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Abstract 

Thermal infrared remote sensing data are used to make estimates of the land 

surface temperature (LST) by recording the radiant energy emitted by the surface of the 

Earth. Satellite data and image processing software also allow for LST estimation. 

Since its launch, two thermal infrared bands aboard the Landsat satellite have been 

used to continuously observe Earth, providing data for the estimation of LST and the 

normalized difference vegetation index (NDVI). Due to the significant uncertainty in 

data from both Landsat 5 thematic mapper (TM) thermal band 6, which has a 

wavelength of 10.40–12.50 m, and Landsat 8 thermal infrared sensor (TIRS) Band 

11, as indicated by USGS calibration notifications, it was advised to use TIRS Band 

10 data as a single spectral band for LST estimation. For LST estimation from 

Landsat 5 and Landsat 8, the mono-window (MW) approach was used with TM 

and TIRS Bands 6, 10, and data with a resolution of 120 and 100 m. (Path-152 and 

Row-40, 41, 42, and 43). The emission coefficient was calculated using the 

operational land imager (OLI) Bands 4 and 5 (30 m resolution) and the normalized 

difference vegetation index (NDVI) proportion of vegetation method. Based on the 

results, the LST was higher in the arid regions, whereas the NDVI was higher in 

the less arid parts. Also, the LST findings were compared to the air temperature 

data, both data were found to be consistent with one another. The approach of MW 

a l g o r i t h m  could be a useful tool for estimating LST from TM data acquired 

from Landsat 5 and Landsat 8 TIRS Bands 6 and 10. 

. 

Cite this: 

Mahjabeen K, IA. Soomro, 
ZH. Akhtar, S. Meghwar, 
and MA Lakho (2022). An 
estimation of the land 
surface temperature, 
derived from the Landsat 
satellite, for the major 
cities in Sindh Province, 
Pakistan. Sindh Uni. 
Res.J. (SS) 54:4 (2022).  

Corresponding author 
geographerirfan@gmail.com  

 

 

 

 
Copyright: © 2022 by the 
authors. This is an open 
access publication 
published under the 
terms and on conditions 
of the Creative Commons 
attribution (CC BY) 
license 
(https://creativecommon
s.org/licenses/by/4.0/). 
 

Introduction 

Information about an object can be gathered via the electromagnetic spectrum 

through a process called "remote sensing," which does not require direct contact 

with the thing being investigated. Recent decades have seen a boom of 

applications for high-tech satellite data in the study of environmental phenomena 

and climatic change. The temperature of the Earth's land surface can be accurately 

determined with the use of data gathered from the thermal bands of Landsat 5 and 

Landsat 8 LST. Microclimate and atmospheric radiation transport are two areas 

where it has been found to play a significant role (Mauree, et al. 2019). 

Keywords: Satellite, Landsat 5, Landsat 8, LST, NDVI, and Sindh 

 

 

 

https://doi.org/10.26692/surj-ss.v54i04.6127
mailto:geographerirfan@gmail.com


 
 
 

2 
 

The area's LULC (land use/land cover) is also a 

major consideration in LST estimation. The LST of 

a region is affected by changes in the physical and 

biological conditions brought about by both natural 

and human-caused processes. When the value of LST 

shift changes, the weather pattern in that region shifts, 

too (Brown, et al. 1986, Duveiller, et al. 2018). 

Traditional methods of estimating surface 

temperatures, for some types of terrain conditions, 

such as monitoring by a meteorological department 

weather station and other public and private sector 
observation methods, are not viable and also take time. 

Remote sensing satellites, on the other hand, can 

provide information on a region's topography and 

climate, including the unique local climates 

(microclimates) formed by changing land surfaces. 

The National Aeronautics and Space Administration 

(NASA) The Landsat program offers satellite Images 

with varying spatial resolutions for a range of time 

frames. Thematic mapper for Landsat 5 images 

(TM), which has seven bands with (30-m resolution). 

For more precise surface temperature images, 
Landsat 8 takes two sets of images: one from OLI 

with nine bands (30-m resolution) and another from 

TIRS with two bands (Band 10 and Band 11 with 

100-m resolution) (Wulder, et al. 2019). The TIRS 

detects infrared light with very long wavelengths by 

observed quantum well-infrared photodetectors 

(QWIPs). The temperature of the earth's surface 
determines the intensity of this light. The 

normalized difference vegetation index (NDVI) 
analysis is a great way to estimate LST in 

mountainous areas like the Himalayan and 
Karakorum (K2) ranges. This is because surface 

temperatures are directly related to the physical 

properties of the surface. 

Integration of the temperature on the land surface 

is a crucial variable that has been recognized as 

being important for the investigation of atmospheric 

radiation transfer and microclimate. The surface 

temperatures of the soil, water content, and plants are 

referred to as LST (Yu, et al. 2011).  

Hokao, et al. (2012) examined the relationship between 

LST and NDVI using the thermal features of 

Bangkok's rapidly urbanizing metropolitan area were 

determined using Landsat thematic mapper (TM) 

data from 1994, 2000, and 2009. Their research 

showed a strong correlation between LST and NDVI 

in several types of LULC, especially in forested 
regions. The effects of urbanization on LST were 

primarily caused by a decline in biomass. Similar 

recommendations were made by (Li, et al. 2004, 

Giannini, et al. 2015, Awuh, et al. 2019) utilizing high-

resolution sequence satellite data, to conduct an LST 
analysis over a watershed area located in Lowa, 

Bangkok. Scene for the LST was taken from the 

thermal bands of Landsat 5 TM and Landsat 7 ETM. 

The NDVI was computed from the visible and near-

infrared (Band 4 and Band 5) bands of the satellite to 

estimate emissivity for Landsat thermal bands. In 

this study, predicted LST values were compared 

to actual observations. When comparing LST to 

estimates derived from Landsat 5 and 7, as well as 

the actual measurements taken on the ground, a 

range of discrepancies between 0.98 and 1.47 
d e g r e e s  Celsius was discovered. Satellite 

images were used to pinpoint the locations of LST 
deviations. Another study used Landsat TIRS and OLI 

data to calculate the LST variation over 

hiruvananthapuram, the capital of Kerala, India 

(Dagliyar, et al. 2015). Using open- source GIS 

software conglomeration quantum (QGIS), which is 

able to acquire images, process them, categorize land 

covers, and derive LST from the land's surface using 

the study's findings. Based on measurements of 

surface emissivity and brightness, With a 12-bit 

radiometric resolution and Landsat 8 OLI and TIRS, 

we were able to determine LST for urban Erzurum. 
Kinetic surface temperature measurements from 

the general directorate of the state 
meteorological service in and around the study area 

were used to partially validate the Landsat 8 bands' 

LST. According to the findings, the highest 

temperature difference recorded was about 6.45 

degrees Celsius, while the smallest was about 1.86 

degrees Celsius. 

In this research work also, LULC and LST, which 

were obtained from Landsat 5 and Landsat 8, a 

temperature difference seen. Additionally, research 

by (Cao, et al. 2008, Lv and Zhou 2011, Makinde and 

Obigha 2017, Ning, et al. 2018) we were able to 

establish the relationship between LULC change and 

LST using Landsat 5 TM and ETM images. The 

object-based approach was utilized to derive the land 

use classification. After obtaining LST, the MW 

algorithm was applied. The conclusions reached 

showed that the LULC had a considerable impact 

on LST. It was also discovered that LST has a 

positive correlation with impervious surface. 
Results from these studies indicated that rapid 

urbanization was an area where this type of research 

would be most useful. Recently, in Devikulam taluk, 

LST was estimated using 1990, 2001, and 2010 

Landsat 5 TM and Landsat ETM data by following 

the instructions in the Landsat 7 user handbook 

where described in detailed (Suga, et al. 2003, De 

Jesus and Santana 2017). The results indicated a 

steady rise in average temperature (Allen, et al. 2018). 
According to the research on climate change, land 

surface temperature (LST) is a major factor that 
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must be taken into consideration. Estimating the 

LST's accuracy with modern satellite data (like 

Landsat 5 and Landsat 8) is also crucial as it has a direct 

impact on precision. But the TM and advanced TIRS 

data have been used in very few studies thus far both 

Landsat 5 and Landsat 8 TM and TIRS data were 

used to analyze the MCS and calculate LST for this 
study. 
The aim of this study is to (1) asses the spatiotemporal 

distribution and variations in LSTs, to contribute 

towards the development of sustainable management 

plans curbing local and global climate change impacts, 

(2) To assess the accuracy of Landsat products using 

air temperatures from climate data of MCS, and (3) 

Explore the distribution and spatiotemporal variation 

characteristics of LSTs and the associated main land 

surface. 

Materials and Methods 

Region of Interest 

The study area includes major cities of Sindh (MCS), 

which is Sindh province of Pakistan (Figure 1), with 

the names Hyderabad (HYD), Jacobabad (JCB), 

Jamshoro (JAM), Karachi (KHI), Larkana (LRK), 

Matari (MAT), Noshero Feroz (NF), Shaheed 

Benazirabad (SBB), Shikarpur (SHP), and Thatta 

(THAT). The location of the study area lies between 

28° 43′ 43′′ and 23° 94′ 33′′ N latitude and 66° 65′ 13′′ 

and 69° 05′ 86′′ E longitude as depicted and covers an 

area of 40584 km2. The area of study in the north 

region has plain land, whereas the south part has small 

hills and barren land. The Indus River crosses the 

MCS, which originates in Tibet and follows a 

circuitous route southward through the Himalaya 

Mountains to the Arabian Sea, emptying into the ocean 

southeast of the coastal city of Karachi. The river is 

mostly fed by snowmelt during the summer season. 

The river basin receives a significant amount of 

precipitation over the monsoon season, which usually 

takes from July to the end of August. It does this by 

soaking up the moisture carried on the breezes from 

the Arabian Sea as well as other sources. During the 

winter months, snowfall can be found in the upper 

portion of the river. 

The images from Landsat 5 and Landsat 8 have 

already been rectified to WGS-1984-UTM-

Zone_42N. After that, the metadata file and the 

thermal band at satellite brightness temperature (TB) 

were used to convert the digital number (DN) to the 

physical measure of top of atmospheric (TOA) 

reflectance. The thermal constants required to convert 

TM, TIRS data using satellite TB were later made 

available in a file with the extension ". MTL" that was 

included in the Landsat 5 and Landsat 8 image set. 

Finally, the spectral radiance was converted to TB 

using the thermal and TIRS band data and the thermal 

constants listed in the metadata file (Table 1 to 2). 

 

Table 1. Landsat 5 and Landsat 8 Metadata of 

the study area captured at a resolution of 30 

meters. 
Satellite/ 

sensor 

Date 

Acquisition 

Band Path/Row 

 

LANDSAT-5 

TM 

 

03/06/2011 

 

7 

 

152/40 

152/41 

152/42 

152/43 

 

LANDSAT-8 

OLI/TIRS 

 

13/05/2021 

 

11 

152/40 

152/41 

152/42 

152/43 

 

Table 2. K1 and K2 Values 

Sensor K1 K2 Thermal 

Band 

Landsat 5 TM 607.76 1260.56 6 

Landsat 8 / 

OLI/TIRO 

 

774.89 

 

1321.08 
10.11 

 

Acquisition of data 

In this study, Landsat 5 and Landsat 8 image of 03 

June, 2011 and 13 May, 2021 (Path/Row - 152/40, 41, 

42 and 43) cloud free downloaded, the NDVI and LST 

were calculated using data from the study area. A 

topographical map of the study area at 30 m spatial 

resolution, obtained from the USGS earth explorer 

website https://earthexplorer.usgs.gov/. The 

topographical image from U.S. Geological Survey 

(USGS), U.S. Environmental Protection Agency 

(EPA) 

http://server.arcgisonline.com/ArcGIS/rest/services/. 

The climate data include, air temperature data were 

acquired from the Climate Data Processing Centre 

(CDPC), Pakistan Meteorological Department 

(http://www.pmd.gov.pk/), the climate data included 

ten MCS such as HYD, JCB, JAM, KHI, LRK, MAT, 

NF, SBB, SHP and THAT located within the study 

area (Figure 1).  

This analysis, summarized in Table 1, made use of 

information gathered by the Landsat 5 Thematic 

Mapper (TM) in 2011 and the Landsat 8 Operational 

Land Imager (OLI) and Thermal Infrared Sensor 

(TIRS) in 2021. Furthermore, ArcMap 10.4 software 

is used for mosaic and area of interest (AOI) 

https://earthexplorer.usgs.gov/
http://server.arcgisonline.com/ArcGIS/rest/services/
http://www.pmd.gov.pk/
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extraction. Normalized differential vegetation index 

(NDVI) and land surface temperature (LST) indices 

are calculated for 2011 and 2021. The development of 

the surface temperature profile also makes it possible 

to identify the study areas with the highest and lowest 

average surface temperatures. In addition, the NDVI 

and LST are retrieved by making use of the clip tools 

that are available in the ArcGIS 10.4 software. The 

(Figure 2) provides an overview of a comprehensive 

description of the process. 

NDVI 

Equation 1 proposed by (Gao, 1996; Jarchow, Nagler, 

& Glenn, 2017) can be calculated using Landsat data 

(specifically the red and infrared bands). Because 

chlorophyll absorbs light most strongly in the near-

infrared and red bands of the electromagnetic 

spectrum, the ratio of these two regions is used for the 

calculation (Kumari, Tayyab, Mallick, Khan, & 

Rahman, 2018). 

𝑁𝐷𝑉𝐼 =   
NIR − Red

NIR+Red
                      (1) 

 

 

LST 

Retrieval of LST for Landsat 5 MSS + TM 

This study uses the retrieval of surface temperature 

from Landsat 5 data, as described in the Landsat 5 

manual, to derive LST. The following are the 

procedures for determining LST. 
Equation 2 is used to transform the image's digital 

number into spectral radiance. 

 

Lλ = (
𝐿𝑀𝑎𝑥λ−LMinλ

Qcal𝑀𝑎𝑥−QcalLMin
 ) × (Qcal – QaclMin) + LMinλ   (2) 

Figure 1. The map display study area and MCS boundaries 

Satellite 

Data 

Landsat 8 Landsat 5 

 

Conversion 

to TOA to 

Brightness 

Temperatur

Top of 

Atmosphere 

Radiance 

(TOA)  
Normalized 

Difference 

Vegetation 

Index 

(NDVI) 

Land 

Surface 

Emissivity 

(LSE) 

Land 

Surface 

Temperature 

(LST) 

Data 

Preparation  

Region 

of 

Interes

t (ROI) 

Mosaic 

Figure 2. Flow chart of the Landsat 5 and Landsat 8 used 

to analysis. 
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Second, using Equation 3, we transform the radiation 

brightness into the at-satellite brightness temperature, 

T Kelvin (K). 

T =
K2

In (
𝐾1

𝐿λ
+1)

 (3) 

Where: 

K1 = 1260.56 and K2 = 607.66 (mW×cm-2× sr-1) 

which were used as reference points before the launch: 

A sensor's response of more than 50% indicates an 

effective spectral range represented by. b = 1.239 

(µm). 

 

Retrieval of LST for Landsat 8 OLI/TIRS 

This research relies on the retrieval of surface 

temperature from Landsat 8 data, as detailed in the 

Landsat 8 handbook, to derive LST. 

Metadata radiance rescaling factors are used in 

Equation 4 to first convert OLI and TIRS band data to 

radiance. 
Lλ = MLQcal + AL   (4) 

Where: 

Lλ=Temperature of atmosphere spectral radiance  

ML =band-specific multiplicative rescaling factor from 

the metadata (Radiance multi band X where X is the 

band number) 

AL=band-specification additive rescaling factor from 

the metadata (radiance add band X, where X is the 

band number) 

Qcal=quantized and calibrated standard product pixel 

values (DN) 

 

At this step, the reflectance rescaling coefficients from 

the product metadata file are used to transform the 

band data into reflectance (MTL file). For OLI data, 

the DN value is converted to TOA reflectance using 

Equation 5. 

ρ λ = MρQcal + Aρ (5) 

Where: 

ρ λ = reflectance 

Mρ= band-specific multiplicative rescaling factor from 

the metadata (reflective multi band x, where x is the 

band number) 

Qcal= quantized and calibrated standard product pixel 

values (DN) 

 

Third, using the thermal constants listed in the 

metadata file and Equation 6, spectral radiance data 

from the TIRS band is converted to brightness 

temperature. 

BT = 
𝐾2

𝐼𝑛[(
𝐾1

Lλ 
)+1

  (6) 

Where: 

T = at-satellite brightness temperature (K) 

Lλ= residence  

Where:  

The thermal conversion constants K1 and K2 are 

defined in the metadata and correspond to the band 

specifications. By recalculating the radiant 

temperature with Equation 7, applied to convert the 

results to Celsius. 

 
T (ºC) = T(K)-273.15 (7) 

 

NDVI Method for Emissivity Correction 

The normalized difference vegetation index (NDVI) 

was determined using the visible and near-infrared 

bands from Landsat (Eq. 1). Due to the fact that the 

amount of vegetation is a significant component in 

determining LST, assessing the NDVI is paramount 

(Sekertekin & Bonafoni, 2020); Next, we use NDVI to 

evaluate the vegetation fraction (Pv) (Equation 8). 

 

Pv = (NDVI-NDVIMin)/(NDVIMax-NDVIMin)      (8) 

 

In order to estimate LST, the land surface emissivity 

LSE (ε) must be determined. This is because the LSE 

is the efficiency with which thermal energy is 

transmitted from the surface into the atmosphere, and 

it is a proportionality factor that scales blackbody 

radiance (Planck's law) to predict emitted radiance 

(Dozier & Warren, 1982; Jiménez-Muñoz & Sobrino, 

2009). Equation 9 is used to derive the land surface 

emissivity LSE (ε), as suggested by (Sobrino, & 

Paolini, 2004; Zanter, 2019). 

 

ε = 0.004Pv + 0.986       (9) 

Where: 

ε=is emissivity and Pv is the proportion of vegetation. 

Mono window algorithm for LST estimation  
An evaluation of land surface temperature (LST) for 

2011 and 2021 using Equation 10 and Landsat 5 and 

Landsat 8 has been performed using the Mono 

Window Algorithm. 

Land surface temperature 

  

(Ts) = BT/1 + W×(BT/P) ×In(ε)           (10) 

Where: 

BT=brightness (at-satellite temperature) 

W=wavelength of emitted radiance (11.5µm) 

P=14,380 (constant)  

Results and Discussion 
Anthropogenic heat rises as urban areas become more 

built up, with more impervious or concrete surfaces, 

industrial production units, transportation systems, 

lesser water bodies and trees, etc. This causes the city 
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to warm up faster than its outskirts. The urban heat 

island effect is the result of higher land surface 

temperatures (LST) in cities compared to the 

surrounding rural areas (Essa, van der Kwast, 

Verbeiren, & Batelaan, 2013). The correlation 

between expanding urban areas and rising urban heat 

island (UHI) tendencies provides further evidence that 

urbanization is associated with rising temperatures 

(Ukwattage & Dayawansa, 2012).  

In this study, the major cities of Sindh's NDVI and 

LST are calculated, the research work foccused on 

NDVI and LST are computed over the major cities of 

Sindh. The findings indicate that the NDVI was 

highest in 2011 and 2021 in the areas that are adjacent 

to the Indus River in the north, center, south-central, 

and south, and that the NDVI was lowest in the built-

up areas that predominated the residential area in the 

most advantageous part of the study area. In 2021, 

NDVI values range from 0.181145 to 0.476117. 

(Figure 3 (a)). The study area's central region had the 

lowest NDVI in 2011, ranging from 0.350193 to 

0.244264, while higher values were found in the upper 

northern, eastern, and southern parts. (Figure 3 (b)). 

Based on these NDVI values, it appears that low-

density vegetation, like grassland or shrubs, 

predominates (Bindi et al. 2009). A value of 0.1 or 

Figure 3. NDVI map of study area (a) 13 May, 2021 and  

(b) 03 June, 2011. 

Figure 4. LSE map of study area (a) 13 May, 2021 and 

(b) 03 June, 2011. 
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lower for the normalised difference vegetation index 

(NDVI) denotes non-vegetated land, which may be 

urban or open land area (Figure. 3). 

LST Validation  

The two primary models used to validate LSTs were 

derived from either surface-level temperature 

measurements or data collected from the air just above 

the ground (Hook, Vaughan, Tonooka, & Schladow, 

2007; Z.-L. Li et al., 2013). For example, (Srivastava, 

Majumdar, & Bhattacharya, 2009) It was discovered 

that the accuracy of the results in some areas differed 

by 2 °C from actual ground temperature 

measurements, but that this error could be as high as ± 

5 °C in most to cases. (Z.-L. Li et al., 2013) found that 

the LST retrieving error was roughly 0.7 °C when 

compared to another method that used the average 

near-surface air temperature to prove the results of the 

retrieved LST. LST, based on the mono window 

algorithm maximum, is 49.985 °C in 2011. So, based 

on an analysis of LST data, we can say that in the 

central part, north eastern part and the north western 

part of the study area found higher LST, while the low 

found in the south, east, and some part of the central 

area of the study is about 21.295 °C (Figure 5 (b)). 

LST in the 2021 has higher LST found in the north and 

central part of the study area is about 47.1048 and the 

low at the eastern and the southern part of the study 

area is about 19.4154 °C (Figure 5(a)). 

Due to the lack of LST ground measurements in the 

field, LST was compared with air temperature at each 

MCS using data obtained from Landsat 5 and Landsat 

8. Air temperature comparisons can be complicated 

because of the difference in resolution between 

Landsat 5 and Landsat 8, which is 100 m for the 

thermal band and 30 m for the red and NIR bands. The 

LST from Landsat 5 during the year 2011 was 

determined and sampled based on the pixel employed 

by each weather station displays an extremely 

consistent relationship between air temperature and 

LST (Figure 6). 

Between Landsat 5 and Landsat 8 data. The LST was 

generally warmer than the air temperature. Depending 

on the weather and other relevant factors, the 

differences can be dramatic at times (Hale, & Yu, 

2011). During the time period of 13 May 2021, when 

the LST from Landsat 8 was compared with data on 

air temperature, the LST was found to be significantly 

higher than the air temperature (Figure 7). It is normal 

and to be expected for there to be differences in the 

temperatures because there is a difference of 1.1 to 2- 

m between the temperature of the LST and the 

temperature of the air. This indicates that variations in 

the temperatures are to be anticipated and considered 

to be normal and expected. 
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(b) 03 June, 2011 from Mono-Window algorithm. 
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Conclusion 

This study used the Landsat 5 and Landsat 8 TM, as 

well as a TIRS sensor, to estimate LST distribution 

and determine temperature variation in the study area. 

This data was obtained through remote sensing of the 

study region. The procedure was utilized in order to 

derive an estimate of the LST using the TM and TIRS 

data. The interpretation of the findings suggested that 

the heat energy radiated by the earth's surface was 

responsible for determining factors in the study area 

such as the various types of land use, vegetation cover, 

soil, and hilly areas. This demonstrated the difference 

in surface temperature that exists between the various 

surface patterns. The findings also made it abundantly 

clear that shifts in surface temperature controlled 

surface heat and water exchange with the atmosphere, 

which in turn caused climate change in the region. This 

was shown to be the case by the findings. This was 

demonstrated by the findings. Some climatic 

phenomena have a relatively minor impact on 

temperature variation, while others have a significant 

impact. Examples of activities that contribute to 

deforestation include the replacement of forests with 

settlements and restaurants, firewood combustion in 

kitchens, periodic removal of firewood, such as 

eucalyptus, and rapid tourism development that leads 

to land conversion. Using data from satellites like 

Landsat 5 TM and Landsat 8 TM, TIRS can reliably 

estimate LST. Findings from this study can be used to 

make educated guesses about the occurrence of 

extreme weather conditions, including microclimates, 

hot spots, and high temperatures, can pose a threat to 

the most vulnerable parts of the research area, as well 

as to determine whether or not reforestation, frequent 

vehicle checks for pollution, and reduced plastic 

incineration are necessary scientific actions to be taken 

to slow the rate of temperature increase. 
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