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Abstract

This study analyzed the changes in the urban heat island effect in the 30 years (from 1990 to 2021) in the central district of Osmani-
ye. In this sense, there were two primary goals. Firstly, Land use/land cover change (LULC), land surface temperature (LST), nor-
malized difference built-up index (NDBI), and normalized difference vegetation index (NDVI) were analyzed by using remote sens-
ing methods between 1990 and 2021. Secondly, a linear regression analysis was conducted to determine the factors associated with
LST, NDVI, and NDBI. The study results revealed increases in urban surfaces and the average land surface temperature values in the
past 30 years and showed a decline in the vegetation with low, medium, and high NDVI values. The regression analysis results indi-
cated a strong negative relationship between LST and NDVI and a strong positive relationship between LST and NDBI. It was also
found a robust negative relationship between NDBI and NDVI. In light of the findings, it was stated that the amount of open and
green areas should be increased in order to prevent the negative effects of the urban heat island in the central district of Osmaniye.
For this purpose, it has been proposed to encourage green roof systems throughout the city, to create city parks and to create a green
belt system. In addition, as a result of the study, the importance of preventing forest destruction caused by over-settlement in the
Amanos Mountains, which is one of the rare habitats of the world with different plant species, was emphasized. In this sense, legal
sanctions should be employed to protect those areas and prevent construction.

Keywords: Land surface temperature (LST), Normalized difference built-up index (NDBI); Normalized difference vegetation index

(NDVI), Urban heat island (UHI).

Introduction

Economic and industrial development and high popula-
tion rates are closely associated with rapid changes in
land uses/land cover change (LULC) in the 21% century,
leading to the transformation of landscapes into residen-
tial areas and the increases in the amount of impervious
surface worldwide. Impervious surfaces include build-
ings, roads, and industrial areas that absorb the short-
wave solar radiation and reduce the long-wave solar
energy emitted from the earth (Das et al., 2021). An
increase in impervious surfaces results in warming the
urban environment, creating the urban heat island (UHI)
effect (Jamei et al., 2016).

The UHI effect is generally identified by using two
methods. The first method involves the ground-based air
temperature measurements in micro studies based on the
modeling of meteorological data (Jamei et al., 2019).
The second method is used in macro studies based on
land surface temperature (LST) measurements. LST is
measured through remote sensing methods using satellite
image data and mapping the thermal energy released to
the atmosphere from the earth. The LST measurements
from thermal satellite images are easy, fast, continuous
and very reliable as it allows calculating the energy emit-
ted from the earth to the atmosphere (Celik et al., 2019;
Atak and Tonyaloglu, 2020).

Greenhouse gas emissions and LULC changes are the
main factors affecting LST values (Sharma and Joshi,
2016; Koday and Kizilkan, 2019; Atak and Tonyaloglu,
2020; Das et al. 2021; Das, 2022; Amadou and Arouna,
2022). Industrialization mainly depended on fossil fuels
escalates greenhouse gas emissions, increasing the rate
of greenhouse gases in the lower atmosphere (tropo-
sphere). The solar radiation reflected from the earth is
absorbed and re-emitted in the troposphere and increases
the surface temperature (Tiirkes, 2012).

The radiation emissions from the earth’s surface depend
on the LULC changes. Impervious surfaces such as
buildings and roads reflect radiation, but surfaces vegeta-
tion or covered with permeable materials absorb most
radiation (Pal and Ziaul, 2017). Therefore, LULC chang-
es affect LST values by changing the radiation absorp-
tion rates of the land surface (Atak and Tonyaloglu,
2020).

Additionally, many studies emphasized that dense and
healthy vegetation also affects the LST and UHI due to
evaporation (Zhang et al., 2009; Malik et al., 2019).
Thus, remote sensing techniques are applied to measure
vegetation indices and to evaluate vegetation. One of
those indices, the normalized difference vegetation index
(NDVI), is widely used in many studies to describe
vegetation patterns (e.g. Kumar and Shekhar, 2015; Guo
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et al., 2015; Guha et al., 2018; Jamei et al. 2019; Phi-
lipps, et al., 2022). On the other hand, many researchers
applied the normalized difference built-up index (NDBI)
to investigate the effects of urban impervious surfaces
such as roads and building roofs on LST (e.g. Zhang et
al. 2009; Varshney, 2013; Guo et al. 2015; Alhawiti and
Mitsova., 2016; Guha et al. 2018; Jamei et al. 2019;
Malik et al. 2019). They stressed that the NDBI index, a
measure to determine the residential areas by the chang-
es in spectral reflections, is an important index to explore
the relationships between urbanization and thermal
stress. In addition, the studies on LST and UHI show that
determining the factors affecting LST and the relation-
ship between these factors is of great importance in the
development of measures to reduce the urban heat island
effect (e.g. Guo et al., 2015; Bakar et al., 2016; Das,
2022).

The study area, changed from county status to province
status in 1996, and this administrative change led to
significant demographic, industrial, and agricultural
developments. It also influenced the LULC, especially
the increasing urbanization. Forest areas, one of LULC's
classes, were not an exception in this process. The for-
ests of the Amanos Mountains, which is a very important
area not only for Turkey but also for the world in terms
of hosting plant species belonging to 3 phytogeographic

regions, have been turning into impervious surfaces due
to increasing transhumance activities.

In line with all these developments, it is of great im-
portance to investigate the effects of changes in LST,
NDVI and NDBI values in the central district of Os-
maniye. Therefore, in this study, first of all, the effects of
changes in LULC, LST, NDVI and NDBI values be-
tween 1990-2021 in the central district of Osmaniye
were analyzed and, the change in the UHI effect was
determined. Then, by exploring the relationships be-
tween LST, NDVI, and NDBI, suggestions were pro-
posed to reduce the heat island effect.

Materials and Methods
Study area and data sets

Located in the east of the Mediterranean Region, Os-
maniye is on the transition road between the east and
west of Turkey. The Central Taurus Mountains surround
Osmaniye from west to north and the Amanos Moun-
tains from east to southeast (Figure 1). It is 3 279.9 km?
and 121 m above sea level. Osmaniye was one of the
districts of Adana until it became a province in 1996.
Today it has seven districts. The central district-our
study area has the highest population density and urbani-
zation rate (274,420 residents).
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Fig.1. Location of the study area.

The study area has two different topographic structures:
the northern plains and the southern mountainous. Alt-
hough the climate differs between mountainous and
plain areas, it mainly has Mediterranean climate charac-
teristics characterized by generally mild and wet winters
and hot and dry summers. Although there is a small
amount of snowfall in the causeways and highland areas,
there is no snowfall in the plains where summers are
very hot, with an average temperature of 18.6 °C. The
average highest temperature is 40 °C. Precipitation is
high in winter and autumn, and the annual precipitation

is 849.9 mm (General Directorate of Meteorology,
2021).

The northern part of the area is mainly plain covered by
thick alluvial soils, which is the characteristic feature of
the Cukurova region. In the study area, the Ceyhan River
and its tributaries Horu Stream, Karagay, Kesiksuyu
Stream, Sabunsuyu Stream, and Savrun Stream facilitate
irrigation expansion and increase agricultural productivi-
ty. Wheat, peanut, corn, sunflower, soybean, and radish
are the primary agricultural products in the region. Be-
sides, the production of olives for oil, oranges, and cher-
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ries is also important. The city center is located on the
southern border of the plain, but the topography changes
towards the south, where the Amanos Mountains begin.

The Amanos Mountains have a rich vegetation diversity
due to climatic and hydrological factors and soil condi-
tions. As Aytag and Semenderoglu (2011) stated, the
combination of topographic factors and geographical
location have created suitable environments where the
ecological requirements of the Mediterranean, Euro-
Siberian, and Iran-Turan climates are met. Another rea-

son for the vegetation diversity is the Euro-Siberian
penetrations through the high parts of the Amanos
Mountains in the Mediterranean Region. Davis (1971)
explains the Euro-Siberian penetrations through the
Amanos Mountains with a migration route, known as the
Anatolian Diagonal, a corridor between the North Ana-
tolia and the Bolkar and Amanos Mountains (Figure 2).
It indicated that plants migrated south through this corri-
dor during the Pleistocene Glacial periods (Ayta¢ and
Semenderoglu, 2011).
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Fig.2. Phytogeography regions of Turkey and Anatolian diagonal (Gauquelin et al. 2016).

There are three vertical vegetation belts in the Amanos
Mountains. The first belt is characterized by the maquis
and is a secondary vegetation zone formed by the de-
struction of Pinus brutia forests, up to 700-800 m eleva-
tion. The dominant plant species in this belt include
Quercus coccifera, Myrtus communis, Phillyrea latifolia,
Pistacia terebinthus, Calicotome villosa, Erica manipuli-
flora, Cotinus coggyria, Cistus ssp., Smilax aspera,
Clematis cirrhosa, and Cercis siliquastrum. The second
vegetation zone is the Forest Belt, beginning from 120 m
where the forest is not destroyed, or from the end of the
maquis belt where forests are destroyed, ending at the
highest forest boundary (1900 m). Pinus brutia up to 110
m, then mostly Pinus nigra, Quercus cerris, and Fagus
Orientalis forms mixed stands. Lastly, the Upper Forest
Belt starts from the end of the forest boundary (1900 m),
and trees and shrubs cannot survive due to extreme cli-
matic conditions in this zone. The ground is covered
mainly by scrub shrubs (e.g., Acantholimon libanoticum,
Astragalus ssp., Asphodeline globifera, Asphodelus aes-
tivus) and alpine meadows (Provincial Environmental
Status Report, 2019).

Table 1. The characteristics of the images.

Amanos Mountains also has a vibrant wildlife habitat.
For instance, the "Zorkun Wildlife Development Area,"”
3,889.85 hectares of forest area around the Zorkun Plat-
eau, is used for breeding Capreolus capreolus. The other
species in the protected area include mammals such as
Canis sp., Canis aureus, Sus sp., Vulpes vulpes, Hyaena
sp., Lepus europaeus, and Erinaceus sp.; raptors such as
Aegypius sp. and Aquila sp. and birds such as Grus grus,
Alectoris sp., and Coturnix sp. (Tiras and Besnek, 2017).

Data source and image preprocessing

In the study, the Landsat 5 Thematic Mapper (TM) and
Landsat 8- Operational Land Imager (OLI) satellite im-
ages of 1990 and 2021 were used (Table 1). Both data
were acquired from US Geological Survey Explorer. The
data were inbuilt georeferenced to UTM zone 37 North
projection with WGS-84 datum. Before the analysis,
radiometric corrections and image enhancement proce-
dures were executed with ArcGIS 10.7 software.

Acquired Acquired Satellite Sensor Cloud Cover Sun Elevation Sun Azimuth
Date Time (%) (Degree) (Degree)

21.08.1990 07:29:36 Landsat-5 ™ 2.52 55.56 121.89

26.08.2021 08:09:18 Landsat-8 OLlI 1.09 67.18 123.99

Classification of LULC

LULC maps were classified using the supervised classi-
fication method. The supervised classification was pro-
cessed by ArcGIS 10.7. Bands 1-5 and 7 were used for

preparing LULC maps with Landsat 5 —TM images, but
the 6 was excluded because it was a thermal band. The
bands 1-7 were considered for Landsat 8-OLI images.
All the bands were compounded in ArcGIS 10.7 soft-
ware using the image analyst tool, and then data were
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corrected for radiometric and atmospheric distortions.
Landsat 8 imagery with a spatial resolution of 30m was
pan-sharpened using the ESRI method with the 15m
panchromatic bands for better LULC classification.
More than 200 training samples were collected randomly
using the training sample manager tool. The LULC of
the study area was categorized into 5 group: building
area, vegetation, agricultural lands, water body, and bare
lands.

Calculation of NDVI

NDVI describes the vegetation proportion by measuring
the difference in the near-infrared portion of the electro-
magnetic spectrum and red portion of the spectrum
(Aygiin et al. 2016; Malik et al. 2019). Healthy and lush
vegetation absorbs visible light and reflects most of the
near-infrared light. On the contrary, unhealthy vegetation
condition reflects more visible light and less near-
infrared light. NDVI has values ranging from +1 to -1
(+1 for the healthy vegetation and -1 for areas with no
vegetation).

NDVI was calculated in ArcGIS 10.7 using NIR Band 5
and Red Band 4 of the Landsat-8 data and NIR Band 4
and RED Band 3 of the Landsat-5 data as shown in the
equation below (Rogan et al. 2013; Kikon et al. 2016).

NIR — R

NDVI = SR

Calculation of NDBI

NDBI ranges from -1 to +1 and distinguishes built-up
territory from other land uses/land surfaces. Built-up
lands have higher reflectance in MIR than in NIR.
Therefore, the high NDBI values show the built-up are-
as.

NDBI was calculated in ArcGIS 10.7 software using
MIR Band 6 and NIR Band 5 of the Landsat-8 data and
MIR Band 5 and NIR band 4 of Landsat-5 data as shown
in the equation (1) (Zha et al., 2003).

MIR—-NIR
MIR+NIR

NDBI = (1)

Calculation of LST

LST refers to the temperature measured by the remote
sensor (Jin et al., 2011; Sutariya et al., 2022). As the
LST provides essential data about a climate system, the
procedure has been addressed and clarified in many
studies (e.g., Xiong et al., 2012; Asgarian et al., 2014;
Xu and Zhang, 2017; Roy et al. 2020).

In this study, the Landsat 5 images for 1990 and Landsat
8 images for 2021 were used to perform the LST analy-
sis described below:

Step 1: Conversion to Top of Atmosphere (TOA) Radi-
ance: we applied the formula in equation (2) to convert
Thermal Infra-Red Numbers (DN) to TOA values for
Landsat-8 data (USGS, 2019).

TOA = ML * band 10 + F — 0j @)

ML = the band-specific multiplicative rescaling factor=
0.0003342

F =re-scaling factor = 0.1

O; = correction value =0.29.

The formula in equation (3) was applied to the Landsat-5
TM data.

LMAXA-LMINA

TOA = (—
QCALMAX—QCALMIN

) (band 6 — QCALMIN) + LMINA  (3)
Lumaxa= It is the radiance that is scaled to QCALmax
Lmiva= It is the radiance that is scaled to QCALmin
Qcaumin= It is the lowest calibrated value LMIN;
Qcawmax= It is the highest calibrated value LMAX ;

Step 2: Brightness Temperature: Radiance values were
converted to brightness temperature using equation (4)
(USGS, 2019).

K2
T =1

(roa)*t

T= Brightness temperature (°C)
Ki=Calibration constant 1 (Table 2)
K= Calibration constant 2 (Table 2)

—273.15 4)

Table 2. Thermal constant of Landsat TM and OLI thermal imageries.

Sensor Year Band

Constant 1 K1 Constant 2 K2

(Watts/(m?*sr*pm)) (Kelvin)
Landsat 5 1990 Band 6 607.76 1260.56
Landsat 8 2021 Band 10 774.89 1321.08

Step 3: Calculation of LST applying the equation (5)
(USGS 2019).

LST = —

[ )] ©

T= Brightness temperature (°C)

A= Wavelength of emitted radiance =10.8 for band 10
E= Emissivity of land surface

C=14388mK

It is necessary to obtain the Land surface emissivity (E)
to calculate the LST. It refers to the radiating and ab-

sorbing power of a surface in the long-wave radiation
spectrum and generally differs by the land cover charac-
teristics (Sobrino et al., 2008). The equation is shown
below (Weng et al. 2004; Sobrino et al. 2004):

E = 0.004 * Pv + 0.986 (6)
E= Land surface emissivity
Pv= Proportion of vegetation

0.986 is the correction value

To determine the land surface emissivity (E) value, the
vegetation proportion (Pv) parameter equation proposed
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by Carlson and Ripley (1997) is shown below (USGS,
2019):

Pv = (((NDVI — NDVImin))/((NDVImax — NDVImin)))?>  (7)
Pv= Vegetation proportion

NDVlmin= It is the lowest value of NDVI

NDVlmax= It is the highest value of NDVI

Statistical analysis

In the study, linear regression analysis was performed to
reveal the relationship between LST and NDVI, LST and
NDBI, and NDVI and NDBI, as in many other studies
(e.g. Guo et al. 2015; Bakar, 2016; Roy et al. 2020; Das,
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et al. 2021). Therefore, all pixels were converted to
points. Then, the parameter values of these points were
obtained from the LST, NDVI and NDBI maps and
shown in graphics.

Results and Discussions
Land use and land cover change

The land use of Osmaniye central district was catego-
rized into five: water surface, vegetation, bare lands,
agricultural lands, and built-up. Figure 3 shows the spa-
tial distribution of land use in Osmaniye in 1990 and
2021.
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Table 3. LULC and change statistics of Osmaniye

Change in the period of 1990
Land type year 1990 year 2021 and 2021
ha % ha % ha %

Water surface 486.6 0.54 490.59 0.55 +3.99 +0.82
Built-Up 1 466.88 1.63 3787.70 4.21 +2 320.82 +158.21
Vegetation 50 626.06 56.3 48 938.87 54.43 -1 687.19 -3.33
Agricultural lands 10 244.23 11.39 13 368.51 14.87 +3124.28 +30.50
Bare lands 27 094.34 30.13 23 332.44 25.95 -3761.90 -13.88
Total 89 918.11 100 89 918.11 100 - -

Table 3 presents the LULC and change statics. The (-)
minus sign indicates that it has decreased compared to
the previous period, and the (+) plus sign indicates the
opposite. The analysis results showed that between
1990-2021, built-up areas increased significantly from 1.
466.88 ha to 3 787.70 ha by 158%, but bare lands and
vegetation decreased. There was a significant increase of
30% in the number of agricultural lands.

The land use maps provide essential information about
the spatial change in urban regions. In the 1990s, single
or two-story buildings with gardens were mainly located
very close to agricultural lands. However, after the
2000s, the rate of multi-story construction increased, and
the city center was spatially separated from agricultural
areas. As seen in Figure 3, the built-up area has spatially

expanded to the east of Osmaniye between 1990 to 2021.
Although the number of agricultural lands in the city
increased, it indirectly led to a decrease in vegetation
cover. The primary reason for the reduction in vegetation
is the destruction of green areas to open up new agricul-
tural areas. Another reason was the increase in the up-
land settlement around densely covered vegetation.

Due to the high temperatures, especially in summer, a
significant proportion of the urban population lives in
upland settlements in the Amanos Mountains, where the
weather is colder than the city center between May and
October. There are many upland settlements in the vege-
tation of the Amanos Mountains in the south of Osmani-
ye. Therefore, the increasing population in such settle-
ments has destroyed the rich and unique vegetation of
the Amanos Mountains.
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Fig. 4. LST maps for the years 1990 and 2021.

LST

Figure 4 shows the LST maps of the study area in 1990
and 2021. As seen in the figure, the average temperature
in the southern part of Osmaniye was 20-25 °C in the
1990s; it rose to 30-35 °C in this region in 2021 (see
Figure 3 and Figure 4). Similarly, there is a significant
increase in urban settlements’ LST values. Table 4
shows a statistical overview of LST values. In general,
there has been an increase in the maximum and average

36°10'0"E 36°20'0"E 36"30'0"E
| 1 1

3715'0"N
1
1
ITISUN

37100°N
1

1
IT00N

1
750N

A7ROTN
1

LST (2021)
<20
B c0-25
[125-30
B 2035
| EE

300N

36°55'0°N
1

1
3IBEE0'N

| 1 |
3I6100E 38°200"E I6°I00'E

temperature values of the study area over the 30 years.
The average temperature rose from 25.72 °C to 27.00 °C.
Findings from this study show similar results with other
studies investigating the relationship between land use
change and LST (e.g. Xiong et al., 2012; Sahebjalal and
Dashtekian, 2013; Alhawiti and Mitsova, 2016; Sharma
and Joshi, 2016; Bakar et al., 2016; Roy et al., 2020; Das
etal., 2021).

Table 4. A statistical overview of the LST values for Osmaniye City

Min. Max. Average Standard deviation
1990 16.56 36.44 25.72 0.37
2021 16.47 40.56 27.00 0.59

NDVI

The normalized difference vegetation index (NDVI)
identifies and monitors vegetation (Sahebjalal and
Dashtekian, 2013; Malik et al., 2019; Akyiirek, 2020;
Maskooni et al. 2021). Several studies also investigate
the effects of NDVI on the urban heat island (UHI) (e.g.
Li et al., 2009; Petropoulos et al. 2014; Kumar and
Shekhar, 2015; Jamei et al. 2019; Malik et al., 2019;
Maskooni et al. 2021). Negative NDVI values corre-
spond to the water surface, and the values close to zero
to the soil, bare lands, or residential areas. As the
Petropoulos et al. (2014) stated that the values between
0.1 and 0.75 generally indicate vegetation cover.

NDVI maps are shown in Figure 5. The lowest values
showed bare lands and buildings. However, as empha-
sized by Khanal et al. (2019), Ma et al. (2019), and
Maskooni et al. (2021), it is tough to distinguish bare
lands and built-up areas by using NDVI values. The

NDVI value of above 0.1 corresponds to the vegetation
cover. Similarly, as Sahebjalal and Dashtekian (2013), in
this study, the values of NDVI were categorized as low
(0.1 - 0.2), medium (0.2 - 0.3), high (0.3- 0.4), and very
high (0.4-...). As shown in Figure 5, the most drastic
changes mainly occurred in three regions. The first re-
gion was the Osmaniye city center, where NDVI values
decreased significantly. The changes in the agricultural
lands in the north and the highland settlements in the
south were also evident. Especially the upland settle-
ments in the Amanos Mountains, which have rich vege-
tation cover, led to a decline in vegetation across the
study area.

Table 5 shows the NDVI density classes in 1990 and
2021, and Table 6 gives a statistical summary of NDVI
values. As shown in Table 5, there were decreases in
low, medium, and high-density classes, but a very high
increase occurred in built-up areas.
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Fig. 5. NDVI density map of 1990 and 2021.
Table 5. The NDVI density classes between 1990 and 2021.

<0.1 2273.77 2.50 4 597.96 5.13 +2 324.19 +102.21
Low (0.1-0.2) 21945.27  24.45 20 479.93 22.77 -1 465.34 -6.67
Medium (0.2-0.3) 19976.66 22.21 18 942.73 21.06 -1033.93 -5.17
High (0.3-0.4) 28 802.85 32.03 29 592.86 32.91 +790.01 +2.74
Very high (>0.4) 16 919.59 18.81 16 304.66 18.13 -614.93 -3.63
Total 89 918.14 100 89 918.14 100 - -
Table 6. The statistical summari of NDVI values for Osmaniie Citi.

1990 -0.24 0.62 0.21 0.13

2021 -0.15 0.61 0.32 0.12

NDBI

NDBI has been applied in many studies as it helps dis-
tinguish the built-up areas from other land uses and land
cover (Zha et al., 2003; Chen et al., 2006). The NDBI
density maps are given in Figure 6 and statistical data are
shown in Table 7. Ranagalage et al. (2018) stated that
the negative NDBI values correspond to vegetation,
small positive values to bare lands, and significant posi-

tive values to built-up areas. However, the NDBI values
indicating residential differed in some studies (e.g. Xu
and Zhang 2017; Jamei et al. 2019; Balew and Korme
2020; Maskooni et al., 2021). In this study, the NDBI
value representing the built up areas was 0.09 for the
year 1990 and, 0.12 for the year 2021. The reason for
such an increase in NDBI value was the decline in vege-
tation and the increase in residential areas, which over-
laps with the findings of Maskooni et al. (2021).

Table 7. A statistical summari of NDBI values for Osmaniie Ciﬁ

1990 -0.25 0.41 0.08 0.13
2021 -0.43 0.36 -0.16 0.11
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Table 8. Correlation matrix of the parameters

the year 1990
LST NDVI NDBI
LST 1 -0.5834 0.6395
NDVI -0.5834 1 -0.7287
NDBI 0.6395 -0.7287 1

the year 2021
LST NDVI NDBI
LST 1 -0.5076 0.6029
NDVI -0.5076 1 -0.8574
NDBI 0.6029 -0.8574 1

The Relationship of LST vs. NDVI, LST vs. NDBI
and NDVI vs. NDBI

The correlations between LST and NDVI, LST and
NDBI, NDBI and NDVI are shown in Figure 7. The
value matrix is presented in Table 8.

As seen in the figure above, there is a negative relation-
ship between NDVI and LST values between 1990 and
2021. Similarly, several studies conducted in different
countries concluded that the land surface temperature
increased with the decreases in the vegetation cover (e.g.
Zhang et al., 2009; Kumar and Shekhar, 2015; Alhawiti
and Mitsova, 2016; Sharma and Joshi, 2016; Guha et al.,
2018; Malik et al., 2019; Maskooni et al. al. 2021).

In this study, it was also examined how the changes in
NDBI affected the NDVI values. As a result, it was de-
termined that there is a negative relationship between
NDBI and NDVI. Roy et al. (2020) similarly indicated
that the growth of urban areas led the green areas to turn
into gray/constructed areas.

Conclusion

In this study, LST values of 1990 and 2021 were ana-
lyzed in order to determine the change in the urban heat
effect in Osmaniye over 30 years. The study results
showed that the average temperature of Osmaniye city
was 25°C in 1990, but it rose to 27°C in 30 years. In
order to determine the spatial changes in the LST values,
LULCC maps for 1990 and 2021 were formed.

As a result of the LULCC maps, it was found that the
land use of Osmaniye district had changed rapidly from
1990 to 2021 due to urbanization and agricultural and
industrial practices. It mainly stemmed from the admin-
istrative change in Osmaniye, which used to be a district
of Adana until 1996. It was governed as a province after
1996. The governance shift has led to the construction of
multi-story buildings in the city center, where there used
to be single or two-story structures closely located near
agricultural lands. The residential areas have been com-
pletely separated from the agricultural lands and expand-
ed towards the east of our study area, which resulted in a
158% increase in impervious surfaces. Besides, the in-
creasing population in upland areas has destroyed the
forests in the Amanos Mountains, which have rich flora.

When considering the LULCC and the increasing LST in
Osmaniye, it was found that the highest temperature
increases experienced in impermeable surfaces such as
urban areas and bare lands. It showed that LST was
correlated with LULC. A description of the correlations
between LST and ground surface characteristics allows
us to take effective measures to reduce the UHI effect.
Therefore, it was also aimed to determine the factors

related to the LST. For this purpose, NDVI and NDBI
analysis were performed and made a linear regression
analysis to describe LST correlations.

The study results showed a negative relationship be-
tween LST and NDVI, implying that the land surface
temperature was lower in surfaces with dense vegetation.
It was a strong negative relationship: R?=-0,5834 and
R2=-0,5076 for the years 1990 and 2021, respectively.
The significant negative correlation between NDVI and
LST indicates that healthy vegetation lowers the surface
temperature.

A strong positive correlation between LST and NDBI
was determined, which justifies higher temperature val-
ues in dense urban areas and bare lands. Also strong
negative correlation between NDBI and NDVI was de-
termined in this study.

As similarly emphasized in some studies (e.g. Weng et
al. 2004; Huang et al. 2008; Sahebjalal and Dashtekia,
2013; Ahmad et al. 2022), the attempts to increase the
vegetation cover would be simple but effective measures
to limit the UHI effect and prevent the harmful conse-
guences of climate change. Hence, in order to reduce the
negative effects of UHI in the central district of Osmani-
ye, urban green areas should be increased, green roof
systems should be encouraged and the green belt ap-
proach should be adopted throughout the city.

Amanos Mountains are one of the rare regions in the
world rich in plant species and diversity in addition to
the relict and endemic species such as Pinus brutia and
Fagus orientalis, which have significantly different
ecological demands. Therefore, as Ayta¢ and Semen-
deroglu (2011) stated, forest destruction due to the in-
creasing upland settlements in the Amanos Mountains
should be prevented. The wildlife protection area status
is not legally sufficient to prevent excessive construction
in the region. Thus, a protected area status that would not
allow construction or limit construction in such areas
should be declared to protect the area.
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