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Keywords Abstract
Land Surface In recent years, the formation of urban heat islands occurring both depending on urban
Temperature structuring and human activities has been the focus of attention of many researchers. In
Normalized Building particular, remote sensing data has been widely used in this type of research. Because
Difference Index with the development in satellite and remote sensing technologies, satellite sensors that
Landsat 8 OLI-TIRS detect at different spatial, spectral, and radiometric resolutions not only enable the
determination of land use classes on the Earth's surface but also allow the determination
Research Article of the land surface temperature. In this study, Landsat 8 OLI-TIRS images of 2018 were
Received: 16.11.2021 used to determine the urban area and land surface temperature. Urban areas were
Revised: 12.12.2021 determined by applying Normalized Building Difference Index (NDBI) to the Short-Wave
Accepted: 19.12.2021 Infrared (SWIR) and Near Infrared (NIR) bands of the Landsat 8 OLI sensor. Thermal
Published: 30.12.2021 Infrared (TIR) bands of the Landsat 8 TIRS sensor were used to determine the land

surface temperature (LST). According to the results obtained, the lowest average
temperature value is 22 °C in the Adalar district and the highest average temperature
value is 33 °C in the Gaziosmanpasa district, and there is a positive 76% linear
relationship between the urban object ratio and the land surface temperature.

1. Introduction

It is known that urban areas with dense impermeable surfaces such as buildings or roads have an impact on
climate at different scales. Therefore, urban areas tend to offer a higher temperature compared to the surrounding
rural areas.

Today, the increasing availability of images from Landsat series satellites on a global scale has enabled both
periodic and high spatial resolution analysis of the relationship between urban growth dynamics and land surface
temperature. To make this comparison correctly, first of all, it is necessary to determine the urban areas from
satellite images with high spatial accuracy. For this purpose, different algorithms designed to determine urban
areas with high spatial accuracy have been proposed in the literature. Some of those; Urban Index (UI) [1], Bare
soil index (BI) [2], Normalized Difference Bareness Index (NDBal) [3], Index-based building index (IBI) developed
to determine the characteristics of built-up areas from satellite images [4], and Enhanced Built-Up and Bareness
Index (EBBI) developed to map built-up and bare land in an urban and urban area [5], have been employed in
various studies. These indices are widely adopted for monitoring urban growth, given their relative simplicity and
easy implementation. The basis of these algorithms is that urban areas have a higher reflection response in the
short wavelength infrared (SWIR) wavelength range of the Electromagnetic spectrum compared to green, red, and,
near-infrared (NIR) ranges.

31


http://publish.mersin.edu.tr/index.php/arsej
mailto:gulcansarp@sdu.edu.tr
mailto:emrebay07@gmail.com
mailto:firdevsguzel3@gmail.com
https://orcid.org/0000-0002-5021-4918
https://orcid.org/0000-0002-5330-103X
https://orcid.org/0000-0002-3502-4745
https://orcid.org/0000-0002-0374-2654

Advanced Remote Sensing, 2021, 1(1), 31-37

Land Surface Temperature (LST) is widely used in hydrology, meteorology, geography, urban heat islands,
forest fires, hydrological modeling on a regional and global scale [6-7]. In studies conducted to determine land
surface temperature and urban heat island formations. With the developments in remote sensing technologies,
satellite sensors that detect in the thermal infrared region of the electromagnetic spectrum are used as an
information source for determining the surface temperature. Landsat series satellites of them are often preferred
among researchers because they have sensors that shoot in the Thermal Infrared (TIR) region. Taha [8]
determined the causes and effects of the formation of urban heat islands. Jiang and Tian [9], on the other hand,
investigated the effects of land change and land use on land surface temperature using the thermal bands of
Landsat ETM+ satellite imagery. Bokaie et al. [10] evaluated the urban heat island in Tehran based on the
relationship between land use and land surface temperature. Sarp [11] investigated the relation between LST and
vegetation relation based on Landsat TM5 data and found a significant inverse relationship between the LST and
vegetation. Erener and Sarp [12] evaluated the environmental effects of the dams in their study and tested the
relationship between vegetation, surface humidity, and surface temperature distributions in these areas
statistically. Sarp et al. [13] evaluated industrialization effects on urbanization and urban heat island formation
and found a strong relationship between industrialization, urbanization, and heat island formation. Zhang et al.
[14] evaluated the changes in LST of the Ebinur lake between 1998 and 2011 and stated that the Landsat image is
valuable data to estimate the relationship between LST and land cover factors. Temurgin et al. [15] evaluated the
urban heat island formations through the structural differences in the morphology of the Istanbul city. In the study,
they observed that the urban heat island effects increase in areas with high building density in the horizontal and
vertical directions and that the urban heat island values increase by 1-2 °C in areas where the vertical structuring
is intense compared to the surrounding areas.

In this study, the relationship between land surface temperature and urban areas obtained from Landsat 8 OLI
(Operational Land Imager) and TIRS (Thermal Infrared Sensor) satellite images were tried to be evaluated for the
province of Istanbul. The difference of this study from previous studies is the use of images from the same satellite
in determining both urban areas and land surface temperature, as well as a statistical comparison of urban object
density and land surface temperature values on a district basis.

2. Material and Method

The image of the Landsat 8 OLI-TIRS satellite was used in the study, dated April 23, 2018, was downloaded free
of charge from the United States Geological Survey (USGS) website [16]. Landsat 8 satellite has 2 sensors, OLI and
TIRS. This satellite receives images in the Visible, Near Infrared (NIR), Short Wave Infrared (SWIR) and Thermal
Infrared (TIR) ranges and has a spatial resolution of between 15 and 100 meters depending on the spectral range
[7]. The technical specifications of the Landsat 8 OLI- TIRS satellite are given in Table 1 [7].

Table 1. Technical Specifications of Landsat 8 OLITIRS satellite

Bands Spectral Range (micrometers) Resolutions (m)
Band 1 Costal Aerosol 0.43-0.45 30
Band 2 Blue 0.45-0.51 30
Band 3 Green 0.53-0.59 30
Band 4 Red 0.64 - 0.67 30
Band 5 Near InfraRed 0.85-0.88 30
Band 6 Short Wave Infrared (SWIR1) 1.57-1.65 30
Band 7 Short Wave Infrared (SWIR2) 211-2.29 30
Band 8 Panchromatic 0.50-0.68 15
Band 9 Cirrus 1.36-1.38 30
Band 10 Thermal Infrared 10.60-11.19 100
Band 11 Thermal Infrared 11.50-12.51 100

The method of the study consists of four different stages. In the first stage, Normalized Building Difference
Index (NDBI) was obtained from the SWIR and NIR bands of the Landsat 8 OLI sensor, and the Normalized
Vegetation Difference Index (NDVI) was obtained from the NIR and R bands of the Landsat 8 OLI sensor. In the
second stage, NDBI and NDVI imageries are converted to binary classes with the help of natural breaks Jenks
algorithm. In the third stage, the Land Surface Temperature (LST) was obtained from the TIR (band 10) of the
Landsat 8 TIRS sensor. In the last stage, the relationship between the urban object ratios in each district area and
the LST was evaluated with the Pearson linear correlation.

2.1. Normalized Difference Built-Up Index (NDBI)

For the identification of urban areas from Landsat 8 OLI-TIRS satellite images, Normalized Building Difference
Index (NDBI) proposed by Zha et al. [17] was used. The main purpose of developing this index is to highlight urban
areas with higher reflectance in the short-wave infrared (SWIR) region and lower in the near-infrared (NIR)
region. NDBI is calculated using the Equation 1.
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NDBI=((SWIR-NIR))/((SWIR+NIR)) (1)

In the resulting image (Figure 1a), NDBI values vary between -1 and +1, values close to +1 correspond to areas
with urban objects (buildings, roads, etc.), while values close to -1 correspond to green areas and soil areas where
there is no settlement.

Since only urban objects are dealt with in this study, NDBI results are converted into binary classes
representing residential areas (1) and other areas (0) with the natural breaks Jenks algorithm (Figure 1b). In the
resulting image, residential areas representing urban objects could be determined up to 30 m in spatial resolution
provided by Landsat 8 OLI satellite.

To determine the urban object ratio on a district basis, the urban object ratios were calculated by districts,
taking into account the number of values represented by 0 and 1 within each district boundary (Table 2).
According to the results obtained, the districts with the highest rate of urban objects are Giingéren with 52%,
Gaziosmanpasa with 45%, and Sisli with 42%. The districts with the lowest rate of urban objects are Sile with 2%,
Cekmekoy, Adalar, and Beykoz districts with 3%.

Il Urban Areas
[ other Areas

I Other Areas

10 20 0 [] Vegetated Areas

Figure 1. Normalized Building Difference Index (NDBI) Result (a); The result of the Jenks algorithm applied to the
NDBI (0 (other areas) and 1 (urban areas)) (b); Normalized Difference Vegetation Index (NDVI) Result (c); The
result of the Jenks algorithm applied to the NDVI (0 (other areas) and 1 (vegetated areas)) (d).

Table 2. Urban object ratios by districts

District Name Building Density by Districts (%) District Name Building Density by Districts (%)
Sile 2 Cekmekoy 3
Bagcilar 31 Giingdren 52
Kagithane 24 Arnavutkoy 6
Besiktas 17 Esenler 24
Fatih 39 Zeytinburnu 29
Kadikoy 30 Umraniye 24
Kiiciikcekmece 15 Sultanbeyli 20
Adalar 3 Bahcelievler 38
Esenyurt 21 Sultangazi 12
Gaziosmanpasa 45 Sariyer 4
Bakirkdy 13 Tuzla 8
Beylikdiizii 8 Atasehir 22
Bayrampasa 29 Basaksehir 6
Biiyiikcekmece 7 Beykoz 3
Eylipsultan 5 Sancaktepe 10
Sisli 42 Avcilar 14
Uskiidar 22 Silivri 8
Kartal 20 Maltepe 14
Beyoglu 40 Pendik 9
Catalca 4
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2.2. Normalized Difference Vegetation Index (NDVI)

The NDVI index is a measure of the amount and vitality of surface vegetation. Considering that green vegetation
containing chlorophyll reflects well in the near-infrared (NIR) part of the spectrum and absorbs well in the red (R)
wavelength range in the visible region, the NDVI is calculated using Equation 2 [18].

NDVI=(NIR-R)/(NIR+R) (2)

The NDVI result obtained is presented in Figure 1c. In this figure, NDVI values vary between -1 and +1, and
values close to +1 represent areas with active vegetation and low (near-zero or negative) values indicate other
types of materials [19]. To determine only the green areas from the NDVIimage, the natural breaks Jenks algorithm
was applied to the NDVI results. The resulted binary images indicating 0 (other areas) and 1 (vegetated areas)
were given in Figure 1d.

2.3. Land Surface Temperature (LST)

The thermal band (Band 10) of the TIRS sensors of the Landsat 8 satellite was used to obtain the LST values.
For the LST analysis, firstly, the numerical values (DN) were converted into spectral reflectance values using
Equation 3 (4).

(LMAXK — LMINK)
"~ (QCALMAX — QCALMINK)

x (DN — QCalmin) + LMink (3)

In this formula; LA shows the spectral radiance value, DN shows the numerical cell values, Lmin and Lmax show
the minimum and maximum spectral reflectance values in the thermal band, QCalMin, and QCalMax show the
calibrated minimum and maximum cell values [20]. Equation 4 was used to convert the obtained spectral
reflectance values to temperature values.

K>

()1 2

T =

where, T represents the temperature value in Kelvin, and K1 and K2 are the calibration constants of the TIR
band. In this case, K1 and K2 constants for the Landsat 8 TIR band 10 are 774.89 and 480.89, respectively.

The obtained land surface temperature distribution is shown in Figure 2. In this figure, the temperature
distributions in the study area vary between 12.77 °C and 48.67 °C. Areas with high temperatures generally
correspond to areas with dense urban objects, while areas with low land surface temperature generally
correspond to wetlands and green areas obtained as a result of NDVI.

Considering the averages of LST values on a district basis (Table 3), it was determined that the lowest average
temperature value was 22 9C in the Adalar district and the highest average temperature value was 33 °C in
Gaziosmanpasa district.

Figure 2. Land Surface Temperature Map (LST)
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Table 3. Descriptive statistics of Land Surface Temperature (LST) by districts

R Min Max Mean I Min Max Mean
District Name ©C) C) ©C) District Name ©C) ©C) ©C)
Sile 16 37 26 Cekmekoy 17 36 26
Bagcilar 25 39 31 Glingéren 27 35 31
Kagithane 24 36 31 Arnavutkdy 15 47 27
Besiktas 16 33 27 Esenler 24 36 30
Fatih 16 35 29 Zeytinburnu 18 36 29
Kadikoy 15 38 28 Umraniye 22 43 30
Kiigiikgekmece 17 39 29 Sultanbeyli 21 36 30
Adalar 16 30 22 Bahgelievler 24 38 30
Esenyurt 23 44 31 Sultangazi 19 37 29
Gaziosmanpasa 26 37 33 Sariyer 14 37 26
Bakirkdy 17 42 28 Tuzla 17 41 28
Beylikdiizii 17 41 28 Atasehir 22 44 30
Bayrampasa 25 46 32 Basaksehir 21 41 28
Biiyiikcekmece 17 42 27 Beykoz 14 36 26
Eyiipsultan 18 38 27 Sancaktepe 19 35 28
Sisli 24 35 30 Avcilar 18 37 28
Uskiidar 17 34 28 Silivri 17 45 28
Kartal 18 38 28 Maltepe 20 36 27
Beyoglu 14 35 30 Pendik 17 40 27
Catalca 16 38 27

2.4. Evaluation of the relationship between land surface temperature and urban object ratio with pearson
linear correlation

Correlation is a measure of the relationship between two variables. A change in the size of one variable in
related data is related to the size of another variable in the same or opposite direction. This relationship value can
vary between -1 and +1. Values close to -1 mean that the relationship is negative, and values close to +1 mean that
the relationship is strong and positive [21].

The relationship between the two variables is determined by the Pearson Linear Correlation coefficient [22].
This correlation coefficient was developed by Karl Pearson (1857-1936). The Linear Correlation coefficient is
given in Equation 5 [23].

L nCx)-COEY -
T = )M Ty — € 9)7]

Where r is the Pearson Coefficient, }'xy is the sum of the product of the paired data, }'x and }y are the sums of
data, ¥ x% and Y y? are the sums of the squares of the data.

In this study, the averages of the land surface temperatures obtained in the districts and the percentage
distributions of the urban object ratios in the districts were evaluated with the Pearson linear correlation method.
According to the results obtained, the r value is 0.76. This value indicates that there is a positive relationship
between these two variables.

3. Results and Discussions

As aresult of the study, the building densities falling within each district boundary and the temperature values
within the district boundaries were compared. According to the districts, the average surface temperature is the
lowest at 22 °C, and the highest temperature is 33 °C. The district with the lowest temperature is Adalar, and the
district with the highest temperature is Gaziosmanpasa. When we look at the urban object ratios of the districts,
the highest urban object ratio is Giingdren district with 52%. The district with the lowest rate of urban objects is
Sile with 2%.

The positive linear relationship between urban object ratios and surface temperatures is 76%. When the NDVI
results are compared with the LST distributions, it is observed that the LST distributions show high values not
only in urban areas but also in bare lands [24]. Urban areas, pavements, asphalt, buildings, etc., absorb and retain
heat. surfaces are exposed to higher temperatures due to one reason for having high-temperature values for bare
land is that most bare areas are devoid of vegetation. This leads to an increase in the amount of thermal energy
emitted by the bare ground and hence an increase in temperature [24]. Green areas in urban areas have a positive
effect on land surface temperature in terms of reducing the effect of urban heat island formation. Especially in
these areas, the cooling effect through shadow and evaporation helps to regulate the urban climate and reduce the
effect of the urban heatisland [13,25]. In the study, urban and vegetated areas were extracted from 30 m resolution
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bands. On the other hand, LST was extracted from a 100 m resolution thermal band. Therefore, the comparison
was made with air temperature, which is different and can sometimes result in big differences [26]. Rapid changes
in environment may adversely affect ecosystem [27]. As a result, the increase in vegetation and wetlands caused a
decrease in LST values, while the building density in urban areas caused an increase in LST values and vice versa
[14]. In the study, this situation was also confirmed by Pearson Linear Correlation.

4. Conclusion

This study described the relationship between land surface temperature and urban area, in Istanbul which is a
densely urbanized city of Turkey. In the study urbanization density and LST are taken into account at the district
base and the building densities falling within each district boundary and the temperature values within the district
boundaries were compared. According to the districts, the average surface temperature is the lowest at 22 °C, and
the highest temperature is 33 °C. The district with the lowest temperature is Adalar, and the district with the
highest temperature is Gaziosmanpasa. When we look at the urban object ratios of the districts, the highest urban
object ratio is Giingdren district with 52%. The district with the lowest rate of urban objects is Sile with 2%.

The comparison reveals that, the positive linear relationship between urban object ratios and surface
temperatures, which amount is 76%. On the other hand, the spatial comparison of vegetation areas and urban
areas with the LST distributions revealed that the LST distributions show higher temperature values in both urban
and bare land.
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