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ABSTRACT

Land use in developing nations is shifting as a result of rapid urbanisation. The ecosystem is being harmed by the unplanned, 
urban development of cities. Utilizing data from Landsat, the present research examined the spatiotemporal urban growth in 
Jalandhar City and its impact on variations  in land surface temperature (LST). The results indicate that urban regions have 
increased while urban green spaces have shrunk (UGS). UGS and LST have been found to be inversely correlated. Where there 
was a low percentage of urban areas and a high percentage of accessible green spaces, it was observed that the LST decreased. 
The link between spectral variability and changes in vegetation growth rate was studied using the NDVI (Normalized 
Difference Vegetation Index). It works on tracking the growth of green vegetation and spotting variations in the amount of 
greenery. Where NDVI value was low, the scatter plots indicate higher surface temperatures. The dense urban regions with little 
available vegetation cover were linked to the low NDVI number and the NDVI is negative in the urban area of Jalandhar. High 
NDVI values indicate regions with dense vegetation and low surface temperatures. The research findings of present study could 
be applied to urban administration, planning, management and research projects.
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INTRODUCTION
On a global scale, urban regions currently reside 56.2 percent 
of the population. According to the UN-Habitat World Cities 
study, the future population growth will be concentrated in 
cities. From 2018 to 2050, about 35% of predicted urban 
population growth will be centered in India, China, and 
Nigeria –  In India, the metropolitan cities, urban centers, and 
expanding urban infrastructures are increasingly subject to 
aggressive urbanization . This increasing urban area in the 
cities can be defined as Urban Sprawl ' . It is characterized by 
single-use, scattered low-density residential areas due to 
planned or unplanned urban development. The unplanned 
urban sprawl leads to high carbon emissions, reduction in 

green spaces and poor infrastructural development — . These 
expanding urban zones are responsible for transforming 
natural surfaces into urban areas, affecting evapo-
transpiration, albedo, surface emissivity; anthropogenic heat 
flow, wind speed, and air pollution, among other physical and 
biophysical features – . Changes in these characteristics can 
change the local and regional climate in the long run . 

Urban Heat Islands (UHI) are the most visible example of 
local climate alteration caused by urbanization ' . Urban areas 
have higher temperatures than non-urban areas. This 
phenomenon leads to the difference between urban and rural 
temperatures. The intensity of UHI is primarily determined 



by the urban geometry and the capacity of the urban fabric to 
absorb heat . UHI occurs when natural green areas are 
replaced with grey surfaces (concrete). The impervious and 
concrete surface absorbs incoming solar radiation and 
increases the surface temperature . This UHI can directly 
impact city dwellers' thermal comfort and health. 
Additionally, UHI has been linked to increased energy 
demand for cooling, increased day and night temperature, and 
heat-related mortality and sickness. Remote sensing data has 
been extensively used to analyze LST in relation to green 
spaces and built-up areas. Landsat data has been widely used 
for the retrieval of LST due to its long time series archive ' . 
The Landsat data provides high-resolution thermal data 
making it fit for analyzing local or city level studies '––' . This 
study aims to use remote sensing data to examine urban 
expansion and its effects on surface temperature. The 
objectives of this study were (i) Time Series land use land 
cover analysis of Jalandhar city from 2000 to 2020. (ii) 
Spatial pattern and correlation of NDVI and LST.

1. MATERIAL AND METHODS

2.1. Study area
Jalandhar city lies in the north-eastern part of Punjab (India), 
located between 35°59´ and 31°37´ N latitudes and 75°04´ 
and 75°57´E longitudes and it covers area around 99.79 km² 
in (Fig.1).The city is part of the Trans-Indian Ganges Plain, 
the terrain is almost flat, and the area's soil is very fertile. The 
climate of Jalandhar can be classified as tropical and dry sub-
humid. The maximum temperature varies from 19.4°C in 
January and 40°C May and June. The average annual rainfall 
in the area was about 569 mm. Maximum precipitations is 
obtained from the southwest monsoon.The  Jalandhar city is 
developing as important industrial and commercial hub in 
India . The detailed methodology chart has been shown in 
( F i g .  2 ) .  

2.2. Satellite data and image pre-processing
The Landsat data were was used in this study, including 
Landsat 5 Thematic Mapper (TM) and Landsat 8 Operational 
Land Imager (OLI) satellite images. These images were 
downloaded from the United States Geological Survey 
(USGS) Earth Explorer site of 2000, 2010 and 2020. Landsat 
5 (TM) provides spectral information in seven bands: band 1, 
2 and 3 (blue, green and red) obtained in the visible range, 
band 4 in the Near Infrared (NIR) and band 6 is a thermal 
infrared band (TIR) with 120 m spatial resolution. Landsat 8 
(OLI) acquires the images in 11 spectral bands: band 2, 3 and 4 
(blue, green and red) in visible range, band 5(NIR) and 10 and 
11 (TIRS) thermal infrared bands) with 100 m spatial 
resolution while other bands with 30m spatial resolution. The 
remote sensing images were first pre-processed for 
atmospheric correction. There after Layers stacking, and 
image subset were undertaken.

2.3. Land Use Land Cover Classification and Change 
Analysis
Many Studies reviewed to select the best and most appropriate 
classification method in which supervised classification 
methods have been widely used —– (Adam et al., 2014; 
Bokaie et al., 2016; Kaul & Sopan, 2012; Shahtahmassebi et 
al., 2021; Talukdar et al., 2020).The pre-processed images 
were used as inputs in image classification. The maximum 
likelihood classifier has been used for the land use land cover 
classification. The training sample collected for the 
classification were spread around the whole image and pure 
classes were selected. These training samples provides 
variability within the class and between the other classes. In 
the classification, two classes' i.e.,built-up and non-built-up or 
green spaces were selected for LULC classification. The 
output results land cover changes and time series variations 
were studied for Jalandhar. 

Fig. 1:Study area map of Jalandhar city. Fig. 2: Methodological approach used in this study
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2.4. Derivation of Land Surface Temperature
The Landsat 5(TM) band 6 and Landsat 8 (OLI) band 10 were 
used to retrieve Land surface temperature.

LST estimation for Landsat 5:
For the mapping of land surface temperature from Landsat 5 
data following steps were followed: (1) conversion of Digital 
number into the spectral radiance (2) converting the spectral 
radiance to temperature (Kelvin scale) image; and (3) 
converting the temperature in Kelvin to degree Celsius.

Step 1: Covert top of Atmospheric digital number to 
spectral radiance calculation formula for Landsat 5 data:

(1)

Where: L(λ) spectral radiance, Lmin (λ) minimum spectral 
radiance, L max (λ) maximum spectral radiance, Q dn= gray 
level of the TM image (DN= 0), Qmax=maximum numerical 
value of the TM image (Q max= 255) equation (1).

Step2: Conversion of spectral radiance to Temperature in 
Kelvin

(2)

(Alhawiti & Mitsova et al., 2016) provides the formula to 
converts the spectral radiance to at satellite brightness 
temperature equation (2), where:

TB is the satellite brightness temperature in degree Kelvin; 
K1 and K2 are the pre-calibration constants of thermal band 
from the metadata file (Downloaded from USGS), the value 
of K1 = 607.76 and K2 = 1260.56 for Landsat 5 thermal band.

Step 3: Conversion of Kelvin to Celsius

(3)

LST estimation for Landsat 8:
For the mapping of land surface temperature from Landsat 8 
data following steps were followed: (1) conversion of Digital 
number into the spectral radiance (2) converting the spectral 
radiance to temperature (Kelvin scale) image; and (3) NDVI 
Calculation (4) Emissivity Calculation (5) Derivation of 
LST.

The brightness temperature Tb is determined using radiative 
transfer equations, which estimate top of the atmosphere 
(TOA) radiances and use Planck's law to calculate blackbody 
temperatures  equation (1).Landsat 8 has two thermal bands 
(band 10 and 11), but the only band 10 is used in the LST 
calculation due to uncertainty in the bands 11 .

Step 1: Covert top of Atmospheric digital number to 
spectral radiance calculation formula for Landsat 8 data:

(1)

Where: 
L (l) = Top-of-Atmosphere (TOA) spectral radiance in W/ 
(m2.sr.mm), ML = Band-specific multivariate rescaling 
factor from the metadata, AL = band-specific additive 
rescaling factor from the metadata, Qcali= Calibrated 
standard product pixel value (DN) Oi: i= Offset used for the 
calibration of Landsat 8 TIRS band.

Step 2: The next step was to convert the spectral radiance 
into brightness temperature. 

The satellite brightness temperature TB in degree Kelvin; K1 
and K2 are the pre-calibration constants of thermal band from 
the metadata file (Downloaded from USGS), the value of K1 
= 774.8853 and K2 = 1321.0789 for Landsat 8, band 10 
equation (2).

(2)

Step 3:  NDVI calculation
Emissivity is calculated using the NDVI threshold approach, 
which used OLI bands 4 and 5.

The NDVI is a useful indication of vegetative s tress, health, 
greenness, andbiomass. NDVI values ranged from - 1 to + 1 
and positive values indicated vegetation, while negative 
values represented barren areas containing no vegetative 
cover  equation (3).

The Normalized Difference Vegetation Index (NDVI) 
calculation formula:

Step 4:  Emissivity Calculation
In this study, for estimation of LST, we have used the method   
(Dar et al., 2019) that considered variance (m), alongside soil 
and vegetation emissivity (n), and the proportion of 
vegetation (PV) as calculated from equations (4),(5) and 
(6).Obtain the land surface emissivity (e) from equation (7). 

(4)

(5)

(6)

(7)
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Where, ∈ Sand ɛv are the soil and vegetation emissivity, 
F=0.55 (shape factor and it considering different geometric 
distribution '  We have considered m= 0.004 and n=0.986 
these findings of ' .

Step 5: Derivation of LST
Finally, LST were calculated from Landsat 8 TIRS band 10 
using equation (8), at satellite brightness temperature (TB) 
obtained from equation (3) and the corrected for surface 
emissivity (e) from  equation (7)and in last temperature 
converted to degree Celsius (°C)  equation (8).

(8)

Where (λ) wavelength of emitted radiance (λ=10.8 m) for 
band 10 of Landsat 8 (Dar et al., 2019).

2.5. Statistical analysis and spatial analysis
Pearson's correlation coefficient was used to analyze the 
linear correlation between LST and NDVI. The correlation 
coefficient was used to measure the relationship. The 
statistical method depends on the properties of the variable or 
the scale of the variable. There is a medium to high 
relationship if the correlation coefficient value is 1 or close to 
1. Conversely, if the value is close to 0, there is a medium-low 
relationship or no relationship. In addition, the positive or 
negative sign in mathematics indicates the direction of the 
relationship. The plus sign represents the value of the positive 
relationship and the minus sign represents the value of the 
negative relationship in equation (9).

(9)

The correlation analysis has been carried out to understand 
the relationship between of LST and NDVI. The scatter plots 
of LST and NDVI have been generated to draw the trend line 
and statistically analyses of the degree of effect and 
relationship, R² values were calculated.

3. RESULTS AND DISCUSSION

3.1. Land Use Land Cover changes in 2000, 2010 and 2020
The results show that Jalandhar city has experienced rising 
urbanizations from 2000 to 2020 (Fig. 3, 4, 5 and Table 1). 
The LULC classification shows a substantial change in the 
urban area. The total built-up area in 2000 was 73.38 km², it 

increased to 78.92 km² by 2010 and finally reached 87.21 km² 
in 2020. It was observed that from 2000 to 2020, the transition 
takes place in which a large quantity of fallow land and empty 
land was converted into an urban area and followed by 
plantation, cropland and vegetation. The amount of this 
conversion was high for the sites that contain green cover. 
The change of fallow land and empty regions to urban areas 
increased considerably.

Fig.3 : LULC Maps of Jalandhar City during 2000, 2010 

and 2020.

The results demonstrate that a significant area of 28.76 km² 
(2000), 20.35 km² (2010) and 14.40 km²of cropland have 
been converted to urban space. The change in land use/cover 
was mostly caused by over exploitation of land for built-up 
purposes and to raise real estate value.

Fig. 4 : Area statistics analysis of urban expansion and 
urban green spaces.

Table 1: Urban growth and green spaces statistics of 
Jalandhar city during 2000 to 2020.

Year Increase  in Built-up Decrease  in green 
area ( km²) spaces area ( km²)

2000 -2010 5.54 8.41

2010- 2020 8.29 5.95
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3.2. Spatial Pattern of Normalized Difference Vegetation 

Index 

The NDVI have been broadly used to study the relationship 

between spectral variability and changes in vegetation growth 

rate. It is also effective for determining the development of 

green vegetation and detecting changes in green cover. For the 

respective years in NDVI most remarkable change was found. 

NDVI in Jalandhar city varies the range of NDVI values in 

2000 from -0.14 to 0.51, in 2010 -0.11 to 0.49 and in 2020 

image from -0.02 to 0.56 (Fig.6). The positive NDVI value 

shows the high green cover, while lower NDVI value shows 

the barren and urban areas. The green areas in Jalandhar are 

situated in the north and west direction of the city. The NDVI 

value was highest in the dense vegetation area of the outer 

edge. Furthermore, in 2000 and 2010, the NDVI values ranges 

are higher than 2020, which shows that the density of 

vegetation in Jalandhar has been more than in 2020.The 

NDVI is mostly negative in the urban area.

Fig. 5: Spatial temporal changes in urban expansion and 
urban green spaces during 2000, 2010 and 2020.

3.3. Spatial Pattern of Land Surface Temperature 

The distribution of LST shows that the city has more 

temperature inside than its outskirts (Fig.7). The LST 

distribution in Jalandhar city depicts a change in the surface 

temperatures in time series. The temperature varies from of 

36.05 °C (May) in the year 2000, followed by 42.96 °C (June) 

in 2010, and then, it was 49.39 °C (June) in 2020, whereas the 

minimum temperature was observed to be 20.64 °C in 2000, 

Fig.6 : Normalized difference vegetation index (NDVI) of 

Jalandhar City 2000, 2010 and 2020.

30.42 ° in 2010 and 33.12 ° in 2020 and the average LST in the 

study area was 28.20°C, 37.82°C and 43.03°C in from 2000 to 

2020 (Table 2).

The 30 years trend shows that LST is increasing which may 

cause of UHI effects. LST increases especially in the North 

and Northwestern part of the study area. This area consists of 

industrial center, center of economic and transportation. The 

distribution of LST can be influenced by the composition and 

structure of urban green spaces. The central part of the city 

consists of high-density residential area causing high surface 

temperature. The result showed that in 2000, 2010 and 2020 

LST is increased.

3.4. Correlation between Land Surface Temperature and 
Urban Green Spaces
The mean LST and NDVI shown negative correlation (Fig.8) 
respectively. The scatter plots shows higher surface 
temperature, where value of NDVI was low. The low value of 
NDVI was associated with the dense urban areas containing 
very low vegetation cover available. High value of NDVI 
shows high vegetative cover and these areas shows low 
surface temperature.

Fig.8: Correlation between LST and NDVI during 2000, 
2010 and 2020.

Fig.7 : LST variation in Jalandhar City 2000, 2010 and 
2020.

Table 2: The statistical information of the land surface 
temperature.

Date Minimum Average Maximum
temperature temperature temperature

May 2000 21.64 28.20 34.52

June 2010 32.05 37.82 42.58

June 2020 33.73 43.03 48.25
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CONCLUSION

This study provides an analysis of LST in Jalandhar City using 

Landsat 5 TM and Landsat 8 OLI data from 2000 to 2020. The 

relationship between built-up area and Urban Green Space 

was studied, and their impact on Land Surface temperature 

was analyzed. The results clearly indicate that the Land 

surface temperature rises as the percentage of built-up land 

increases. The green cover in the city negatively impacts the 

Land surface temperature. The study suggested that the 

sustainable development of a city requires an adequate green 

surface, which helps to dissipate the solar energy into the 

environment and helps the urban areas reduce the temperature 

gradient. For the already developed regions, the use of trace 

gardening and a green roof will help to reduce the effect of the 

urban heat island. This study demonstrates that green spaces 

are essential for the urban environment to reduce negative 

impacts of urban sprawl.
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Abbrevation Used
1. LST: Land Surface Temperature
2. TOA: Top of the Atmosphere
3. TB: Brightness Temperature
4. NDVI: Normalized Difference Vegetation Index
5. OLI: Operational Land Imager
6. PV: Proportion of Vegetation
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7. UGS: Urban Green Space
8. UHI: Urban Heat Island
9. TIR: Thermal Infrared Band
10. USGS: United States Geological Survey

11. LULC: Land Use Land Cover
12. TM: Thematic Mapper 
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