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 ABSTRACT: 

Climate change has worsened and has widespread impact. This is partly due to the release of 

greenhouse gases from human activities, which cause the greenhouse effect. This leads to the global 

temperature rising to an unusual level, otherwise known as global warming. This study aimed to use a 

split-window algorithm to retrieve the land surface temperature via Landsat-8 OLI/ TIRS data in the 

Roi Et province area. The research methodology included 1) separating the Landsat-8 OLI data into 

four types of land use, i.e. the agricultural, forest, urban and water areas and 2) the data for Landsat-8 

OLI bands 4 and 5 and Landsat-8 TIRS (bands 10, 11) being analysed to retrieve the land surface 

temperature using a split-window algorithm. The results from the land-use separation showed that the 

total area of Roi Et was 8,299.46 km2 divided into a 4,787 km2 agricultural area, which accounted for 

60.81%; a 1,555 km2 forest area, accounting for 19.75%; a 1,212 km2 urban area, accounting for 

15.39% and a 317.44 km2 water area, accounting for 4.03%. The land surface temperature analysis 

result using a split-window algorithm indicated that the average temperature of Roi Et was 34.74°C. 

Moreover, it was found that the land surface temperature of the urban area had the highest mean land 

surface temperature, followed by the forest area, the agricultural area and the water source area, 

respectively. 

 

Key-words: Remote Sensing, Land Surface Temperature, Split-Window Algorithm, Landsat-8 

OLI/TIRS, Normalised Difference Vegetation Index (NDVI), Fractional Vegetation Cover (FVC) 

1. INTRODUCTION 

The global environmental crises that cause the most damage and harm to humans are weather 

changes, which refers to the change in average weather conditions in relation to the temperature, wind, 

rain, etc., whether the cause is human activities or natural variation, especially when the average 

temperature on earth appears to be higher, which is known as global warming whereby the world 

cannot emit heat from solar energy in the normal way. Based on such reason, the earth average 

temperature seems to be higher. However, in the past century, the average temperature was higher by 

a small degree. The world’s weather and environmental conditions have changed considerably and 

had a severe effect on living things (Lemke et al., 2007; IPCC, 2019). Thailand is an economic and 

industrial developing country that has changed agricultural land into industrial land continually within 

the last two to three decades (Dechaphongthana et al., 2016). Generally, the temperature of the 

agricultural area is higher than the forest temperature, but it is lower than the urban area full of 

buildings (Zhang et al., 2010; Mathew et al., 2017). Such progress has affected a growing number of 

communities, residences, commercial buildings and factories. Meanwhile, it has led to green areas 

needing to absorb sunlight and convert it into energy via a decreased photosynthesis process, 

contributing to warmer temperatures in urban areas and the eventual formation of the urban heat island 

phenomenon (Laosuwan et al., 2017; Rotjanakusol & Laosuwan, 2018). 

Studying the land surface temperature is considered as another form of detecting heat on the 

earth’s surface, and it is currently widely used to monitor the global temperature. The land surface 

temperature is most likely utilised in various aspects, such as studying the increasing global 
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temperature, which is caused by weather changes; studying weather conditions by detecting an 

increase in the atmospheric concentrations of green-house gases that effect the land surface 

temperature; studying the increase in the land surface temperature, which affects North Pole icebergs, 

and studying the land surface temperature, which effects plants in the ecosystem of different regions 

around the world (Li et al., 2013; Mukhelif et al., 2016; Miles & Esau, 2017; Khandelwal et al., 2018; 

Nill et a., 2019; Capodici et al., 2020). Regarding studying and searching for research papers and 

documents relevant to land surface temperature analysis, a lot of the research was conducted on land 

surface temperature analysis using satellite data, such as the land surface temperature change in urban 

areas (Rotjanakusol & Laosuwan, 2020), the study on the urban heat island phenomenon in 

atmospheric layers (Prohmdirek et al., 2020) and the detection and identification of wildfire areas 

using the land surface temperature (Vlassova et al., 2014).  

In addition, many research studies currently focus on developing a method to detect the land 

surface temperature using remote sensing technology. Remote sensing technology is accepted as 

being modern and efficient, and it can be applied to rapidly monitor and detect global phenomena 

(Uttaruk & Laosuwan, 2018; Rotjanakusol & Laosuwan, 2019; Rotjanakusol & Laosuwan, 2020; 

Uttaruk & Laosuwan, 2020). In the meantime, many research papers have indicated using a 

mathematical model in conjunction with remote sensing technology to analyse the land surface 

temperature, such as radiative transfer equation (RTE), Mono-Window (MW), split window (SW), 

Dual-Angle (DA) and single-channel (SC) (Ren et al., 2011; Yu et al., 2014; Chen et al., 2015; Du et 

al., 2015). Furthermore, the land surface temperature from satellite data by thermal infrared emissivity 

can clearly show differences in land surface temperature with land use and land cover such as 

residential area, community area, industrial plant, open area, including the burned area in the 

agricultural area are relatively high land surface temperature. In addition, forests area, agricultural 

area, aquaculture area, wetlands, and water bodies, the land surface temperature are relatively low 

(Valor & Caselles, 1996). The estimation land surface temperature using a split window was first 

applied to the sea surface temperature estimation (Mcmillin, 1975) when two thermal infrared 

wavelengths were carried out at a wavelength of 10.5–12.5 μm (band 10 and band 11), come to use it 

efficiently and satisfactorily. Because the influence of water vapour in the atmosphere is removed 

from the brightness temperature of the two wavelengths.   

Due to the importance of the earlier mentioned weather change and the global temperature 

increase, this study aims to focus on using a split-window algorithm for the retrieval of the land 

surface temperature via Landsat-8 OLI/TIRS data in the Roi Et province area. The expected results 

will be to understand the land surface temperature and its change according to land use in Roi Et. 

2. MATERIALS AND METHODS 

Roi Et (Fig. 1) consists of 20 districts. It is located in the middle part of the northeast region of 

Thailand between latitudes of 15°24'  to  16°19'  and longitudes of 103°17' to  104°22' with a total area 

of 8,299.46  km2, ranking it the 10th of the region and the 23rd of the country. Most of the province is 

covered by high plains of about 120–160 metres above mean sea level. The average temperature 

throughout the year is about 26.9°C, the average low temperature 22.5°C and the average maximum 

temperature 32.3°C. It has three seasons: the summer is hot and dry, which lasts from February to 

April; the rainy season lasts from May to September, but the rain is irregular, and the annual rainfall 

is approximately 1,200 mm/y; and it is cold in winter, which lasts from October to January. 

2.1 Data 

The study used Landsat-8 OLI/TIRS data (Table 1), which were recorded on 16 December 2018. 

Landsat-8 OLI/TIRS was launched on 13 February 2013 and orbits the earth every 99 minutes. The 

satellite travels over both the North and South Poles at an altitude of 705 km. It has bands for capturing 

the response of the earth’s surface at discrete wavelengths, i.e. coastal aerosol, blue, green, red, NIR 

for one wavelength range and SWIR for two wavelength ranges. The spatial resolution of Landsat-8 

OLI is 30 metres pixel size resolution in TIRS band, two wavelength ranges and 100 metres pixel size 

resolution, a panchromatic band, one wavelength range and 15 metres pixel size resolution. 
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                                                                                                                      Table 1.  

Landsat-8 OLI/TIR bands information. 
 

Wavelength (μm) Sensor Description 

Band 1: 0.43–0.45  Operational Land Imager (OLI) Coastal aerosol 

Band 2: 0.45–0.51 Operational Land Imager (OLI) Blue 

Band 3: 0.53–0.59  Operational Land Imager (OLI) Green 

Band 4: 0.64–0.67  Operational Land Imager (OLI) Red 

Band 5: 0.85–0.88 Operational Land Imager (OLI) NIR 

Band 6:1.57–1.65 Operational Land Imager (OLI) SWIR 1 

Band 7: 2.11–2.29 Operational Land Imager (OLI) SWIR 2 

Band 8: 0.50–0.68 Operational Land Imager (OLI) Panchromatic 

Band 9: 1.36–1.38 Operational Land Imager (OLI) Cirrus 

Band 10:10.60–11.19 Thermal Infrared Sensor (TIRS) TIRS 1 

Band 11: 11.50–12.51 Thermal Infrared Sensor (TIRS) TIRS 2 

 

 
Fig. 1. Study area 
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2.2 Temperature Data from Ground Station 

This study collected the daily temperature data from the Thai Meteorological Department (TMD) 

station located in Roi Et at the same time as the satellite data collection. 

2.3 Procedures for Land-use Separation 

Land use in Roi Et is separated by Landsat-8 OLI data (band 3(B) 4(G) 5(R)) into four types: the 

agricultural, forest, urban and water areas. The reflectance value called a digital number that the 

satellite recorded for categorising the layers of data to show the physical differences of the objects. A 

supervised classification method and a general statistical method – the maximum likelihood – were 

used to separate the land use (Zhang et al., 2007). 

2.4 Procedures for Temperature Analysis 

The land surface temperature analysis from Landsat-8 OLI/TIRS data using split-window 

algorithms that use a Quantum GIS (QGIS) software package can be divided, as shown in Fig. 2, and 

is detailed below: 

 

 

 

Fig. 2 Procedures for land surface temperature analysis 

 

2.4.1 Brightness Temperature Analysis 

The land surface temperature was analysed in the wavelength range of thermal infrared sensors 

(TIRS) (bands 10 and 11) when the radiance of the objects was equal to the black body radiation. 

Black body radiation determines the brightness temperature values of the objects on the earth. 

Furthermore, the objects’ radiance will depend on the electromagnetic wavelength that interacts with 

the objects, and it is the proportion between the reflection, absorption and transmission. The methods 

of the brightness temperature analysis are shown in Equations 1 and 2 and Table 2 (Barsi et al., 2014). 
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Where: 
 

T  = The brightness temperature in Kelvin (K) 

1k = The constant value of Landsat-8 TIRS (band 10=774.89 and band 11=480.89) 
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2k = The constant value of Landsat-8 TIRS (band 10=1321.08 and band 11=1201.14) 

λL = The TOA spectral radiance (Watts/(m2 * srad * μm)) 

 

λ L cal LL =M Q +A                                                             (2) 

Where: 

LM = The band-specific multiplicative rescaling factor from the metadata 

LA = The band-specific additive rescaling factor from the metadata 

calQ = The quantised and calibrated standard product pixel values (DN)  

 

                                                                                    Table 2.  

Rescaling factor values.  

 

Rescaling factor  Band 10 and Band 11 

LM   0.000342 

LA  0.1 

 

2.4.2 Land Surface Emissivity Analysis 

This is an analysis of the radiation emitted by real objects on the earth that cannot absorb all the 

energy, but they can emit a small amount of radiation compared to a black body. Emissivity can be 

estimated from the proportion of the plants that extend into the soil that is obtained from the 

Normalised Difference Vegetation Index (NDVI). The land surface emissivity analysis is shown in 

Equation 3 (Rajeshwari & Mani, 2014). Based on Equation 3, it is necessary to firstly analyse the 

fractional vegetation cover (FVC) value, as shown in Equation 4 (Laosuwan & Uttaruk, 2014). The 

NDVIs and NDVIv are values of the NDVI for bare soil (NDVIs = Minimum value of the NDVI) and 

pure green vegetation (NDVIv = maximum value of the NDVI).  The FVC value is the plant fertility 

analysis, whose result is taken from the NDVI, as shown in Equation 5 (Uttaruk & Laosuwan, 2017), 

while p is the reflectance value of electromagnetic radiation from land cover, which depends on the 

wavelength and the proportion of the reflection, absorption and transmission. The analysis method is 

shown in Equation 6. 

 

                                  ( )s vLSE=ε 1-FVC +ε *FVC                                                (3) 

Where: 

sε = The constant value of Landsat-8 (band 10=0.971 and band 11=0.977) 

vε = The constant value of Landsat-8 (band 10=0.987 and band 11=0.989) 

 

s

v s

NDVI-NDVI
FVC=

NDVI -NDVI
                                                           (4) 

Where: 

vNDVI = The maximum value of NDVI 

sNDVI = The minimum value of NDVI     

  
NIR Red

NIR Red

ρ -ρ
NDVI=

ρ +ρ
                                                               (5) 
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Where: 

NIRρ = The reflection value of vegetation in the near infrared wave range (NIR) 

Redρ  = The reflection value of vegetation in the red wave range (RED) 

ρ  = The reflection value of the soil cover 

 

λ ρ cal ρρ =M Q +A                                                              (6) 

Where: 

ρM = The reflectance multiplicative scaling factor  

ρA = The reflectance additive scaling factor 

calQ = The digital number (DN) 

2.4.3 Atmospheric Water Vapour Analysis  

Atmospheric water vapour analysis can be analysed from electromagnetic radiation in the thermal 

infrared sensors (TIRS) wavelength range, which travels through atmospheric layers with a brightness 

temperature value calculation on bands 10 and 11 of Landsat 8 (TIRS 1 wavelength range between 

10.60–11.19µm and TIRS 2 wavelength range between 11.50–12.51µm, respectively). The analysis 

method is shown in Equation 7 (Ren et al., 2015). 
 

j iWV=a+b×τ /τ                                                                 (7) 

Where:  
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Where:  

a and b are the coefficients of the model 

 = The electromagnetic wave’s transmission ability through the atmosphere (bands 10 and 11) 

,i j  = Bands 10 and 11 

,i jT , 
,j kT = The brightness temperature of bands 10 and 11 

iT , 
jT  = The mean brightness temperature of bands 10 and 11 

2.4.4 Land Surface Temperature Analysis                  

In this study, the land surface temperature analysis using a split-window algorithm was conducted 

from (1) the brightness temperature value calculation on bands 10 and 11, (2) the land surface 

emissivity value of bands 10 and 11 and (3) the atmospheric water vapour analysis result. The analysis 

method is shown in Equation 8 and Table 3 (Yue et al., 2007).  

 

( ) ( ) ( )( ) ( )
2

10 10 11 10 11 0 3 4 5 6LST= T +C -T + T -T C + C +C W 1-ε + C +C W Δε                   (8) 

Where: 

10T , 11T = The brightness temperature of bands 10 and 11 

  = The mean land surface emissivity of bands 10 and 11 

Δε  = The difference land surface emissivity of bands 10 and 11 

0C - 6C = The constant value (see in Table 3) 

W  = The atmospheric water vapours   
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                                                                                             Table 3.  

The coefficient of the split-window algorithm.   

 

Constant Value 

C0 -0.678 

C1 1.378 

C2 0.183 

C3 54.30 

C4 -2.238 

C5 -129.2 

C6 16.40 

 

3. RESULTS AND DISCUSSIONS 

The method of acquiring the land surface temperature from Landsat-8 OLI/TIRS data using the 

SWA method is shown below: 

3.1 Result of land-use Separation 

The landsat-8 OLI data were recorded on 16 December 2018 and brought to separate land use 

into four types: the agricultural, forest, urban and water areas, as seen in Fig. 3. 

The result of the land-use separation using supervised classification and maximum likelihood 

methods revealed that Roi Et was separated into a 4,787 km2 agricultural area, accounting for 60.81%; 

a 1,555 km2 forest area, accounting for 19.75%; a 1,212 km2 urban area, accounting for 15.39% and 

a 317.44 km2 water area, accounting for 4.03%. To validate the land use accuracy in this study, the 

sampling point was selected using a random method, and it required every land-use group to be worth 

at least 10 validation points. In this case, the confidence value of 95% was assigned a number of 

points for the verification of 200 points. The result showed that the overall accuracy was 94%, and 

the kappa coefficient was 0.92. In addition, it was found that the land-use groups that obtained 

producer's accuracy and user's accuracy were the agriculture, urban, water and forest areas with values 

of 95.50, 95.30, 94.80 and 94.60, respectively. The results of the land-use validation in this study are 

shown in Table 4. 

Furthermore, when the land-use separation data were analysed at a district level (Table 5), it was 

found that most lands are agricultural areas.  

(1) The top three districts with the largest agricultural areas per the whole area of the districts 

were Kaset Wisai at 1.07 km2, accounting for 78.24%; Mueang Suang at 0.19 km2, accounting for 

76.81% and Suwanna Phum at 0.99 km2, accounting for 73.16%.  

(2) The top three districts with the largest forest areas per the whole area of the districts were 

Phon Thong at 0.31 km2, accounting for 28.52%; Nong Phok at 0.27 km2, accounting for 30.44% and 

Suwanna Phum at 0.23 km2, accounting for 17.15%.  

(3) The top three districts with the largest urban areas per the whole area of the districts were 

Phon Thong at 0.30 km2, accounting for 27.10%; Nong Phok at 0.27 km2, accounting for 30.39% and 

Phochai at 0.15 km2, accounting for 24.89%.  

(4) The top three districts with the largest water area per the whole area of the districts were Sela 

Phum at 0.16 km2, accounting for 13.26%; Phanom Phai at 0.04 km2, accounting for 6.09% and 

Thawat Buri at 0.03 km2, accounting for 5.25%.  
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Fig. 3.  Separate land use of Roi Et province.  

                                                                                                                                                   Table 4.  

Land surface temperature analysis separated by districts. 

 

Land-use classification Producer's accuracy User’s accuracy 

Agriculture area 95.50 95.01 

Forest area 94.60 94.60 

Urban area 95.30 95.00 

Water area 94.80 95.28 

Overall accuracy 94.00 % 

Kappa coefficient 0.92 

 

 



38 

 

                                                                                                                                                   Table 5.  

Land surface temperature analysis separated by districts. 

 

Districts 
Agricultural  

(km2) 

Urban 

(km2) 

Forest 

(km2) 

Water 

(km2) 

Temperature 

(°C) 

Atsamat 270.46 47.00 90.00 12.00 34.00 

Changhan 118.07 24.17 26.71 15.24 34.00 

Chaturaphak Phiman 365.60 40.25 73.50 7.32 35.27 

Chiang Khwan  44.20 7.04 7.61 8.70 34.80 

Kaset Wisai  667.08 88.69 83.00 13.93 36.00 

Muai Wadi 85.04 41.38 41.04 2.37 33.80 

Muang Roi Et 314.35 68.40 61.07 6.21 34.80 

Muang Sruang 119.07 10.67 23.46 1.87 35.00 

Nong Hi 95.27 10.38 44.89 4.91 34.20 

Nong Phok 211.65 169.93 170.19 9.11 34.00 

Pathumrat 237.45 47.06 48.87 11.68 36.00 

Phanom Phai 238.35 43.01 131.88 26.89 33.40 

Phochai 134.30 93.62 137.21 10.85 34.50 

Phon Sai 166.57 15.76 28.50 19.84 34.24 

Phon Thong 289.76 185.25 194.90 13.45 35.00 

Sela Phum 429.30 90.26 130.44 99.37 33.50 

Sri Somdet 108.44 39.01 12.32 4.62 35.07 

Suwanna Phum 621.01 63.00 145.62 19.07 35.74 

Thawat Buri 303.74 45.43 68.72 23.18 35.53 

Thung Kao Luang 50.42 13.58 20.43 6.83 36.00 

 

3.2 Land Surface Temperature Analysis Result 

The analysis result of Roi Et’s land surface temperature using Landsat-8 OLI/TIRS data with a 

split-window algorithm is shown in Fig. 4.  

 

3.3 Analysis Result of Temporal Variation of Land Surface Temperature 

 

The analysis result of the temporal variation between the land surface temperature and the types 

of land use in Roi Et based on Landsat-8 OLI/TIRS data is shown in Fig. 5. It shows that Roi Et has 

20 districts, as indicated by the graph on the x-axis, which shows that there are districts whose land 

use was separated into four types: 1) agricultural area, 2) forest area, 3) urban area and 4) water source 

area. The research hypothesis was that the urban area of each district has a higher temperature than 

other areas in the land use. The graph on the y-axis on the left shows the area size of the land use in 

km2, and the right side shows the temperature in °C. From Fig. 4, it can be seen that the temperature 

graph changes according to the types of land use in each district. The findings from the study revealed 

that the three districts with a maximum land surface temperature in urban areas were Kaset Wisai, 

Pathumrat and Thung Khao Luang, where the land surface temperature was 36.00°C.  
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The top three districts with a minimum land surface temperature in urban areas were Phanom 

Phrai, Sela Phum and Moei Wadee, where the land surface temperatures were  33.40°C,  33.50°C and 

33.80°C,  respectively. The land surface temperature analysis result was associated with land use; 

namely, the analysed land surface temperature in urban areas showed the maximum value, followed 

by the agricultural, forest and water source areas, respectively. Furthermore, in remote sensing 

technology, the detector measures the electromagnetic radiation that reflects from the earth's surface 

material. These measurements can help distinguish the type of land that is covered. Soil, water and 

vegetation have distinctly different reflections and absorption patterns at different wavelengths. The 

reflected of radiation from a surface material, such as soil, varies with the range of wavelengths in the 

electromagnetic spectrum. This is known as a material spectral signature. 

 

  
Fig. 4. Land surface temperature of Roi Et province. 
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Fig. 5.  Temporal variation land surface temperature of Roi Et province. 

4. CONCLUSIONS 

As of today, global climate has severely and frequently changed. Such change is reflected by El 

Nino and La Nina, which occur more frequently, including the land surface temperature, which seems 

to increase continuously. Through this research, the land surface temperature value analysed by the 

satellite data was compared to the daily temperature measured by the TMD station located in Roi Et, 

and an error of 4.07% was found. The value of the land surface temperature analysed by the satellite 

data was 34.74°C, while the temperature data from the TMD station was 32.00°C. Therefore, a 

hypothesis was set that the TMD temperature measurement station located in each district of Roi Et 

province is available for one to two stations, and the district with the maximum TMD temperature 

measurement stations (two stations) is Muang Roi Et (see Fig.1). It can be noted that the Thai 

Meteorological Department’s temperature data from the one to two stations may not be enough to 

represent each district and the entire province. As for the land surface temperature data analysed by 

the satellite, they were analysed from every inch of the Roi Et province area. 
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