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Abstract
The increase in the Land Surface Temperature (LST) caused by global warming and extreme weather events is significantly 
increasing Urban Hot Spots (UHS) while impacting the environmental quality within urban areas. In this research, with the 
help of Landsat 5, 7, and 8 satellite images, the evolution of Land Use/Cover (LULC), LST, and Surface Urban Heat Island 
(SUHI) in the Turkish Republic of Northern Cyprus (TRNC) between the years 1985 and 2020 is examined. The main aim 
is to evaluate how these variables, together with the Normalized Difference Built-up Index (NDBI), Urban Index (UI), 
Normalized Difference Vegetation Index (NDVI), Normalized Difference Water Index (NDWI), Built Index, and Propor-
tion Vegetation (PV) have influenced the variability of the UHS and the level of thermal comfort according to the Thermal 
Field Variance Index (UTFVI). The results report significant average rises of the variables: LST (6.62 °C), SUHI (0.97 °C), 
UHS (8.61%) of the UI and NDBI indices and class 6 of UTFVI (88.53%) that are related to the variability of the LULC 
corroborated by statistical analysis. Our results provide valuable information on the future development of urban areas in 
Northern Cyprus to make them more resilient and sustainable to rising temperatures.
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1 Introduction

Humanity is currently facing one of its most critical and 
urgent challenges: global warming and its effect on extreme 
weather events (Kovats et al. 2005; Song et al. 2020). Rapid 
population growth can be seen as an essential catalyst for the 
expansion of urban areas into rural areas, while urbanization 
is understood as the main contributor to climate change (Li 
et al. 2011). According to a report by the United Nations 

Organization (UNO), currently 50% of the present popula-
tion lives in urban areas, and this is expected to increase to 
70% by 2050 (UNO 2018). This critical change means that 
in the next 30 years, the urban population will increase by 
2600 million people (Mukherjee and Singh 2020), which 
will require an urbanization process of approximately 
1,527,000  km2 (Schneider et al. 2010).

On the one hand, urbanization can be considered a fun-
damental means of expanding industry and transport, gen-
erating urban and economic growth. On the other hand, 
it modifies the local urban climate by increasing the LST 
(Scolozzi and Geneletti 2012; Song et al. 2020). Numerous 
studies have explored positive correlations between high 
temperatures and urban areas. The development of green 
areas can be consideredone of the main measures that allow 
mitigating increases in LST caused by urban areas (Founda 
and Santamouris 2017; Hua et al. 2020; Yang et al. 2020). 
The increase in temperatures is joined by the phenomenon 
of urban climate change, Urban Heat Island (UHI), which 
intensifies due to pollution generated by numerous human 
activities (Santamouris 2020). Thus, the study of Yao et al. 
(2021) on mainland Chinese cities reveals that temperature 

 * David Hidalgo García 
 dhidalgo@ugr.es

 Müge Riza 
 Muge.riza@emu.edu.tr

 Julián Arco Díaz 
 juliannn@ugr.es

1 Technical Superior School of Building Engineering, 
University of Granada, Fuentenueva Campus, 
18071 Granada, Spain

2 Faculty of Architecture, Eastern Mediterranean University, 
Famagusta, Turkish Republic of Northern Cyprus

http://crossmark.crossref.org/dialog/?doi=10.1007/s41748-023-00341-5&domain=pdf
http://orcid.org/0000-0002-4039-8709


 D. H. García et al.

1 3 Published in partnership with CECCR at King Abdulaziz University

increases result from human activities as well as imperme-
able urban areas.

The problems and impacts (climatic, environmental and 
socioeconomic) generated by the UHI on urban areas are 
widely discussed in scientific research, reducing the inhab-
itants' quality of life (Rozos et al. 2013). Among them, the 
decrease in air and water quality (Feizizadeh and Blaschke 
2013), reduction in biodiversity (Čeplová et  al. 2017), 
increase in the cost of energy (Santamouris 2020), increase 
in mortality (Arbuthnott and Hajat 2017) and even changes 
in the regional climate (Sarrat et al. 2006).

In this way, there is a process of decreasing people's 
physical and mental well-being due to the changes that the 
increases in coverage produce on the climate (Das and Das 
2020). In this sense, it is essential to evaluate citizens' qual-
ity of life and the consequences that high temperatures can 
generate in their lifestyles. Within the scientific community, 
several indices allow for assessing the thermal well-being of 
urban areas: Physiological Equivalent Temperature (PET), 
the Urban Heat Island Intensity Index (UHIII) or the UTFVI. 
The latter is the most frequently used one since it allows 
for identifying high-temperature thermal spaces defined as 
UHS (Amindin et al. 2021). It relates them to the different 
typologies coverage by identifying the different LULC. Sev-
eral studies have warned of the increase in UHS values due 
to the increase in LST (Sharma et al. 2021). For example, 
the study between the years 2011 and 2019 on the city of 
New Okhla (India) reported increases in UHS and LST of 
33.56% and 6.4 °C, respectively (Sharma et al. 2021), the 
study between the years 1995 and 20,018 over the city of 
Ahvaz (Iran) reported increases in UHS and LST of 4% and 
3.2 °C. Research on the metropolitan area of the city of Gra-
nada (Spain) between 1985 and 2020 described increases of 
2.2 °C in the LST and 20.4% in the UHS (Hidalgo and Arco 
2022), while a study on the Suez area (Egypt) between 1984 
and 2014 revealed an increase of 16% in UHS and 4.5 °C 
in the LST (Ahmed 2018). Comprehensive research (Yao 
et al. 2019) carried out between 2001 and 2017 covering 
approximately 400 cities in China reported equal daytime 
and nighttime increases in SUHI. However, these studies 
are consistent in pointing out the areas of bare soil, without 
vegetation, or industrial zones as the places where the most 
significant increases in LST occur and, therefore, where the 
UHS are located. In addition, these have worse environmen-
tal quality indices.

In recent years, remote sensing has emerged as one of the 
most used methodologies for determining these phenom-
ena, allowing studies of large urban areas of LST, UHS and 
LULC to be carried out (Song et al. 2018). The study of the 
relationship between the LST and land use and land cover 
is essential to understand the effects produced by variations 
in cover on temperature increases (Hidalgo and Arco 2022; 
Tepanosyan et al. 2021). Therefore, studying and identifying 

the relationships mentioned above to mitigate these changes 
in the urban environment becomes critical for maintaining 
the climatic balance within a city. In addition, these analy-
ses can provide important information regarding the future 
development of urban areas that makes them resilient and 
sustainable to rising temperatures.

The reasons that justify this research are: 1. The study 
country does not have LST, UHS and UTFVI studies that 
consider temporal variability as proposed in this research. 
2. The study period contemplated in this research (35 years) 
is considered an appropriate question since it will allow 
studying the variability of the indices over a long period 
of time. This goes against current studies (Barbieri et al. 
2018; Mukherjee and Singh 2020) that use specific values 
to extrapolate to more extended periods and obtain global 
results.

Throughout this research, we intend to answer the follow-
ing questions: 1. How have the variables taken into account 
in the area under study evolved between 1985 and 2020? 2. 
What are the relationships between these variables taking 
into account the insular situation of the country? 3. How 
do LULC changes influence the evolution of UHS? 4. What 
evolution has the area under study had in relation to environ-
mental quality according to the UTFVI system? 5. Bearing 
in mind that the country has numerous development perspec-
tives, can the results of this research be considered in future 
urban developments in order to minimize LST increases?

2  Materials and Methods

2.1  Study Area

This study was conducted in the northern part of Cyprus, an 
Island in the eastern basin of the Mediterranean Sea (Fig. 1), 
situated between latitudes 30.33° and 35.11° N, and lon-
gitudes 32.23° and 34.55° E. The landscape is shaped by 
coastal areas, plain land on the inner parts of the islands, 
and mountainous areas. According to the TRNC Statistical 
Institute, with an area of approx. 3242 square kilometres, the 
population of North Cyprus was 382.836 in 2020 projected 
from the last census data obtained in 2011 (TRNC 2021). 
North Cyprus comprises of six districts or cities: Lefkoşa 
(Nicosia), Gazimağusa (Famagusta), Girne (Kyrenia), Güze-
lyurt (Morphou) and Lefke (TRNCPIO 2022). Except for the 
capital city Lefkoşa, which is an inland city, all urban centers 
are coastal cities.

The climate in Cyprus is considered typical Mediterra-
nean with hot to dry summers and warm to rainy winters 
(TRNCPIO 2022). According to the data obtained from the 
TRNC Statistical Institute for 2020, the hottest months are 
from June to August and the coldest months from December 
to February. Rainfall is generally perceived between October 
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and March, while the highest rainfall was observed in the 
mountainous areas in March. Temperature changes can vary 
related to the location as coastal, inland, or mountainous 
area. For example, while the average winter temperature is 
between 12 and 15 °C, in mountainous areas, it cooled down 
to approx. 5.6 °C in January 2020. Similarly, the average 
temperature in summer is 32 °C, while the temperature in 
inland areas, such as Nicosia, can reach up to 43 °C (TRNC 
2021).

In the last decades, North Cyprus has faced a vast urbani-
zation process, which resulted in a decrease of natural and 
farmland and increased building development in rural areas 
(Atak et al. 2019; Fuladlu et al. 2021). Especially, larger 
urban centers such as Nicosia as well as the coastal cit-
ies such as Famagusta growing outside their boundaries, 
increasing suburban development and sprawl (Constanti-
nides 2001; Fuladlu et al. 2021).

2.2  Methodology

Figure 2 shows graphically the methodology followed in 
this research. The objective pursued by this research is to 
analyze the development of the LST and LULC variables 
between the years 1985 and 2020 in the Turkish Repub-
lic of Northern Cyprus (Cyprus). In turn, it is intended 
to analyze how these variables together with the rest of 
the analyzed indices: UI, NDVI, NDBI, NDWI, PV and 
Built up index; have allowed the development of new UHS 
and the deterioration of UTFVI air quality. To do this, 
Landsat satellite images (5, 7 and 8) have been used to 
obtain the evolution of the indicated indices and the LULC 

map using the Support Vector Machine (SVM) system. 
Next, using Landsat thermal images, the LST has been 
obtained and the evolution of the UHS has been analyzed 
together with the level of thermal comfort with the UTFVI 
methodology. With the help of statistical analysis and the 
Data Panel technique, the correlation between the data 
obtained and the relationship between the variables has 
been determined. This statistical analysis methodology is 
presented as a novel element with respect to the traditional 
methods of multiple correlations usually used in research, 
since it allows the incorporation of a larger number of 
variables and data by admitting the inclusion of the indi-
vidual effects of a particular area and by date to get com-
prehensive results. Therefore, using this methodology, it is 
possible to obtain more precise and complex results than 
traditional methods.

First, the NDVI, PV, NDWI, NDBI, Built up index 
and UI indices have been determined. Next, the LST has 
been obtained using Landsat 5 images for the years 1985, 
1990 and 1995, Landsat 7 for the years 2000, 2005 and 
2010 and Landsat 8 for the years 2015 and 2020 using the 
software QGIS. Following the SVM method, LULC maps 
were obtained for the indicated years. Using a precision 
matrix, the precision of the land cover was determined 
through the cross-tabulation system between the classified 
category and the reference category (Campbell 1996; Xu 
et al. 2009; Yoo et al. 2019). Next, the UHS zones were 
identified and the UTFVI index of the area under study 
was calculated. The analysis of the data obtained in this 
research has been carried out statistically with the help of 
the software STATA.

Fig. 1  Study area, North Cyprus



 D. H. García et al.

1 3 Published in partnership with CECCR at King Abdulaziz University

2.3  Landsat

The images for the years 1985 and 1990 were obtained from 
Landsat 5, the images for the years 2000, 2005 and 2010 
were obtained from Landsat 7. Finally, the images for 2015 
and 2020 were obtained from Landsat 8. All were down-
loaded from the Service United States Geological Survey 
(USGS) since they are subjected to an atmospheric correc-
tion process prior to discharge. Optical and thermal bands 
from the Landsat dataset were used to determine indices and 
LST. Landsat 5 has six optical bands (1–5 and 7) with a pixel 
size of 30 m of resolution and a thermal band (6) of 120 m 
of pixel size. Landsat 7 maintains the bands and sizes of its 
predecessor in the optical bands but decreases the pixel size 
of the thermal band to 60 m. Finally, Landsat 8 increases the 
number of optical bands to 8 (bands 1–7 and 9) and the num-
ber of thermal bands to 2 (bands 10 and 11). The first ones 
keep the same resolution, but the thermal ones increase up 
to a pixel size of 100 m. For our research and to determine 
the LST, only band 10 Landsat 8 was used. All the bands 

were applied through a pan sharpening process in order to 
reduce the pixel size of the bands. The area under study is 
under the path of the Landsat 5, 7 and 8 satellites. Although 
the weather in Cyprus is usually sunny throughout the year, 
the images were acquired for the month of June each year. 
In this way, the land cover classification process is improved 
through the methodology used, since cloud cover is close to 
the 0% value. 8 images have been used, 1 per year.

2.4  Thermal Band

2.4.1  Radiance Spectral ( L
λ
)

TIRS band digital numbers (DN) have been converted to 
spectral radiance using the following Eq. (1) (Kafer et al. 
2019):

(1)L� = M
L
× Q

Cal
+ A

L
,

Fig. 2  Methodology
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where L� is the spectral radiance expressed in W/(m2∙sr∙μm); 
M

L
 is 3,342 ×  10–4 W/(m2∙sr∙μm) indicated in the Landsat 

metadata file; Q
Cal

 is the digital value (DN) of the bands that 
varies in a range from 0 to 255 and A

L
 is a dimensionless 

rescaling value located in the image file.

2.4.2  Brightness Temperature

Next, and in order to obtain the brightness temperature (T) 
in º Centigrade, the spectral radiance has been converted. 
This is the actual temperature recorded by the satellite with 
the precondition that the emissivity value is one, exptressed 
as follows in , Eq. (2) (Weng et al. 2004):

Landsat 8: K1 = 774.8853 and K2 = 1321.0789; Landsat 
7: K1 = 666.09 and K2 = 1282.71 and Landsat 5: K1 = 607.76 
and K2 = 1260.56 and L� is the spectral radiance derived 
from Eq. (1).

2.4.3  Emissivity (ε)

In the present study, the ε correction based on the NDVI 
determination method was performed using Eq. (3) (Sharma 
et al. 2021) as follows:

where the Pv is obtained from NDVI (Eq. 7).

2.4.4  LST

LST was estimated using ε values derived from Eq. (3) and 
using Eq. (4) (Weng et al. 2004). Equation (5) is used to 
determine the coefficient C2 as follows:

where LST is the Land Surface Temperature, T is the Bright-
ness temperature of the Landsat, � is the wavelength of the 
emitted radiation (Landsat 8: � =10.8 µm and Landsat 5 and 
7: � = 11.457 µm), � is the emissivity of the ground, h is 
Planck’s constant with value 6.626 ×  10–34 J s, c is the speed 
of light with value 2.998 × 108 m/s and s is Boltzmann’s 
constant with value 1.38 ×  10–23 J/K (Weng et al. 2004).

(2)T =
K2

log

(

K1

L�
+ 1

) − 273.15

(3)ε = 0.986 + 0.004 × Pv,

(4)
LST =

T
(

1 +

(

�
T

C2

)

xlog(�)

)

(5)C2 =
hxc

s
,

2.5  Indexes with Optical Bands

2.5.1  LULC

The following were identified: vegetation, urban land, bodies 
of water, bare soil and agriculture. Using Sentinel 2 images 
from the year 2020 and a precision matrix, the precision was 
determined by means of a crossed system between both cat-
egories: the classified one and the reference one.

2.5.2  NDVITHM

It was calculated using the following Eq. (6):

To calculate the PV according to Eq. (7) (Yu et al. 2014). It 
is necessary to take the results of Eq. (6) as follows:

where NDVI is obtained from Eq. (6) and the  NDVImax are 
the maximum values of the NDVI and  NDVImin are the mini-
mum values of the NDVI.

2.5.3  NDBI

NDBI was calculated using shortwave infrared (SWIR) and 
near infrared (NIR) bands according to Eq. (8) (Guha et al. 
2018) as follows:

2.5.4  Normalized Difference Water Index (NDWI)

The NDWI allows us to determine the hydric stress existing in 
the vegetation and the humidity of the soil. It was calculated 
using band green and NIR according to Eq. (9) (Zha et al. 
2003):

2.5.5  Urban Index (UI)

Urban Index (UI) was calculated using Eq. (10) (Kawamura 
et al. 1996) as follows:

(6)NDVI =
NIR − Red

NIR + Red

(7)PV =

[

NDVI − NDVI
min

NDVI
max

− NDVI
min

]2

,

(8)NDBI =
NIR − SWIR

NIR + SWIR

(9)NDWI =
GREEN − NIR

GRESS + NIR

(10)UI =
SWIR2 − NIR

SWIR2 + NIR
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2.5.6  Built Up Index

Built Up Index was calculated according to Eq. (11) (Kawa-
mura et al. 1996) as follows:

2.6  Urban Hotspots (UHS)

Urban Hotspots (UHS) are mapped using the Eq. (12) (Guha 
2017; Sharma et al. 2021):

where µ and � are the mean values and the standard devia-
tion of the LST of the zone in °C, respectively.

2.7  UTFVI

UTFVI is calculated using the following Eq. (13) (Guha 
et al. 2018; Liu and Zhang 2011; Sobrino and Irakulis 2020):

where LST is the temperature obtained from Landsat at 
each point on the surface (°C) and Tmean is the average tem-
perature determined with Landsat for the entire area (°C) 
(Sharma et al. 2021).

2.8  Strategy of Analysis

The Panel Data are a model that has been used in stud-
ies of this type and requires the need to perform multiple 

(11)Built up index = NDBI − NDVI,

(12)LST > 𝜇 + 2 ∗ 𝜎,

(13)UTFVI =
LST − T

mean

T
mean

,

regressions (Alcock et al. 2015; Chen et al. 2011; Fang and 
Tian 2020). To choose which method is appropriate, fol-
low these steps: (Chen et al. 2011): First, it is necessary 
to determine whether the effects are random or fixed using 
the Hausman test (Seto and Kaufmann 2003). 2. Using 
the Wooldridge and Wald tests, evaluate the model (Labra 
2014). For the analysis, the STATA data software, version 
16, was used Eq. (14) as follows:

where β is the coefficient, Xit is the explanatory variable, �it 
is the error residual, and�i reported the individual effects.

3  Results

3.1  Evolution of the Indices (NDVI, PV, NDWI, NDBI, 
Built Up Index and UI)

The space–time analysis of the NDVI, PV, NDWI, NDBI, 
UI, and Built up index spectral indices between the years 
1985 and 2020 can be found in Figs. 3, 4, 5, 6, 7, and 8, 
while the trend measurement’s central and dispersion is rep-
resented in Tables 1 and 2.

The NDVI index measures the amount and vigor of 
vegetation on the earth’s surface. The highest mean value 
reported was 0.332 in 2020, while the lowest mean value 
was obtained in 2005 (0.191). The PV index presents the 
highest average value of 0.377 in the year 2020 while the 
lowest average value is 0.158 in the year 2010. The average 
increase during the years under study has been 176.8% for 
the NDVI and 58.09% for PV. It is observed how the lowest 

(14)Yit = �Xit + �i + �it,

Fig. 3  NDVI index per year investigated
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values of the studied indices are located in urban areas: Nic-
osia and Gazimagusa. On the contrary, the highest values 
are located in the vegetal region located to the northwest.

The NDWI index presents the highest mean value in 
the year 1990 (0.284) while the lowest value is in the year 
2020 (−0.480). However, it is necessary to indicate that 
since 2000, the values of the NDWI index obtained nega-
tive average results. Between the years 1985 and 1995, 
Northern Cyprus presented acceptable humidity values 
related to its geographical location. However, since 2000 
these values have been progressively decreasing in such 
a way that, between 2005 and 2010, the humidity values 
could be considered as moderate drought. From the year 

2010 and until the year 2020, the humidity values are 
within the range of extreme drought. In this sense, a dras-
tic reduction in the moisture content of the vegetation and 
the soil has been observed in the last two decades.

The NDBI index obtained reported the lowest mean 
value in 1985 (0.012), while the highest was in 2020 
(0.099). The UI and building indices have also reported the 
lowest values (0.049) in 1985 and highest (0.192) in 2020. 
The Built up index have also reported the lowest values 
(0.164) in 1985 and highest (0.320) in 2020. These values 
imply an average increase of 7.7% and 74.47% and 48.75% 
in the NDBI, UI and building indices, respectively. These 
results indicate that there has been a significant increase 

Fig. 4  PV index per year investigated

Fig. 5  NDWI index per year investigated
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in urban areas during the considered years of this study 
(1985–2020).

In this way, those places with higher values in the NDVI 
and PV indices present lower values of the NDBI, UI and Built 
up index and vice versa. It is observed how the identifica-
tion and determination of these values can be considered an 
adequate technique to evaluate the evolution of the country's 
urban and rural environment.

3.2  Evaluation of the LULC

The evolution of the LULC between the years under study 
(1985–2020) can be seen in Fig. 9, while the variation of the 
different land uses is represented in Table 3.

The coverage identified as bodies of water presents the 
highest value in 2010 (24,416 ha), while the lowest value 
is in the year 2000 (1009 ha). The vegetation presents the 

Fig. 6  NDBI index per year investigated

Fig. 7  UI index per year investigated
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highest value in the year 2010 (1,067,508 ha) while the low-
est value is presented in the year 2020 (540,805 ha). The 
Built up type coverage presents the lowest value in 1985 
(160,385 ha) while the highest value is reported in the year 
2020 (1,309,563 ha). Agricultural land presents the lowest 

average value in the year 2020 (755,781 ha) while the high-
est average value in the year 1985 (1,976,688 ha). The 
bare soil cover presents the lowest average value in 2010 
(1,799,550 ha) while the highest average value was in 2020 
(1,643,000 ha). Significant decreases are reported between 

Fig. 8  Index Built up index per year investigated

Table 1  Statistics of the NDVI, 
NDBI and NDWI indices by 
year

Max maximum; Min minimum; Mean media; SD standard deviation

Year NDVI NDBI NDWI

Max Min Mean SD Max Max Mean SD Max Min Mean SD

1985 1.000 −0.515 0.265 0.103 0.579 −1.000 0.012 0.068 1.000 −0.515 0.215 0.103
1990 0.980 −0.980 0.224 0.113 0.994 −0.958 0.049 0.075 0.981 −0.989 0.284 0.113
1995 0.826 −0.447 0.254 0.119 0.587 −0.980 0.063 0.091 0.826 −0.447 0.255 0.119
2000 0.840 −0.500 0.210 0.109 0.662 −0.945 0.085 0.076 0.599 −1.000 −0.354 0.097
2005 0.975 −0.920 0.191 0.090 0.961 −0.934 0.025 0.081 0.919 −0.967 −0.238 0.063
2010 0.974 −0.912 0.203 0.082 0.928 −0.935 0.019 0.083 0.905 −0.977 −0.231 0.057
2015 0.859 −0.394 0.288 0.118 0.414 −0.503 0.078 0.086 0.529 −0.825 −0.414 0.098
2020 0.891 −0.473 0.332 0.126 0.365 −0.645 0.099 0.092 0.633 −0.846 −0.480 0.096

Table 2  Statistics of the UI 
indexes, Built Up index and PV 
per year

Max maximum; Min minimum; Mean media; SD standard deviation

Year Urban index Built up index PV

Max Min Mean SD Max Min Mean SD Max Min Mean SD

1985 0.572 −1.000 0.049 0.118 0.838 −1.399 0.164 0.185 1.215 0.004 0.246 0.094
1990 0.993 −0.946 0.092 0.101 1.980 −1.486 0.174 0.173 1.003 0.001 0.205 0.085
1995 0.650 −0.963 0.094 0.115 1.013 −1.304 0.191 0.202 0.955 0.003 0.281 0.111
2000 0.625 −0.941 0.099 0.107 0.994 −1.338 0.126 0.173 1.022 0.000 0.278 0.100
2005 0.973 −0.934 0.104 0.114 1.867 −1.711 0.165 0.179 1.668 0.001 0.256 0.105
2010 0.972 −0.932 0.117 0.115 1.840 −1.707 0.184 0.168 1.010 0.000 0.158 0.055
2015 0.423 −0.712 0.151 0.125 0.471 −1.314 0.210 0.194 0.949 0.000 0.296 0.107
2020 0.485 −0.774 0.192 0.118 0.555 −1.400 0.320 0.211 0.986 0.003 0.377 0.114
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the years 1985 and 2020 of the soils identified as vegetation 
and cultivation of −16.32% and −61.77%, respectively.

On the contrary, there are increases of 245.01%, 
716.51% and 11.38% in soils identified as bodies of 
water, buildings and bare soil, respectively. It is evident 
that the increase in built-up coverage is due to the rapid 
urban development that the Turkish Republic of Northern 
Cyprus has faced in recent decades, motivated mainly by 
tourism and the construction of second homes. However, 
the increase in bare ground cover could also be due to 
speculation leading to an abandonment of farmland for 
urban use. Moreover, the increase in production costs, the 
variability in rainfall, and progressive industrialization 
are circumstances to be considered since these conditions 
are very common while dealing with the arable lands of 
the Mediterranean basin. However, according to the data 
presented in Table 3, these last coverages show constant 
increases throughout the period studied. On the contrary, 
the coverage farming, vegetation and water bodies present 
non-constant decreases with strong oscillations. This could 
be due to the fact that the development of these areas also 

depends on the climatic conditions of the area, variables 
depending on the rainfall of each year. In this way, it would 
be related that these coverages suffered decreases since 
the year 2000 the previously determined NDWI humidity 
index reports that the country is suffering from a moder-
ate-extreme drought. These circumstances have led to the 
construction of reservoirs and swamps to guarantee the 
water supply to the population and the need to have a sup-
ply system from Turkey.

The most critical changes in the LULC occur in the center 
of the country, in the areas near the capital (Nicosia), and 
the coastal areas of the east of the country, the Famagusta 
region, and nearby areas. As indicated above, the rapid 
growth of the population and tourism are circumstances that 
justify these changes in coverage.

The matrix presents some results that can be found in 
Table 4. This was made with Sentinel 2 images to verify the 
LULC maps obtained in the year 2020. The accuracy was 
84%, the Kappa coefficient was 0.774, and the Tau value was 
0.783. However, and after the completion of the matrix, a 
manual correction was made with the non-coinciding points.

Fig. 9  LULC per year investigated

Table 3  Land uses per year

LULC (Ha) 1985 1990 1995 2000 2005 2010 2015 2020 Variability (%) 
(1985–2020)

Built up 260,385 21,132 91,054 171,202 195,431 701,699 1,256,567 1,309,563 402.93
Water bodies 3681 1259 1123 1009 20,606 24,416 20,620 13,031 254.01
Farming 1,976,688 1,750,357 1,501,072 1,204,638 1,734,969 1,669,007 1,195,218 755,781 − 61.77
Vegetation 646,291 553,462 605,023 745,391 804,062 1,067,508 800,100 540,805 − 16.32
Bare soil 1,375,135 1,935,970 2,063,908 2,139,940 1,507,112 799,550 989,675 1,643,000 19.48
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Table 4  Precision matrix

UA (%) user accuracy; PA (%) producer accuracy

Water bodies Bare soil Built up Farmland Vegetation UA (%)

Water bodies 10 0 0 0 0 100
Bare soil 0 80 0 0 0 100
Built up 0 0 20 0 2 10
Farmland 0 0 5 10 0 50
Vegetation 0 0 0 0 10 100
PA (%) 100 100 75 100 24 130

Fig. 10  LST by years

Fig. 11  SUHI by years



 D. H. García et al.

1 3 Published in partnership with CECCR at King Abdulaziz University

3.3  Evolution of LST and SUHI

The variability of the LST and SUHI between the years 1985 
and 2020 is shown in Figs. 10 and 11. Table 5 shows the 
basic statistics of the values obtained. In general, it can be 
seen that rural areas have lower LST and SUHI values com-
pared to urban areas that have higher temperatures.

The maximum values of LST obtained the lowest value 
in 2010 (41.09 °C), while the highest value was obtained 
in 2015 (51.0 °C). The minimum values of LST obtained 
the lowest value in 1985 (20.18 °C), while the highest 
value was obtained in 2015 (24.01 °C). Regarding the 
mean values, the lowest was obtained in 2010 (29.11 °C) 
and the highest in 2015 (40.83 °C). These values report 
a mean increase in LST during the years under study of 
6.6  °C (17%). However, the maximum values show a 
higher trend line with an average increase of 7.8 °C. On 
the contrary, the minimum values have grown by 2.04 °C. 
This implies a lower rate of growth than the average and 

maximum temperatures. Figure 10 shows the relationship 
between the PV, NDVI and LST indices. As a result, the 
LST is lower when the first two indices are higher and 
vice versa.

The lowest maximum SUHI value was 17.80 °C in the 
year 2015 while the highest value was 21.59 °C in the year 
1995. The lowest minimum SUHI value was −10.27 °C 
in the year 2020 while the value highest was −8.50 °C in 
1985. The lowest mean minimum LST value was 6.11 °C 
in the year 2010 while the highest value was 10.36 °C 
in the year 2000. The SUHI spatial statistics of the stud-
ied area show a continuous increase from 1985–2020 of 
0.97 °C, representing an increase of 12.96%. Figure 11 
shows constant increases in the SUHI variable throughout 
the study area. However, substantial increases are seen in 
the years: 1990, 2000, 2005 and 2015. It is observed that 
there is a relationship between the SUHI and the NDVI 
and PV variables. The higher the value of the first, the 
lower the values of the last variables and vice versa.

Table 5  LST and SUHI 
dispersion measurements

Year LST (°C) SUHI (°C)

Max Mean Min SD Max Mean Min SD

1985 42.98 32.33 20.18 3.34 18.13 7.48 −8.50 3.34
1990 50.31 40.34 23.68 4.15 18.25 8.24 −9.20 4.15
1995 47.42 33.81 22.87 3.72 21.59 7.98 −9.50 3.72
2000 50.69 40.79 23.45 4.70 20.24 10.36 −10.01 4.70
2005 47.78 35.61 23.50 4.10 21.52 9.35 −9.34 4.10
2010 41.09 29.11 22.10 3.87 18.09 6.11 −9.20 3.87
2015 51.00 40.83 24.01 4.35 17.80 7.63 −9.18 4.35
2020 50.82 38.95 22.22 3.69 18.32 8.45 −10.27 3.69

Fig. 12  UHS variability of the area studied by years
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3.4  UHS

Figure 12 shows the variability of the UHS in the study 
area between the years under study. It can be seen how 
between the years studied there has been a significant 
increase in these. However, this increase acquires a 
higher growth rate from the readings of the year 2000. 
The results show (Table 6) that since 1985 the area of UHS 
has increased from 15,561 ha (0.48% of the total area) to 
295,978 ha (9.09% of the total area). The obtained data 
represent an increase in the areas classified as UHS of 
280,417 ha (8.61%) in the time interval between 1985 and 
2020. However, it is observed that the UHS areas show 
constant growth between 1985 and 2005, while there is a 
significant increase between 2010 and 2020.

In 1985, the areas identified as UHS (0.48% of the 
country’s total area) were located in the south of the terri-
tory, coinciding with the town of Nicosia. As of the year 
2000, these zones’ growth began scattered throughout the 

entire extension. Since 2010 there has been a significant 
increase in UHS zones, reaching an extension of 6.75%.

Figure 13 shows the UHS and the SUHI together between 
the years 1985 and 2020. A meaningful coincidence between 
both variables is observed since the areas with the highest 
SUHI values coincide with the areas classified as UHS and 
vice versa.

In Fig. 14, the UHS zones and the 2020 LULC map of 
a part of the study area have been obtained jointly. The 
objective of this representation is to analyze the predomi-
nance of covers with areas of higher temperatures. Accord-
ing to the results obtained, the UHS occupies an area of 
75.66 ha (0.025%) of the coverage called vegetation, an 
area of 18,225 ha (6.15%) of the built-up coverage, an area 
of 72,446 ha (24.47%) of the coverage farmland and an 
area of 205,824 ha (69.35%) of bare soil coverage. There-
fore, the types of land where the UHS are located are: 
bare soil, farmland, and built-up area. On the contrary, 
the cover that presents the lowest concentration of UHS 
is the vegetation. The study of the coverages that present 

Table 6  Determination of UHS 
together with the occupation of 
these zones

Year SD (°C) Mean LST (°C) Non UHS (°C) UHS (°C) UHS (ha) UHS (%)

1985 3.34 32.33  ≤ 39.0  > 39.0 15,561 0.48
1990 4.15 40.34  ≤ 48.6  > 48.6 137,538 4.22
1995 3.72 33.81  ≤ 41.2  > 41.2 91,348 2.81
2000 4.70 40.79  ≤ 50.2  > 50.2 128,230 3.94
2005 4.10 35.61  ≤ 43.8  > 43.8 192,540 5.91
2010 3.87 29.11  ≤ 26.9  > 26.9 219,689 6.75
2015 4.35 40.83  ≤ 49.5  > 49.5 278,684 8.56
2020 3.69 38.95  ≤ 46.3  > 46.3 295,978 9.09

Fig. 13  SUHI and UHS variability by years
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Fig. 14  Location of UHS in 2020

Fig. 15  UTFVI by years
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the largest UHS zones indicates that the areas with little or 
scarce vegetation, the urban areas, and the areas destined 
for agricultural use present the highest concentrations of 
UHS within the built-up farmland and bare coverage soil.

3.5  Evaluation Using UTFVI

Figure 15 shows the variability experienced in the UTFVI 
index between the years under study. It can be seen how 
the red areas, classified as the worst areas for the pur-
poses of the SUHI, have been increasing. Table 7 shows 
the evolution of the affected area by year under study. The 
predominance of two large areas is observed: classes 1 
(excellent since thermal comfort is optimal) and 6 (worse 
since thermal comfort is minimal). The areas with the low-
est values in the PV and NDVI indices are located in the 
thermal comfort zones classified as worst, as well as the 
built-up areas and with high values in the NDBI and UI 
indices.

During the entire analyzed period, the best UTFVI 
classes have presented land decreases of −15.69%, 
−61.76% and −53.38%, respectively. On the contrary, the 
worst classes of UTFVI have presented soil increases of 
157.87%, 42.37% and 88.53%, respectively. In this way, 
in the year 2020, 26.55% (1,131,608 ha) of the area under 
study presents an ecological index UTFVI of the class 6 
type. Therefore, an ecological index qualified as Worst 
with unfavorable conditions for the development of human 
activities.

3.6  Statistical Analysis

3.6.1  Relationship Between LST and Index

The data panel method has been used to establish the rela-
tionships between the LST and the NDVI, NDBI, NDWI, 
PV, UI, Built up index and LULC indices of the study 
area. In the first place, the Pearson correlation coefficient 
was determined and then the Data Panel was carried out. 
Tables 8 and 9 show the results of the analysis.

In general, the LST presents negative correlations with: 
NDVI (−0.2711), NDWI (−0.1358) and NDBI (−0.1661) 
indices and positive correlations with: Built up (0.4331), PV 
(0.5584), UI (0.5391) and LULC (0.4156) indices.

From the statistical analysis, a negative relationship and 
greater than 99% is reported between the NDVI, NDWI, PV 
and LST indices and a positive relationship and greater than 
99% with the LULC, UI and Built up index indices. Further-
more, a decent relationship can be seen between the data 
analyzed according to the values of F, R2 and Prob >  Chi2 
since the adjustment level is greater than 99% significance.Ta
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3.6.2  SUHI and LST

The results are shown in Tables 10 and 11. It is observed 
that the SUHI presents an important positive relationship 
with the LST (0.415). The results of the analysis report a 
positive relationship greater than 99% between the SUHI 
and the LST. A good concordance of the data is appreciated 
based on the variables  R2, F and the values of Prob >  chi2.

3.6.3  Relationship Between UHS and LST, SUHI and LULC

Tables 12 and 13 show the results of the data analysis 
obtained. In general, the UHS presents a negative correla-
tion with the LULC (−0.130) and a positive correlation with 
the LST (0.277) and SUHI (0.112).

The statistical analysis results using the Data Panel tech-
nique report a statistically significant and positive relation-
ship of 95% with the LST and SUHI variables. This becomes 
negative but not significant with the LULC variable. The 
F statistic, R2 and Prob >  chi2 values show a good result 
between the dependent and independent variables with an 
adjustment level of 99% significance. These results are in 
line with the analytical values obtained previously.

4  Discussion

A general decrease in the mean values of the NDVI and PV 
indices has been demonstrated in the studied area. However, 
higher values are reported in rural areas with vegetation as 

Table 8  Correlation coefficient 
for LST, NDVI, NDBI, PV, UI, 
Built Up and LULC indices

LST LULC NDVI NDBI PV UI BUILT UP UI

LST 1
LULC 0.4156 1
NDVI −0.2711 −0.5856 1
NDBI −0.1661 −0.5449 0.9373 1
PV 0.5584 0.5619 −0.6225 0.6541 1
UI 0.5391 0.5849 −7191 0.9502 −0.7127 1
BUILT UP 0.4331 0.6357 −0.9239 0.8616 −0.8897 0.9102 1
NDWI −0.1358 0.1046 −0.2835 0.1361 −0.1475 0.1639 0.2438 1

Table 9  LST relationship with other variables

Values in italics indicate Robust Standard Errors: *** p < 0.001
SD Standard deviation; β coefficient; F statistical; R2 linear regression 
coefficient

β ρ SD

LULC 0.6943 0.000*** 0.134
NDVI −22.079 0.000*** 5.708
PV −51.451 0.000*** 2.551
NDBI −5.592 0.351 5.992
UI 18.821 0.000*** 3.792
Built up 17.388 0.003** 5.775
NDWI −2.859 0.000*** 0.201

R2 = 0.57 F = 1288 Prob >  chi2 = 0.000

Table 10  Correlation coefficient SUHI LST

SUHI 1.000
LST 0.415 1.000

Table 11  SUHI versus LST

Values in italics indicate Robust Standard Errors: *** p < 0.001
SD standard deviation; β coefficient; F statistical; R2 linear regression 
coefficient

β ρ SD

LST 3.567 0.000*** 0.2234
R2 = 0.76 F = 1273 Prob >  chi2 = 0.000

Table 12  Correlation coefficient for UHS, SUHI, LST y LULC

UHS SUHI LST LULC

UHS 1
SUHI 0.112 1
LST 0.277 0.415 1
LULC −0.130 −0.035 −0.041 1

Table 13  UHS results with SUHI, LST and LULC

SD standard deviation; β coefficient; F statistical; R2 linear regression 
coefficient

β ρ SD

SUHI 0.5402 0.010* 0.2090
LST 0.0169 0.011* 0.0066
LULC −0.5402 0.367 0.0772

R2 = 0.57 F = 7.12 Prob >  chi2 = 0.003
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opposed to urban areas with the lowest values. On the con-
trary, the mean values of the NDBI and UI indices have 
remained high in urban areas as opposed to rural areas with 
lower values. The NDWI values are experiencing significant 
decreases motivated by the decrease in rainfall in the last 
decade on the island. The analysis of the variability of LULC 
coverage has revealed an increase in Built up and bare soil 
coverage. On the contrary, a decrease in the coverage of 
farmland and vegetation has been obderved. These results, 
together with the values of the Built up index, NDBI and UI 
indices, suggest that the country has experienced an urbani-
zation process determined by the transformation of land used 
for agriculture and vegetation in new urban areas. These 
results are in the same line as similar research carried out by 
other authors (Amindin et al. 2021; Hidalgo and Arco 2021; 
Sharma et al. 2021) in other cities or territories, validating 
the results obtained in this study. Research carried out on 
the regions of Famagusta, Lysi and Lefkoniko in the year 
2021 observed an annual growth of the built and/or urban 
areas of 9.67% between the years 2006 and 2016 (Fuladlu 
et al. 2021), placing our results in the same line. Studies on 
Iran (Amindin et al. 2021) identified 30% reduction in green 
spaces between 1995 and 2016 and 30% increase in bare soil 
cover. In our research, the reduction in green areas was lower 
(16.32%) mainly due to the protection offered by these areas 
as a system for minimizing climate change. It is necessary 
to indicate that the decrease in green areas and the increase 
in urban areas does not necessarily imply a decrease in the 
PV and NDVI indices, but also the variability in rainfall. Its 
reduction as a consequence of climate change considerably 
affects the state of the vegetation (Li et al. 2002). This is in 
line with the decrease in the NDWI index values.

A significant increase in LST and SUHI values has been 
detected throughout the years under study. The main reason 
for this condition is the significant growth of urban areas 
and its relationship with the decrease of areas for agricul-
tural use and green areas in general. This circumstance was 
evidenced by the authors Kotharkar and Surawar (2016), 
who concluded that an increase in green areas produces a 
decrease in LST and SUHI and vice versa. In our research, 
higher temperatures have been reported in areas with higher 
UI, Built up index and NDBI values and lower tempera-
tures in areas with higher PV and NDVI values, evidenced 
by statistical analysis. The highest correlation of the LST 
occurred with the NDBI variable, while the lowest correla-
tion was with the PV variable. Other studies have shown 
this relationship between the LST and NDBI since the latter 
is not related to changes due to climate change (Anjos et al. 
2020; Shahfahad et al. 2021; Tepanosyan et al. 2021). The 
use of construction systems using waterproof materials with 
high thermal absorption causes them to heat up with solar 
radiation and release that heat into the atmosphere at night, 
producing an increase in LST. As the same effect does not 

occur in green areas, the differences between rural and green 
areas are more significant, increasing the SUHI phenom-
enon (Saaroni et al. 2018; Wu et al. 2019; Yang et al. 2020). 
This is in line with findings from other studies and allows 
us to validate our results (Ahmed 2018; Luo and Wu 2021; 
Sharma et al. 2021). However, our results differ from find-
ings of studies conducted in some regions of Iran (Amindin 
et al. 2021) and India (Sharma et al. 2021). The reasons 
could be determined by the difference in population size and 
surface quality between the studied areas, since our study 
area is smaller with less population.

A significant increase in the areas classified as UHS has 
been observed between the evaluated years from 1985 to 
2020. This circumstance would be driven by the increase 
in the LST and SUHI and by the decrease in the vegetation 
zones. This has been corroborated by the statistical analy-
sis carried out. In such a way that the relationship between 
LULC and UHS is weak while it reports a high correlation 
between LST and SUHI. This is motivated by the fact that 
the reported UHS areas are not developed in all country cov-
erages but mainly in bare soil and farmland coverages. In the 
area under study, these areas have higher values of LST and 
SUHI and provide a significant increase in UHS. Numerous 
studies confirm that solar radiation in rural areas with little 
vegetation is higher in the morning than in urban areas. Keep 
in mind that the Landsat 5, 7 and 8 satellites pass through the 
Turkish Republic of Northern Cyprus in the morning. The 
leading cause of the higher solar radiation in rural areas is 
that the shadows generated by buildings and trees prevent 
the heating of the enclosures and the impermeable surfaces 
located on the floors of the streets and the cooling rates of 
the areas with vegetation (Karakuş 2019; Li and Meng 2018; 
Yang et al. 2020).

On the other hand, some studies carried out with satellite 
images show how the scarcity of vegetation has a warm-
ing effect (Estoque et al. 2017; Lin et al. 2015) in urban 
areas, while it has a cooling effect when the vegetation is 
abundant (Lin et al. 2015; Tan et al. 2017; Yu et al. 2017). 
These effects are not only due to the processes of shading 
and evapotranspiration, but also depend on the rates of cool-
ing or heating by convection and transpiration. As our results 
show, this would alter the LST of an area and explain the 
behavior of the SUHI. Numerous studies (Guha et al. 2018; 
Shahfahad et al. 2021; Sharma et al. 2021) show these cir-
cumstances with results very similar to those reported here.

Lastly, a significant deterioration UTFVI of the Turkish 
Republic of Northern Cyprus has been evidenced. Hence, 
the areas with the worst thermal comfort (classes 4, 5 and 6) 
and the highest temperatures have increased in contrast to the 
best areas (classes 1, 2 and 3) and the lowest temperatures 
have been minimized. Therefore, in 2020, the worst category 
of UTFVI is developed mainly on built-up or bare soil soils, 
those that usually have higher temperatures. Furthermore, 
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various studies (Guha 2017; Luo and Wu 2021; Majumder 
et al. 2021; Shahfahad et al. 2021) on other cities or urban 
areas that corroborate significant increases in worst classes 
motivated by a rapid increase in the urbanization of the areas 
and the LST, supporting the results presented here.

5  Conclusions

In the present study, the evolution of LULC, LST and 
SUHI between the years 1985 and 2020 in Turkish Repub-
lic of Northern Cyprus was analyzed by integrating UI, 
NDVI, NDBI, NDWI, Built up index and PV, and how it 
have impacted the increase in UHS and the deterioration 
of UTFVI. These studies are becoming elements of great 
importance and in the case of the Turkish Republic of North-
ern Cyprus, it can represent an important advance. Although 
the country has experienced significant economic and build-
ing development in recent years, it still has high prospects 
for urban development.

During the analyzed period, the area under study has 
experienced increases in the mean values of the NDBI, Built 
up and UI indices. On the contrary, reductions in the mean 
values of NDVI, NDWI and PV have been experienced. 
Furthermore, LULC coverage shows significant increases 
in built-up and bare soil coverage and decreases in vegeta-
tion and farmland coverage, indicating that the area under 
study has experienced rapid urban growth by transforming 
natural and agricultural land into urbanized or bare soil. 
Land speculation and the agricultural crisis suffered in the 
Mediterranean countries since the beginning of the twenti-
eth century has motivated this circumstance. A high-level 
growth of the LST and SUHI has also been evidenced from 
the year 2005, producing a deterioration of thermal comfort 
and an increase in the areas classified as UHS. For the Turk-
ish Republic of Northern Cyprus, it is essential to identify 
and monitor these areas to implement actions and measures 
to improve these unfavorable situations for the population.

In the field of practice, our results provide further scien-
tific evidence of the relationship already identified between 
the variables investigated. Therefore, the findings could be 
helpful to future sustainable growth; public administrations 
and urban planners could implement new mitigation and 
resilience measures that allow mitigating the increases in 
LST, SUHI and UHS and improve the inhabitants' quality of 
life through a decrease in the values of UTFVI.
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