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Abstract 

Temporal Sea Surface Temperature (SST) analyses by satellite images are quite vital in terms of understanding the sea water quality. 

Specific water quality criteria include dissolved oxygen, chlorophyll, temperature, depth, pH, salinity, and turbidity, and these criteria 

are used to determine water quality in seas. In the current study, three criteria which are chlorophyll, temperature (SST) and turbidity 

were examined through their correlation with SST derived from Landsat sensors. This let to know about the examined criteria at 

minimum and maximum temperature dates, the relation with respect to temperature change rates, and to understand the events that 

occur in certain dates. The regular or irregular increases of the detected SST are evidence of sea water quality or pollution resulted 

from the criteria in the study area. Therefore, first turbid water which contains a high amount of suspended sediment was studied. 

After the turbidity index was completed, the Chlorophyll study was carried out to detect the algae like substances. The aims of the 

study are to evaluate the temporal change of water quality in coastal region of Izmir province, using spectral indices, and to 

contribute to the development of more sensitive qualitative index algorithms in the future. The purpose of the correlation analysis 

performed after the indices are processed is to show that the SST and index results are compatible with each other. At the end of the 

study, high correlation coefficients revealed the positive relationship between SST and indices. 
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Introduction 

We know that sea surface temperature data was collected 

by in situ measurements with ships in the past, nowadays 

we can acquire such data through Remote Sensing 

technology without going to study area (Thomas et al., 

2002). LANDSAT sensors acquire surface temperature 

data and store it as Digital Numbers (DNs) (Tarantino, 

2012). The thermal bands of the Landsat satellite are 

used to estimate the water temperature (Xing et al., 

2006). Thermal bands differ according to the band 

combination of each satellite, while the thermal band is 

sixth band (10.4 – 12.5µm) for Landsat 5, it is known as 

tenth (10.6 – 11.19µm) and eleventh (11.5 – 12.51µm) 

band for Landsat 8. The resulting SST data represent the 

skin temperature of the water which is less than 1 mm of 

the uppermost water layer (Xing et al., 2014). SST 

output maps also provide answers to some questions; 

‘Does the region has a consistent feature of SST 

climatology?', 'Is there a homogeneous SST?' (Tarantino, 

2012). At the end of the study, a regression analysis 

examining the correlation equation and correlation 

coefficient should be performed to look at the correlation 

(relationship) of the SST with other indices. The fact that 

the mentioned correlation coefficient is close to 1 is 

proof that the study was conducted with consistent 

indices.  

One of the main contributions of this study is to provide 

an understanding of the definition of "clean surface clean 

bottom" for all seas. What is meant by this definition is 

that sea surface information gives us some ideas about 

the situation under the sea. In other words, sea surface 

temperature allows us to see the big picture under the 

sea. In addition to all these, since marine pollution 

lowers dissolved oxygen, life in the water changes and a 

large number of sea creatures are negatively affected, 

and may even die (Alshaikh, 2016). The irregularity of 

these deaths is closely related to serious issues such as 

the extinction of sea creatures. Wastewater and dirt that 

results as decrease of dissolved oxygen level in sea cause 

a noticeable increase in sea surface temperature (SST). 

Unfortunately, many aquatic organisms are very 

sensitive to small temperature changes as little as one 

degree Celsius (Alshaikh, 2016). In addition, as the sea 

temperature increases, the evaporation rate also 

increases, which causes more water wastage and 

condensed mineral  contents in sea water (Tarantino, 

2012). 

As suspended particles in the water increase, the 

turbidity level of the water also increases. Increasing 

turbidity causes the red band to reflect more than the 

green band (Rahman et al., 2011). These bands and 

combinations are regularly used to detect turbidity and 

suspended sediments in water bodies (Baughman et al., 

2015). Turbidity Indices allow detection of high turbidity 

(low clarity) water cover information (Gardelle et al., 

2010). Turbidity has a correlation with suspended matter 

as water turbidity is a sign of sedimentation processes. 
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They create a fruitful environment for chlorophyll (Lai et 

al., 2021). Therefore, chlorophyll prediction is 

considered an indication of the nutritional status of the 

water body (Patra et al., 2016). Chlorophyll in water is 

an important indicator of phytoplankton biomass 

(Tepanosayn et al., 2017; Gazi,oğlu, 2018). The presence 

of phytoplankton in the sea causes selective absorption 

of light by chlorophyll-pigment and causes the color of 

the sea to change. In addition, chlorophyll-a 

concentrations are indicators of algae biomass (Tan et 

al., 2017; Acar et al., 2021). One of the primary concerns 

for all is the algae bloom in the seas. Therefore, 

understanding of Chlorophyll is critical for marine life 

(Gazioğlu, et al., 2022).  

Therefore, the aim of this study was to reveal the impact 

of human activities in the Aegean coastal sea regions 

close to the coasts of Aliağa and İzmir. Such activities 

can increase sea temperatures and turbidity in the region. 

The study analyzes these conditions in focused regions 

of the Aegean Sea using Remote Sensing Techniques. 

As it can be understood, since it creates pollution by 

reducing the amount of oxygen in sea water, the increase 

in temperature and turbidity in the sea triggers the 

increase of chlorophyll-a, which creates a productive 

environment for harmful marine plants to grow. 

Therefore, it is important to temporarily monitor these 

variables in order to keep our marine resources safe and 

sustainable. The temporal analyzes made possible by 

Remote Sensing and used here in this study are superior 

to other classical in situ techniques as they rely on 

labour-intensive fieldwork. 

Materials and Methods 

Data acquisition 

Landsat satellite data can be downloaded from the Earth 

Explorer USGS site at no cost. In addition, path / row 

information can be entered to quickly access the study 

area. The path / row value of current study area is 

181/33. For the sake of clearer and cloudless satellite 

images it was preferred to download images with 'less 

than 10% cloud cover'. Downloading satellite images 

from the summer months when the sky is the cleanest 

will provide a more sensitive study (Xing et al., 2014). 

In the study, totally 8 satellite images were downloaded 

between 1998-2018. As shown in Table 1, five satellite 

images were obtained as Landsat 5 and three satellite 

images as Landsat 8 data. Data properties which is valid 

for all images are Image Quality: 9, Map Projection: 

UTM, Map Datum: WGS84, Map Ellipsoid: WGS84, 

Pixel Size: 30×30. Details of the satellite images are 

available in Table 1. 

Table 1. Data acquisition dates of Landsat 5 and Landsat 8 satellites with the same path/row information. 

Data Dates Data Type Spacecraft ID Sensor ID Path/ Row 

July 28, 1998 LT05 Landsat 5 TM 181/33 

July 20, 2001 LT05 Landsat 5 TM 181/33 

August 13, 2004 LT05 Landsat 5 TM 181/33 

August 22, 2007 LT05 Landsat 5 TM 181/33 

August 14, 2010 LT05 Landsat 5 TM 181/33 

August 6, 2013 LC08 Landsat 8 OLI 181/33 

July 13, 2016 LC08 Landsat 8 OLI 181/33 

July 3, 2018 LC08 Landsat 8 OLI 181/33 

Fig. 1: Study area with Earth Explorer USGS basemap. 
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Study area 

Section of the Aegean Sea between 41
o 

- 35
o
 north 

latitudes, and 23
o
 - 27

o
/ 28

 o
 east longitude was selected 

as study area. It is approximately 660 km long from 

north to south; its width is 270 km in the north, 150 km 

in the middle and 400 km in the south. The surface area 

of the Aegean Sea, which joins to the Marmara Sea and 

the Black Sea through the Dardanelles, is about 214,000 

km
2
. The Aegean Sea is ranked third in size in the seas 

surrounding Turkey. It is the main way for petroleum 

products transported over the Black Sea to reach the 

world market. The Aegean Sea reaches to the 

Mediterranean Sea at the south, and extends to the shores 

of the two countries at the east and west respectively, 

Turkey and Greece. There are quite a number of islands 

and islets in the Aegean Sea. Sea water temperatures 

generally increase from north to south. This increase is 

more pronounced in winter. Although the Aegean Sea is 

rich in oxygen, it is poor in phosphate and nitrate. The 

study area in the Aegean Sea, where scientific research 

has intensified on sea pollution and other issues, is 

shown as in Figure 1. 

Data Processing 

Computation of SST (in Celsius) 

Thermal bands consist of Digital Number (DN) values 

because satellite images store analog physical values 

(temperature, color, etc.) as Digital Numbers (DN) to 

minimize storage volume (Alshaikh, 2016). It is 

necessary to create a model to convert these DNs in 

thermal image to Temperature values and here this 

model is designed with the Model Maker tool in ERDAS 

Imagine software. 

The conversion of DN values to temperature values can 

be completed with following three-step conversion;  

 -Digital Number to Radiance,

 -Radiance to Brightness Temperature,

 -Conversion from Kelvin Degree into Celsius

Degree,

Finally, if it is necessary, Cloud removal and Cloud 

Shadow Mask processes should be followed. 

Conversion from Digital Number to Radiance 

The formula used for Landsat 5 is as follows; 

Lλ = ((LMAXλ - LMINλ) / (QCALMAX - QCALMIN)) 

× (QCAL - QCALMIN) + LMINλ  (Eq.1) 

where Lλ: cell value as radiance 

QCAL: digital number 

QCALMIN: minimum quantized calibrated pixel value 

QCALMAX: maximum quantized calibrated pixel value 

LMINλ: spectral radiance scales to QCALMIN 

LMAXλ: spectral radiance scales to QCALMAX. 

In Landsat 8, gain and bias values are used to convert 

DN to radiance; 

Lλ = gain × DN + bias (Eq.2) 

where Lλ: cell value as radiance 

DN: cell value digital number 

gain: gain value for a specific band 

bias: bias value for a specific band. 

Conversion Radiance into Brightness Temperature 

Radiance should be converted to brightness temperature 

using the thermal constants in the Metadata file (MTL 

file) that is downloaded with the Satellite images 

(Corumluoglu & Asri, 2015), 

T = K2 / ln ((K1 / Lγ) + 1)  (Eq.3) 

where T: brightness temperature in Kelvin 

K1 and K2: thermal conversion constant 

Lγ: radiance value. 

MTL file showing some details (mission and calibration 

details) and expressions (radiance, reflectance, and 

temperature expressions) of satellite images can be 

examined with Landsat Tools V1.0.34 software. 

Equations (1), (2), and (3) describe which mathematical 

parameters the model uses in the background to convert 

DN values to temperature values. Celsius value can be 

obtained by subtracting 273.15 °K from the result. 

ArcMap 10.4 software was used to color the sea surface 

temperature (in Celsius) results. Images whit many 

information, such as temperature variations between 

years, places with high and low temperatures, are shown 

in Figure 2. 

Indices 

Index methods are mostly used for several purposes on 

surface water estimations which they separates the water 

quality contents from background noises and threshold 

values can then be used for highlighting (Acharya et al., 

2017). Two types of indices were used in this study; the 

first one is for turbidity, and the second is for 

chlorophyll. The most important part in this process is 

obtaining the reflectance values (Corumluoglu, 2021).  

The conversion of DN values to reflectance values can 

be completed in these three steps; 

 -Conversion from Digital Number to Radiance,

 -Conversion from Radiance to Top of

Atmosphere (ToA) Reflectance

 -Conversion from Top of Atmosphere (ToA)

Reflectance to surface reflectance

Finally, if it is necessary, Cloud removal and Cloud 

Shadow Mask processes should be followed. 

The 'DN to Radiance' conversion step is similar with the 

step described in the ‘Computation of SST’ section. 

Landsat 8 can also be converted directly to the Top of 

Atmosphere (ToA) reflectance value without calculating 

radiance. Therefore, there is no "DN to Radiance" 

conversion step for Landsat 8. 

Kayalık and Çorumluoğlu / IJEGEO 9(4):035-045 (2022) 
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Fig. 2: SST maps within the range of min. 15 and max. 28 degrees. 
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Conversion from Radiance to ToA Reflectance 

The formula used for Landsat 5 is as follows; 

ρλ = π × Lλ × ((d^2) / ESUN λ) × cosΘs (Eq. 4) 

where ρλ: Unitless planetary reflectance 

Lλ: spectral radiance 

d: Earth-Sun distance in astronomical units 

ESUN λ: mean solar exoatmospheric irradiances 

Θs: solar zenith angle. 

In Landsat 8, DN’s can be converted to ToA reflectance 

using the rescaling coefficients; 

ρλı = Mρ × Qcal + Aρ (Eq. 5) 

where ρλı: ToA planetary reflectance without correction 

for solar angle 

Mρ: Band-specific multiplicative rescaling factor 

Aρ : Band-specific additive rescaling factor 

Qcal: Quantized and calibrated standard product pixel 

values (DN). 

ToA reflectance with a correction for the sun angle is; 

ρλ = ρλı / cos(θsz) (Eq. 6) 

where ρλ: ToA planetary reflectance 

cos(θsz): Local solar zenith angle. 

Equations (4), (5) and (6) describe which mathematical 

parameters are introduced into the model to convert the 

DN values to ToA reflectance values. 

Conversion continued with Dark Object Subtraction 

model to remove the atmospheric effect from the 

reflectance values, which must be done for each band 

individually to obtain the surface reflectance values. The 

Dark Object Subtraction (DOS) method is an image-

based technique to cancel out the haze and mist 

component caused by additive scattering from remote 

sensing data (Chavez, 1988). Dark object subtraction 

depends on searching each band for the darkest pixel 

value to subtract that values from ToA values of each 

pixel in the whole scene (Boucher et al., 2018).  

Unfortunately, since two thirds of the earth’s surface 

always covered by cloud every year (Wang et al., 1999), 

the cloud and cloud shadow on the study area means that 

it greatly reduces the number of available pixels (Candra 

et al., 2016). There are many techniques to solve this 

problem;  

 -Multi temporal Cloud Masking (MCM),

 -QA band (Landsat quality assessment band),

 -Automated Cloud-Cover Assessment (ACCA),

 -Function of Mask (Fmask),

 -Multi Temporal mask (Tmask).

In the current study, Fmask method which uses the 

difference reflectance values between clear pixels and 

cloud and cloud shadow pixels was selected. In this 

approach, cloud physical properties are used to 

distinguish between Potential Cloud Pixels (PCPs) and 

cloud free area (Zhu and Woodcock, 2012). However, 

there are several drawbacks of Fmask (Candra et al., 

2016). Firstly, Fmask tends to fail to detect cloud which 

is warm and thin. Secondly, Fmask tends to classify very 

bright and cold land such as cold snow as cloud. 

Consequently, SST and Index studies were carried out 

with cloudless images. An example of removing the 

cloud and cloud shadows from each band is given in 

Figure 3. 

Fig. 3: Elimination of cloud and cloud shadows through 

ArcGIS 10.4 software. 

Computation of indices 

The term “Remote Sensing,” describes the use of indices 

to make discernments about environmental phenomena. 

All Spectral indices are used in remote sensing to 

identify a particular surface-cover type based upon its 

absorption or reflection of incident solar energy in 

different regions of the electromagnetic spectrum (Cole 

et al., 2015). Over the years numerous spectral indices 

have been introduced by the scientific community to 

solve complex environmental (or other) issues. Indices 

and band ratios are the most common form of spectral 

enhancement.   

Normalized Difference Turbidity Index (NDTI) 

Turbidity indices use spectral reflectance values which 

increase with increasing turbidity in the concern of water 

bodies. It is also known that the turbidity level of the 

water increases as the particles suspended in the water 

increase. NDTI is one of the algorithms developed to 

evaluate the turbidity level of open water. The band 

formula given in equation (7) is regularly used to detect 

turbidity (Subramaniam, S.; Saxena, 2011). 

NDTI = - ((red - green) / (red + green))        (Eq. 7) 

where red and green spectral bands: correspond to Band 

3 (0.63 - 0.69μm) and Band 2 (0.53 - 0.61μm) for 

Landsat 5 TM while Band 4 (0.63 - 0.68μm) and Band 3 

(0.53 - 0.60μm) for Landsat 8 OLI. 

As a result of processing the formula mentioned in 

equation (7), the output maps in Figure 4 were obtained. 

All maps show turbidity index results between -1 and +1. 

All presented maps were created by setting up a model 

using turbidity index formula given in equation 7 via 

Model maker in Erdas Imagine software. 

Kayalık and Çorumluoğlu / IJEGEO 9(4):035-045 (2022) 
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Chlorophyll-a Index 

Chlorophyll-a is a photosynthetic pigment found in all 

green flower components, including algae and 

cyanobacteria (O'Reilly et al., 2019; Tan et al., 2017). 

Many band combinations and developed algorithm can 

be used to estimate chlorophyll-a concentration (Boucher 

et al., 2018; Tangx et al., 2021). Normalized Difference 

Vegetation Index (NDVI) can also be used to detect 

suspended sediments in water bodies, but in this study 

area, the Kab-1 algorithm, which gives the best results 

for chlorophyll detection and has a high correlation 

coefficient with SST, was used (Brandon et al., 2021). 

The Kab-1algorithm formula that gives the chlorophyll 

index can be used as follows (Boucher et al., 2018). 

Kab_1 = 1.67 – 3.94 × ln(blue) + 3.78 × ln(green) (Eq.8) 

where blue and green spectral bands: correspond to Band 

1 (0.45 - 0.52μm) and Band 2 (0.53 - 0.61μm) for 

Landsat 5 TM while Band 2 (0.45 - 0.52μm) and Band 3 

(0.53 - 0.60μm) for Landsat 8 OLI. 

The output maps of the 'Kab_1' algorithm, which is vital 

for marine life, are given in Figure 5, previous to next 

years respectively. As seen in Figure 5, the values on all 

maps for chlorophyll-a index vary between -1 and +1. 

Fig. 4: Turbidity output maps. 
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Results and Discussion  

Interpretation of SST results 

When we colored the temperature data obtained in the 

Celsius as seen in Figure 2, high and irregular SST 

increases were observed due to the dense population of 

İzmir and the presence of industrial communities close to 

the gulf. High and irregular SST increase was also found 

in Aliağa and its surrounding, where heavy oil industry 

and ore factory establishments such as ‘Tüpraş Inc., 

Petkim Inc.’ and steel factories. In addition, the region 

between the island of Lesbos and Chios is among the 

regions where high and irregular SST increase are seen. 

It is clear that generally temperatures increase 

significantly when going from deep to shore. While 

similar comments can be made for each data in the 

region, an extra high sea surface temperature was 

detected in the 2010 image. 

Examining the data on Figure 6 will enable us to better 

understand the results and make more accurate 

comments. The chart presents three basic information; 

minimum, maximum and average temperatures. When 

we look carefully at the average temperature part of the 

graph, the years 1998, 2010, and 2018 shared the peak in 

terms of sea surface temperature values while 2004, 

2013 were recorded as the years with the lowest sea 

surface temperature information. Although all data were 

taken during the summer months, irregular SST jumps 

are indicative of an important problem. Researching the 

years when these differences are identified is vital for a 

more sustainable environment management and marine 

life. 

Fig. 5: Chlorophyll output maps. 

Kayalık and Çorumluoğlu / IJEGEO 9(4):035-045 (2022) 
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Fig. 6: Temperature changes by years. 

Interpretation of Index results 

When SST maps were examined against to the turbidity 

index result, which is among certain water quality 

parameters, it was noticed that the regions with regular 

or irregular SST increase were compatible with well-

known locations in terms of pollution. As seen in Figure 

4, high levels of turbidity were detected in İzmir Bay, in 

the region between Chios and Lesbos, and in almost all 

coastal areas where SST is high.  

As a result of processing the formula specified in 

Equation (8), output maps of chlorophyll index, which is 

among the specific water quality parameters, were 

obtained. As seen in Figure 5, Kab_1 algorithm results 

showed that areas close to the coast are dense in terms of 

chlorophyll and the amount of chlorophyll decreases at 

the deeper regions from the coast. 

"Regression analysis" was conducted in order to bring 

these results to a more significant level. Regression 

reveals the numerical relationship of two or more 

variables, and even making predictions.  Regression 

analysis was used twice to see the consistency of both 

chlorophyll and turbidity against the SST. The graphic 

outputs of the regression analysis made with Excel 

software are shared in Figure 7 and Figure 8. Correlation 

coefficients revealed by regression analysis may be 

positive or negative.  If it is zero, it indicates that there is 

no relationship between the two variables examined. The 

high correlation coefficients in Tables 2 and 3, filled 

with the information obtained from the graphs in Figure 

7 and Figure 8, show that SST is directly related to the 

indices. 

Fig. 7: Regression analysis graphics for SST and Turbidity. 

Table 2: Regression analysis results between SST and Turbidity. 

Data Dates Equations Correlation coefficients (R2) 

July 28, 1998 y = 11.453x + 20.195 0.9655 

July 20, 2001 y = 12.485x + 19.405 0.9638 

August 13, 2004 y = 7.5956x + 21.305 0.9929 

August 22, 2007 y = 12.031x + 20.224 0.9703 

August 14, 2010 y = 11.577x + 20.183 0.9675 

August 6, 2013 y = 14.806x + 19.776 0.8350 

July 13, 2016 y = 11.434x + 18.926 0.9334 

July 3, 2018 y = 11.582x + 18.166 0.9451 

The equation 'y = 11.582 x + 18.166' can also be written 

as 'SST = 11.582 Turbidity + 18.166'. Regression 

analysis results of SST and Turbidity data can be found 

in Table 2. While the results generally have values above 

0.9, the highest correlation coefficient obtained as 

0.9929 for the year 2004. The year 2013 was recorded as 

the year with lowest correlation coefficient with a value 

of 0.835. Still these values represent high correlation in 

general. 

Kayalık and Çorumluoğlu / IJEGEO 9(4):035-045 (2022) 
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Fig. 8: Regression analysis graphics for SST and Chlorophyll. 

Table 3: Regression analysis results between SST and Chlorophyll. 

Data Dates Equations Correlation coefficients (R2) 

July 28, 1998 y = 7.7669x + 19.847 0.9894 

July 20, 2001 y = 8.1046x + 18.644 0.9657 

August 13, 2004 y = 7.287x + 19.6010 0.9755 

August 22, 2007 y = 7.0142x + 19.866 0.9757 

August 14, 2010 y = 7.2376x + 19.700 0.9750 

August 6, 2013 y = 7.267x + 21.1350 0.9966 

July 13, 2016 y = 6.9675x + 21.259 0.9993 

July 3, 2018 y = 6.991x + 21.2110 0.9986 

The equation 'y = 6.991 x + 21.211' can also be written 

as 'SST = 6.991 Chlorophyll + 21.211'. 

Table 3 clearly shows how effective the Kab_1 

algorithm works especially for Landsat 8 data and 

ultimately gives maximum correlation with SST. All 

correlation coefficients are greater than 0.95. While 2016 

image showed the highest SST harmony with 0.9993 

correlation coefficient, image for 2001 showed a 

minimum SST harmony with 0.9657 correlation 

coefficient. SST-Chlorophyll compatibility is higher than 

SST-Turbidity. But ultimately, as seen in Tables 2 and 3, 

positive correlation and high correlation coefficient 

reveal a strong relationship between SST and indices. 

Conclusion 

Here in this research, it is found that by the help of 

indices for turbidity and chlorophyll obtained from multi 

spectral satellite images, SST and sea water quality 

measures such as for turbidity and chlorophyll 

represented high correlations. From this point of view, it 

can also be concluded that many useful information in 

marine science can be obtained with multi spectral image 

analyses with remote sensing technology. The cost 

effective and most sensitive way to examine the status of 

water quality parameters is through remote sensing. 

Two very useful index algorithms can be run to 

determine the turbidity and chlorophyll similarly for 

other regions. In addition, the index studies allow us to 

understand what changes water are under and what 

precautions to take care of before they reach to risky 

levels. So, the measures can be taken efficiently by 

remote sensing technology to ensure a more sustainable 

water resource management for both the people of the 

environment and submarine creatures. Such analysis and 

studies should be carried out for a better ecosystem and 

human life and an environment in which useful 

information about water resources is available should be 

left to future generations. 
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