],
θse –  local elevation angle of the sun [°] 

(USGS, 2019).

The dark object subtraction (DOS) 
method was used to remove small reflection 
values (due to air diffusion) (Chavez, 1996; 
Adeyeri et al., 2017). We used this method 
using ENVI 5.3 software as we did not have 
any other alternative for atmospheric meas-
urements at our disposal (Adeyeri et al., 
2017). The equation of an image corrected 
with DOS is (Adeyeri et al., 2017):
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Then, in the Landsat 8 satellite image MTL file, the reflectance rescaling coefficients 

were obtained. This was done to transform the OLI band into TOA planetary reflection 
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where:  
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where:  
ρλ' – TOA planetary reflectance, 
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In our study we used TIRS Band 10 because of the better performance it has shown 
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Calculation of brightness temperature 

The next step is to use constant values given in the metadata to convert spectral radiation 
to brightness temperature (Tb). In order to convert radiance to brightness temperature, 
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mum DN from the sum of all the pixels from 
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TABLE 2. Metadata of the satellite image

Band Variable Description Value
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– thermal band –

K1
thermal constant
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AL band-specific additive rescaling factor 0.10000
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L1(DO1%) – radiance of the dark object 
(DO) assumed to have a reflectance of 0.01 
[W·m–2·sr–1·μm–1] (Adeyeri et al., 2017). 

In our study we used TIRS Band 10 be-
cause of the better performance it has shown 
compared to Band 11 (Montanaro, Gerace, 
Lunsford & Reuter, 2014; Adeyeri et al., 
2017; Berila & Dushi, 2021).
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perature, Equation (5) has been used in the 
study (Isaya Ndossi & Avdan, 2016; USGS, 
2019; Yuvaraj, 2020; Berila & Dushi, 2021; 
Isufi et al., 2021).
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·μm–1],

K2  –  band-specific thermal conversion con-
stant from the metadata [K]. 
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it is possible and should be derived the values 
of K1 and K2 (Isaya Ndossi & Avdan, 2016; 
Yakar & Bilgi, 2019).
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where: 
εν – vegetation emissivity, 
εs – soil emissivity, 
Fν – fractional vegetation, 
F – shape factor whose mean is 0.55 (Sobrino, Jiménez-Muñoz & Paolini, 2004; Igun & 
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From Equations (6) and (7), ε may be determined by the following equation (Yuvaraj, 
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𝜀𝜀 = 0.004 ∙ 𝐹𝐹𝑣𝑣 + 0.989                                                            (8) 
 

The proportion of vegetation (Fν) is calculated based on the following equation (Wang 
et al., 2015; Yuvaraj, 2020; Berila & Dushi, 2021; Isufi et al., 2021): 
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𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑚𝑚ax−𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁min

]
2
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The following equation is used to calculate NDVI with the help of Landsat visible Band 4 

(Red) and NIR (Band 5) images (Yuvaraj, 2020; Berila & Dushi, 2021; Isufi et al., 2021): 
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where: 
NIR – near-infrared pixel values,  
Red – red band pixel values (Alemu, 2019).  
 

The value of NDVI ranges between –1.0 and 1.0 (Alemu, 2019; Yuvaraj, 2020). High 
NDVI values indicate healthy vegetation while low values indicate less or no vegetation 
(Berila & Dushi, 2021; Isufi et al., 2021). 
 
Calculation of land surface temperature 

The final step of estimating LST is as follows (Weng, Lu & Schubring, 2004; Alemu, 
2019; Yuvaraj, 2020; Berila & Dushi, 2021; Isufi et al., 2021): 
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The proportion of vegetation (Fν) is 
calculated based on the following equation 
(Wang et al., 2015; Yuvaraj, 2020; Berila  
& Dushi, 2021; Isufi et al., 2021):
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The value of NDVI ranges between –1.0 and 1.0 (Alemu, 2019; Yuvaraj, 2020). High 
NDVI values indicate healthy vegetation while low values indicate less or no vegetation 
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Calculation of land surface temperature 

The final step of estimating LST is as follows (Weng, Lu & Schubring, 2004; Alemu, 
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(Yuvaraj, 2020; Berila & Dushi, 2021; Isufi 
et al., 2021):
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where:
NIR  – near-infrared pixel values, 
Red  – red band pixel values (Alemu, 2019). 

The value of NDVI ranges between –1.0 
and 1.0 (Alemu, 2019; Yuvaraj, 2020). High 
NDVI values indicate healthy vegetation while 
low values indicate less or no vegetation (Ber-
ila & Dushi, 2021; Isufi et al., 2021).

Calculation of land surface temperature

The final step of estimating LST is as fol-
lows (Weng, Lu & Schubring, 2004; Alemu, 
2019; Yuvaraj, 2020; Berila & Dushi, 2021; 
Isufi et al., 2021):

𝐿𝐿𝐿𝐿𝐿𝐿 = 𝑇𝑇𝑏𝑏
{1+[𝜆𝜆𝑇𝑇𝑏𝑏𝜌𝜌 ]⁡ln𝜀𝜀}

                                                             (11) 

where: 
λ – wavelength of emitted radiance by Landsat 8 (λ = 10.8 acc. to the NASA) [μm],  
Tb – brightness temperature from which the LST values [K],  
ε – land surface emissivity,  
ρ – given by the following equation (Yuvaraj, 2020; Berila & Dushi, 2021; Isufi et al., 2021): 

𝜌𝜌 = h 𝑐𝑐
σ ⁡= 14,388⁡μm∙K–1                                                     (12) 

where: 
h – Planck’s constant (h = 6.626·10–34) [J·s–1],  
σ – Boltzmann constant (σ = 1.38·10–23) [J·K–1], 
c – velocity of light (c = 2.988·108) [m·s–1] (Alemu, 2019; Yuvaraj, 2020; Berila & Dushi, 
2021; Isufi et al., 2021). 
 

There are various factors that can affect the generation and strengthening of LST. In this 
paper we have tried to make a connection between LST and population density. To achieve 
this, LST was first calculated – from satellite thermal data – while the population density data 
by cadastral zones of the Municipality of Prizren were obtained from the 2011 Kosovo 
Census, classified into four classes – from the least dense to the densest. These data, to have a 
better presentation on the map, are represented by proportional circles in black (Fig. 5). We 
have mapped and located these black circles as population density based on the spatial 
distribution of settlements through a topographic map with a scale of 1:25 000. Through this 
topographic map, we identified all settlements in each cadastral area of the Municipality of 
Prizren. And the last step was to place these points in each center of these settlements. This 
was done to make the relationship between population density and the spatial distribution of 
LST pixel values as real and fair as possible. The next step was to connect these layers of 
spatial data. For this, we used GIS techniques using ArcGIS 10.5 software. Using this 
software, we superposed these two layers of spatial data – as seen in Figure 5. All this work 
has been done to study and highlight the effect and importance of population density – as one 
of the main factors – in increasing and strengthening the values of LST. 
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There are various factors that can affect 
the generation and strengthening of LST. In 
this paper we have tried to make a connec-
tion between LST and population density. To 
achieve this, LST was first calculated – from 
satellite thermal data – while the population 
density data by cadastral zones of the Mu-
nicipality of Prizren were obtained from the 
2011 Kosovo Census, classified into four 
classes – from the least dense to the dens-
est. These data, to have a better presentation 
on the map, are represented by proportional 
circles in black (Fig. 5). We have mapped 
and located these black circles as population 
density based on the spatial distribution of 
settlements through a topographic map with 
a scale of 1:25 000. Through this topographic 
map, we identified all settlements in each ca-
dastral area of the Municipality of Prizren. 
And the last step was to place these points 
in each center of these settlements. This was 
done to make the relationship between popu-
lation density and the spatial distribution of 
LST pixel values as real and fair as possible. 
The next step was to connect these layers of 
spatial data. For this, we used GIS techniques 
using ArcGIS 10.5 software. Using this soft-
ware, we superposed these two layers of spa-
tial data – as seen in Figure 5. All this work 
has been done to study and highlight the ef-
fect and importance of population density 
– as one of the main factors – in increasing 
and strengthening the values of LST.

Results and discussion

In this paper, the data of the 2011 Kos-
ovo census were used and a map representing 
the population density and LST in the city of 
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Prizren was compiled. The population density 
was classified into four classes, starting from 
the least dense to the densest. Figure 5 clearly 
shows that the surfaces with the highest den-
sity are mainly the northern and central parts. 
Making the connection of population density 
with LST we can see that exactly in those ar-
eas where the highest population density is 
distinguished, are the areas (pixels) with the 
highest LST values. Here, the pixels with the 
lowest values are those with 287.68 K, while 
the highest values of LST reach 316.72 K. It 
is very important to understand the relation-
ship that exists between LST and population 
density. Figure 5 shows that the lowest values 
of LST have natural surfaces – forests, water 
surfaces, parks, etc., while, on the other hand, 
higher values of LST can be distinguished in 
areas where the activities of the population are 

prominent and in spaces in which the surface 
of the earth is bare. Thus, if we compare natu-
ral surfaces with artificial ones, we notice that 
they have lower temperature values because 
they retain their freshness due to the reflection 
they make to the solar radiation.

The largest distribution of settlements 
is in the Prizren plain (center), while in the 
mountainous parts they begin to decrease. As 
the center of Prizren has experienced an un-
controlled expansion (especially towards the 
main arterial roads), the continuous expan-
sion and extension of informal settlements 
pose a great risk in the loss of agricultural 
land and its transformation. A transformation 
of this natural surface is done with surfaces 
that are impervious, reducing the values of 
albedo and further strengthening the surface 
temperature (cause of heat absorption).

 
FIGURE 5. Spatial distribution of land surface temperature and population density of Prizren 
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In this paper, the data of the 2011 Kosovo census were used and a map representing the 
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To know the relationship between LST 
and population density, and to determine 
the impact of the latter on the former, Fig-
ure 6 presents the regression analysis be-
tween these two variables. From the results 
achieved, a strong positive connection can 
be noticed between the two. The logarith-
mic regression (R) value is 0.8206 – show-
ing a strong positive relationship. So, with 
the increase of population density, the values 
of LST are also increasing. This clearly in-
dicates that an increase in population den-
sity will inevitably cause an increase in LST 
values. All this happens due to the increase 
of activities undertaken by the population in 
these areas.

In all areas with high density, the popu-
lation takes a series of actions that change 
the natural surfaces due to the increase in 
demand. The most noticeable changes are 
the increase in the use of materials that have 
low albedo values. These actions are allowed 
to happen because there is no application of 

strict regulation in terms of planning in the 
city of Prizren. With this unplanned develop-
ment trend, LST values will continue to rise 
to the extent that the health of the population 
will be extremely endangered.

The logarithmic regression equa-
tion between population density and LST 
is y = 2.3254 ln(x) + 295.59. In addition, 
through this equation LST values can be 
predicted in case of increase of the (known) 
population density number for the future. It 
is population density that explains the vari-
ance of LST growth in urban areas. In LST 
values of cities, one of the main, important, 
and representative factors of such a rise is 
population growth. So, in other words, popu-
lation density is being presented as the main 
factor and contributor to this urban change 
– in relation to the increase in LST values 
(Landsberg, 1981). Separating each factor 
that contributes to the increase in LST val-
ues in this major problem is not easy to do. 
However, one of those factors has shown and 

two. The logarithmic regression (R) value is 0.8206 – showing a strong positive relationship. 
So, with the increase of population density, the values of LST are also increasing. This clearly 
indicates that an increase in population density will inevitably cause an increase in LST 
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In all areas with high density, the population takes a series of actions that change the 
natural surfaces due to the increase in demand. The most noticeable changes are the increase 
in the use of materials that have low albedo values. These actions are allowed to happen 
because there is no application of strict regulation in terms of planning in the city of Prizren. 
With this unplanned development trend, LST values will continue to rise to the extent that the 
health of the population will be extremely endangered. 

The logarithmic regression equation between population density and LST is y = 2.3254 
ln(x) + 295.59. In addition, through this equation LST values can be predicted in case of 
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in relation to the increase in LST values (Landsberg, 1981). Separating each factor that 
contributes to the increase in LST values in this major problem is not easy to do. However, 
one of those factors has shown and proved that it has a strong connection with LST or the UHI 
phenomenon is the population density (Lo & Faber, 1998). The small number of 
meteorological stations in which the temperature of the earthʼs surface is measured – both in 
the past and today – is presented as a big obstacle because, in this way, there is no fair and 
accurate representation for all study area. Facing such situations, the solution is to measure 
the landʼs temperature using thermal satellite data. This study clearly presents the spatial 
change of LST in Prizren. One of the main factors that clearly contribute to the increase of 
LST values in our study area is the high population density. This study of ours highlights a 
close link that exists between LST and population density. Statistical analysis of logarithmic 
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proved that it has a strong connection with 
LST or the UHI phenomenon is the popula-
tion density (Lo & Faber, 1998). The small 
number of meteorological stations in which 
the temperature of the earthʼs surface is 
measured – both in the past and today – is 
presented as a big obstacle because, in this 
way, there is no fair and accurate representa-
tion for all study area. Facing such situations, 
the solution is to measure the landʼs tempera-
ture using thermal satellite data. This study 
clearly presents the spatial change of LST in 
Prizren. One of the main factors that clearly 
contribute to the increase of LST values in 
our study area is the high population density. 
This study of ours highlights a close link that 
exists between LST and population density. 
Statistical analysis of logarithmic regres-
sion reveals that the population is a factor 
that contributes to the increase of LST val-
ues, thus making the UHI phenomenon to 
be generated and strengthened precisely in 
those parts – also creating the microclimate 
of Prizren.

Similar results as in our paper were seen 
in the work of Li et al. (2014) on the impact 
of land cover and population density on soil 
surface temperature – Wuhan (China). The 
results of this study showed that the regions 
with high LST were concentrated in resi-
dential and industrial areas with low veg-
etation coverage, in which the population 
with their activities had made continuous 
changes. Similar results have been report-
ed by Mallick (2021). In his work on sea-
sonal characteristics of surface temperature 
with NDVI and population density in the 
National Capital Region (India), he finds 
that the high population density is one of 
the main contributing factors in generating 
and enhancing UHI intensity and in creating 
a microclimate.

Song et al. (2020) in the study on the 
effects of building density on soil surface 
temperature in China, found that in increas-
ing LST values, in addition to the density of 
buildings, climate also plays an important 
role – the drier the climate, the greater the 
impact of the density of buildings on increas-
ing LST values. Gang, QuiPing, RongBo and 
DongSheng (2019) in their work on the ef-
fects of land use, population density, and alti-
tude on the UHI phenomenon found that LST 
is significantly related to population density, 
altitude, and proportions of different types of 
land use. According to them, the larger the 
artificial surface, the more powerful the UHI 
intensity and vice versa.

The biggest environmental challenge of 
the Municipality of Prizren is the irrational 
use of natural resources, which results in pol-
lution and degradation of the environment, 
which is affecting the further strengthening 
of the SUHI phenomenon. The unplanned 
development of agricultural land resulting 
from the use of it for the construction of set-
tlements along the main regional roads has 
resulted in a major loss – it should be borne 
in mind that any change and replacement of 
natural to artificial areas only contributes to 
the deterioration of the situation with SUHI.

Conclusions

This study of ours uses geospatial tech-
nology to present as clearly and correctly as 
possible the spatial distribution of LST and 
its relationship with the density of the popu-
lation living in Prizren. The satellite image 
on 8 August 2021 was used to determine the 
impact of population density on the strength-
ening of the earthʼs surface temperature. To 
do this, LST was calculated and Landsat 8 
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TIRS and OLI bands were used. For the 
entire Municipality of Prizren, LST showed 
that it has a great connection with vegeta-
tion, strengthening once again what is now 
known that the greener areas, the fresher it 
will be and vice versa. On the other hand, 
the cartographic representation of the spa-
tial distribution of LST clearly showed that 
areas in which the population density is high 
increase the impact of the SUHI effect. All 
areas affected by the SUHI phenomenon 
were identified for the entire Municipality of 
Prizren. These areas are located mainly in the 
north, center, and west. It is in these areas 
that the density and activities of the popula-
tion are most pronounced. Based on this, we 
conclude that areas in which the population 
density is high have a significant effect on 
the generation and strengthening of the phe-
nomenon harmful to the population such as 
SUHI.

The importance of the maps in which the 
SUHI phenomenon is defined is also shown 
by our study. This is because it becomes pos-
sible to identify all areas in which this harm-
ful phenomenon causes concern for residents 
living. Also, these types of maps help mu-
nicipal administrators to act against this phe-
nomenon in those areas where LST values 
are high, such as replacing black materials 
with materials with high albedos, expanding 
of green areas, the expansion of water areas 
for more freshness, the application of green 
roofs and a series of other actions which 
make the life of these citizens healthier.

We raise the concern for policymakers in 
the Municipality of Prizren to take all steps 
which minimize the SUHI effect as soon as 
possible. Studies like ours should raise the 
alarm in the whole human society for a better 
life. At the same time, we need strict control 
of all actions of the population because this 

trend of increasing population density, in-
creasing demand for water, land, energy, etc., 
which is characterizing Prizren, will make its 
surroundings lose its existing green spaces. 
Based on this, the authors raise alarm and 
concern to government institutions to take all 
this information in this paper with the utmost 
seriousness and use it for all future activities 
which are planned to take place in Prizren.
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Summary

Determining the influence of popula-
tion density on the land surface temper-
ature based on remote sensing data and 
GIS techniques: application to Prizren, 
Kosovo. The whole study was conducted 
for the Municipality of Prizren and aims to 
determine the effect that the population den-
sity has on land surface temperature (LST). 
All this was achieved through the connec-
tion of LST and population density. The 
free Landsat 8 satellite image downloaded 

from the United States Geological Survey 
website was used and then processed us-
ing GIS and remote sensing techniques. To 
understand this relationship, we performed 
a regression analysis. This analysis showed 
a strong positive relationship with a value 
of r = 0.8206, emphasizing the important 
role that the population has in creating em-
powering areas that generate surface urban 
heat island (SUHI) effect. The results of the 
study clearly showed that in the northern, 
central, and western parts there are pixels 
with high LST values. This presentation cor-
responds with the population density, which 
means that it is precisely the actions of the 
population that help generate, display, and 
strengthen the harmful effect of the SUHI. 
The map in which the areas of high LST pix-
els are clearly identified is of great impor-
tance to the policymakers and urban planners 
of Prizren so that they can orient themselves 
in these areas and take all actions necessary 
to minimize this harmful effect which is 
worrying citizens. If it continues with un-
planned development, the peripheral parts 
of Prizren are seriously endangered by the 
damage of the spaces which offer protection 
(green spaces) from the SUHI phenomenon, 
and the future generations will suffer even 
worse than the current ones from these ir-
responsible actions. 


