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Abstract 

Cities have come a long way from their traditional structures of past to complex structures of today. Majority of 
population burden in future will be on cities as rapid urbanization is happening. Increasing urbanization has also 
created problems such as heat island effect responsible for elevating surface temperatures and compromising thermal 
comfort. This study analyses the spatio-temporal dynamics of Land Use/Land Cover (LULC), Urban Heat Island (UHI) 
and thermal comfort of Ludhiana city over a twenty-year period from 2001 to 2021. Ludhiana which is an important 
cultural and industrial hub of north India has experienced rapid urbanization and development. Using Landsat satellite 
imagery and indices such as Normalized Difference Vegetation Index (NDVI), Normalized Difference Built-up Index 
(NDBI), Land Surface Temperature (LST), with the help of Google Earth Engine for spatial processing, the study 
quantifies significant changes in urban morphology and thermal profiles. An attempt has been made to understand the 
correlation between increasing UHI with decreasing vegetation and increasing built-up. There is a case of strong 
correlation. Mean LST of various LULC classes were calculated and there is a trend of increasing LST among all LULC 
classes.  Results indicate an 80.75% increase in built-up area primarily at the expense of vegetation (−82.88%) and 
waterbodies (−45.39%). Correspondingly, surface temperatures rose notably across all land classes, with built-up zones 
reaching an average LST of 41.8° C by 2021. There appears to be a case of intense UHI in the major parts of the city 
which is dispersed along with decrease in thermal comfort within this period.  There is need of sustainable plans for 
LULC management, along with heat action plans so that there is a conducive environment that promotes public health, 
climate resilience, decision making involving various stakeholders of the city. 
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1. Introduction

Cities have become synonymous with human development. And their evolution has been going on for quite a long time 
from ancient Egyptian, Indian and other prominent civilizations to the complex urban structures we see today. The 
emergence of cities brought with it the process of urbanization. At its core, urbanization describes not only the rising 
number of people living in urban areas, but also the shift from rural, agrarian communities to ones characterized by 
service-oriented and industrial employment and lifestyles (Sharma, 2003). Urbanization has provided immense 
benefits to mankind such as facilitation and sharing of knowledge, beliefs, and ideas as well as elevated standard of 
living. 

But urbanization has come at the cost of degrading the natural environment, including deforestation, increased concrete 
construction, and the conversion of agricultural lands into residential zones (Lwasa, 2022). Since 1990, there has been 
fourfold increase of population living in urban areas and in 2050, it is projected that two-thirds of the world population 
will be living in urban areas (Gu, 2019). In recent decades, there are common problems facing cities and their urban 
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environs such as Urban Heat Island (UHI) effects (Phelan et al., 2015). UHI is defined as contrast in temperatures of 
built-up and its surrounding environments. Built-up areas are known for elevated temperatures whereas waterbodies 
and vegetation tend to have cooler temperatures. UHI is created by combination of factors such as heat produced by 
humans, poor air circulation, air pollution, meteorological conditions prevalent in the city and its surrounding 
environments (Tzavali, 2015). As UHI of the city intensifies there is an elevation of average surface temperatures 
therefore creating a condition that becomes unbearable to live in. 

Recently there has been significant advancement in remote sensing capabilities to map thermal flow dynamics of a 
region with the help of thermal satellite imageries, though there are certain limitations such as coarser resolutions, 
sensor calibrations, atmospheric disturbances, and image processing (Ma et al., 2021; Wu et al., 2021). There are 
numerous studies that have demonstrated how it can be helpful in studying urbanization and its impact on natural 
environments (Waleed and Sajjad, 2023; Guha et al., 2018). Cloud computing platforms such as google earth engine 
along with traditional software’s like QGIS, ArcGIS have widened the scope of such studies. Cloud computing involves 
large amounts of spatial analysis on host server without the need to download or store files on personal computers 
(Gorelick et al., 2017) 

Therefore, making it an important topic for creating sustainable and healthy habitats without compromising natural 
ecosystems. This study tries to understand Land Use Land Cover (LULC) and UHI dynamics correlated with 
deteriorating vegetation, open spaces and increasing concretization in Ludhiana city. 

2. Materials and Methods 

Research methodology involves data acquisition, LULC classification, assessment of LULC changes, Land Surface 
Temperature (LST) computation and estimation of UHI using google earth engine. Landsat imagery served as the 
primary data source for this study. Landsat 7 Enhanced Thematic Mapper Plus (ETM+), Landsat 8 Operational Land 
Imager/Thermal Infrared Sensor (OLI/TIRS) tier-1 Surface Reflectance (SR) datasets were accessed via the Google 
Earth Engine catalogue for the summer months (May to September) in 2001 and 2021, respectively. For land surface 
temperature (LST) computations, thermal bands were selected specifically for their reliability and accuracy: band 6 for 
Landsat 7 and band 10 for Landsat 8, following established standards in the literature. Although Landsat 8 offers two 
thermal bands, band 10 was favoured over band 11 due to its demonstrated consistency and better performance in LST 
retrieval (Jiménez-Muñoz et al., 2014; Zhou et al., 2018). Satellites, period of imagery, band used and notes are 
mentioned in table 1.  

Support Vector Machine (SVM) was employed for supervised LULC classification, as it is known to show robust results 
with better boundary separation among classes with limited possible samples (Huang et al., 2002; Khatri et al., 2025). 
After LULC classification, accuracy assessment was done using indices such as Overall Accuracy and Kappa Coefficient 
(Waleed & Sajjad, 2021; Waleed & Sajjad, 2023). Normalized Difference Vegetation Index (NDVI), Normalized Difference 
Built-up Index (NDBI) were also calculated. Shapefiles were obtained from the Survey of India, and the Ludhiana city 
boundary shapefile was digitized using data from the Municipal Corporation of Ludhiana's website. QGIS software was 
utilized for the visualization and analysis of the maps. 

Since we are using Landsat Surface Reflectance for both Landsat 7 and 8, we do not need to convert digital numbers into 
radiance values as it is already adjusted with atmospheric, radiometric, and geometric corrections (USGS, n.d.; Abd et 
al., 2025). However, to make something of a meaningful observation there is a need to apply scaling factor (USGS, n.d.; 
Abd et al., 2025), it is provided in Equation (1). At sensor brightness temperature is measured with the help of equation 
(2) along with default Fahrenheit units converted into degree Celsius (Chander et al., 2009; Waleed & Sajjad., 2023). 
Digital Numbers into LST have been computed using equations (3-5) as done in previous studies (Weng et al., 2003; 
Chander et al., 2009; Tariq et al., 2021; Waleed & Sajjad., 2023). 

ReflectanceB =  (DN ×  Scaling Factor) +  Offset                                        (1) 

Scaling factor is applied to each individual pixel and then multiplied by a gain. Value of scaling factor is 0.0000275 and 
offset is -0.2, these values come along with metadata files of Landsat. 

𝑆𝑇𝐵 =
𝐾2    

𝑙𝑛𝑙𝑛 (
𝐾1
𝐿𝜆

+1)   
  − 273.15                                                        (2) 
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K1 and K2 are constant values available on the official website of United States Geological Survey (Mirza & Sajjad, 2023). 
STB represents at satellite brightness temperature and -273.15 is subtracted to get the value in °Celsius directly as 
dataset is originally in Fahrenheit. 

Now we have calculated at satellite brightness temperature from equation (2), now we calculate corrected emissivity 
(ε), which can be calculated by NDVI’s each pixel value, as shown is studies (Imran et al., 2021; Waleed & Sajjad, 2023). 
In equation 3, emissivity correction is applied to at sensor brightness temperature STB, then LST is calculated. 

                                                 𝐿𝑆𝑇 =
𝑆𝑇𝐵

1+(
𝜆⋅𝑆𝑇𝐵

𝜌
)⋅𝑙𝑛𝑙𝑛 (𝜀) 

                                                             (3) 

Equation 4 provides the formula for obtaining the values of normalized UHI values. Many studies have applied this 
technique (Waleed & Sajjad, 2023; Singh & Sharston, 2023; Khatri et al., 2025) as it helps in evaluation of inconsistent 
thermal areas, allowing for comparison across different time periods while reducing seasonal and even diurnal 
temperature inconsistency bias. Below is the equation of normalized urban heat. 

                                                         𝑈𝐻𝐼𝑛 =
𝑇𝑆−𝑇𝑀

𝑆𝑡𝑑
                                                                (4) 

UHIn refers to normalized UHI, Ts refers to LST, whereas Tm refers to mean LST, Std is the standard deviation LST of 
the study area.  

Indices like NDVI and NDBI were also calculated to perform a correlation among these indices with UHI. Equation 5 and 
6 represent the NDVI and NDBI formulas, respectively. 

                                                  𝑁𝐷𝑉𝐼 =  
𝑁𝐼𝑅−𝑅𝑒𝑑

𝑁𝐼𝑅+𝑅𝑒𝑑
                                                                        (5) 

                                                 𝑁𝐷𝐵𝐼 =
𝑆𝑊𝐼𝑅−𝑁𝐼𝑅

𝑆𝑊𝐼𝑅+𝑁𝐼𝑅
                                                                       (6) 

For obtaining NDVI formula near infrared channel (band) and red channel (band) were used. Whereas for obtaining 
NDBI Shortwave Infrared channel (band) and near infrared channel (band) were utilized.  

Furthermore, LULC maps for the year 2001 and 2021 were prepared to better understand the inter dynamics between 
changing LULC and LST. Overall accuracy and Kappa coefficient were derived to measure the robustness of the LULC 
classification. 

2.1. Study Area 

The study region is Ludhiana city, which is situated in north Indian state of Punjab. It is a hub of state’s business and 
industrial activities and quite famous for its world class quality of bicycle and hosiery products. Longitudinal and 
latitudinal extent of city is 75.76° east to 75.95° east, and 30.82° north to 30.95° north, respectively. According to 
Municipal corporation of Ludhiana it has an area of 159.7 square kilometres and has a population of approximately 1.6 
million (Census of India, 2011). Fig 1 depicts the location of the study area. 

Over the last few decades, the city has undergone massive transformation in terms of its LULC dynamics, with significant 
increase in its impervious areas. Therefore, it is important to know the extent of altered heat dynamics due to changes 
in LULC of the city in these last twenty years. 
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Figure 1 Location of study area 

3. Results and Discussions 

This section presents the key findings of the study, structured into the following components: 

LULC classification with validation and accuracy assessment, Average summer temperatures and standard deviations 
for 2001 and 2021, Correlation between NDVI and UHI, as well as NDBI and UHI, Mean temperature variations across 
LULC classes over the 20-year period, and UHI spatial dynamics. 

Table 1 illustrates the spatial extent of LULC classes in 2001 and 2021. In 2001, built-up areas were the largest (55.52 
km²), followed by agriculture (37.54 km²), vegetation (36.27 km²), barren land (20.39 km²), and water bodies (9.98 
km²). By 2021, built-up areas expanded significantly to 100.35 km², while vegetation, water bodies, and barren land 
declined sharply. Agricultural land remained relatively stable. The table also captures percentage changes in each class 
over the two decades. Figure 2 visualizes the spatial distribution of LULC classes across both time periods.  

Table 1 LULC Dynamics of Ludhiana city (2001-2021) 

S. 
No 

Class Area Sq.kms 
(2001) 

Area Sq.kms 
(2021) 

Changes in 
Sq.kms 

Percentage Changes in 
Area 

1 Built-up 55.52 100.35 44.83 80.75 

2 Waterbody 9.98 5.45 -4.53 -45.39 

3 Vegetation 36.27 6.21 -30.06 -82.88 

4 Agriculture 37.54 37.73 0.19 0.51 

5 Barren land 20.39 9.96 -10.43 -51.15 

 Total 159.7 159.7   

Source: Computed by Authors in Google Earth Engine 
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Built-up area has gained the most area in these last twenty years with a huge gain of 80.75 percent, other LULC class 
that has a positive gain is agricultural land, a marginal gain of 4.03 percent, other three LULC categories have negative 
percentage values, vegetation is among them with loss of 83.46 percent. Barren land also has loss of 51.15 percent, then 
waterbody with a loss of 45.39 percent (Figure 2). These findings resonate with other studies where built-up areas have 
expanded at the expense of reduction in vegetation and subsuming barren land areas within its fold (De La Barrera & 
Henríquez, 2017; Du et al., 2019; Yang et al., 2021).  

Ludhiana city is no such exception in this regard with increasing population numbers and density; it has felt the same 
impact of transitioning from variety of landscapes to a single homogenous landscape dominated by one single LULC 
class, it is the built-up area. Table 2 shows the overall accuracy and kappa coefficient of LULC classification for both 
considered years. Overall accuracy and kappa coefficient can be considered in the category of ‘substantial agreement’ 
and the study’s result can be considered for further research in this field (Rwanga and Ndambuki, 2017).  

Table 2 Overall Accuracy and Kappa Coefficient of LULC Classification 

Year Overall Accuracy Kappa Coefficient 

2001 0.83 0.80 

2021 0.84 0.75 

Source: Computed By Authors 

 

Figure 2 LULC Dynamics of Ludhiana city  

Since being dominated by one single class of built-up, the average summer temperature has also increased during this 
time. The LST in 2001 (May to September) was 39.04° Celsius with standard deviation of 3.08° Celsius. The average 
maximum LST was 42.84° Celsius and average minimum LST was 35.96° Celsius. And in the year 2021, the average LST 
was 41.22° Celsius and standard deviation of 2.45° Celsius, the average maximum LST in 2021 was 43.67° Celsius and 
average minimum LST was 38.77° Celsius. Thermal changes are quite visible across this period. The more concerning 
fact is that changes in the average minimum LST (+2.81°) are more as compared to changes in average maximum LST 
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(+0.83°). Regarding changes in the LST for summer, the minimum temperature has risen form 28.81° Celsius to 30.39° 
Celsius from 2001 to 2021, respectively. As is the case with maximum temperature which has also risen from 41.65° 
Celsius to 44.08° Celsius (Figure 3). 

 
Source: QGIS and Google Earth Engine 

Figure 3 LST Dynamics of Ludhiana city 

We can say based on our findings that those regions of the city which had lower LST values are experiencing higher LST 
because of the changes in LULC dynamics, dominance of impervious surfaces (building, pavements) and vegetation loss. 
These findings of increase in LST and changes in LULC dynamics are consistent with our findings of increasing built-up 
area at the expense of vegetation loss. NDVI and NDBI are indices which are calculated with the help of satellite 
imageries to measure vegetation health and built-up area dynamics, respectively (Meneses-Tovar, 2011; Guha et al., 
2018). NDVI (Figure 4) for the year 2001 was 0.35 which is moderate quality of vegetation and for the year 2021 it is 
0.16 implying considerable degradation of vegetated surfaces (Hashim et al., 2019). So, the city has transformed from 
moderate vegetation health to almost negligible form of vegetation.  
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Source: QGIS and Google Earth Engine 

Figure 4 NDVI of Ludhiana city 

Regarding changes in the NDBI of the city, it was 0.13 in 2001 and in 2021 it had a value of 0.26. Increase in the built-
up area has a positive relationship with increasing LST, as built-up areas exhibit higher temperatures as compared to 
non-built-up areas (Alademomi et al., 2022). Figure 5 depicts the NDBI of the Ludhiana city. 

This study has also examined the Pearson Correlation between NDVI vs UHI, NDBI vs UHI, as well as mean temperature 
variations across LULC classes. To establish the correlation, it was important to calculate zonal statistics to help 
differentiate between urban and non-urban areas and these statistics were calculated in google earth engine. Our 
findings reveals that there is a strong negative correlation between NDVI and UHI, as observed in many studies 
associated with LST and UHI (Zhang et al., 2010; Ogashawara and Bastos, 2012; Ahmad et al., 2024). For 2001 and 2021, 
the correlation values are -0.80 and -0.96, respectively for 2001 and 2021 (Figure 6 and 7), indicating that decrease in 
the vegetation has resulted into stronger correlation with UHI.  
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Source: QGIS and Google Earth Engine 

Figure 5 NDBI of Ludhiana city 

 
Source: Computed in Google Earth Engine 

Figure 6 NDVI vs UHI Correlation for 2001 

 

r= -0.80 
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Source: Computed in Google Earth Engine 

Figure 7 NDVI vs UHI Correlation for 2021 

But on the other hand, NDBI and UHI tend to have a positive correlation between them (Macarof & Statescu, 2017; Singh 
et al., 2023) and correlation is exactly 0.95 for both years, indicating the fact that increase in built-up surroundings has 
resulted in intense UHI effect on the city’s environment. Both indices indicate that there is a strong correlation of 
decrease in city’s vegetation cover coupled with dominance of areas occupied by built-up structures (Figure 8 and 9).  

 
Source: Computed in Google Earth Engine 

Figure 8 NDBI vs UHI Correlation for 2001 

 

r= -0.96 

r= 0.95 
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Source: Computed in Google Earth Engine 

Figure 9 NDBI vs UHI Correlation for 2021 

Along with these metrics, mean temperature values for each LULC classes were also calculated (built-up, waterbody, 
vegetation, agriculture, and barren land), as it helps us to know about the temperature difference of various LULC 
classes.  

Table 3 shows the mean temperature values of different LULC classes of 2001 and 2021. These values from 2001 and 
2021 shows the zonal LST value of each LULC classes. From these observations we can see that all five classes have 
experienced increase in their respective LST values from 2001 to 2021. Interestingly, areas covered by waterbodies 
have registered maximum increase, an increase of 4° Celsius in these twenty years. Though ephemeral river named 
Buddha Dariya flows through the city centre from west to east, but only during monsoon season it has significant 
amount of water in it. But the river is not in a good condition and is suffering from solid waste, dumping of sewage into 
it, making it a polluted water source (Bhardwaj, 2025), pollution in turn can alter the thermal dynamics of waterbodies 
(Rajesh & Rehana, 2022; Naimaee et al., 2024) and it could be the reason why waterbodies have experienced maximum 
increase in this case. As for built-up area the increase in temperature is 1.6° Celsius. Agriculture and barren land have 
also registered an increase of 0.7° Celsius and 1.5° Celsius respectively. Vegetation on the other hand, which is 
responsible for lower LST and neutralize the effect of UHI also registered an increase of 0.6° Celius (lowest among all 
classes). The difference between built-up and vegetation’s LST was 2° Celsius in 2001 and in 2021 it is 3.2° Celsius. 
These zonal statistics highlight the difference between vegetation’s ability to have lower temperatures as compared to 
built-up areas which are famous for higher temperatures and lower thermal comfort for its nearby surroundings. These 
findings of higher built-up environments temperature as compared to its vegetation areas are in conformity with other 
prominent LST, UHI studies (Weng et al, 2003; Guha et al., 2018; Ahmad et al., 2024, and Khatri et al., 2025).  

Table 3 Mean LST of different classes 

S.No    Class LST (2001) (In °Celsius) LST (2021) (In °Celsius) 

1 Built-up 40.2 41.8 

2 Waterbody 37.1 41.2 

3 Vegetation 38.2 38.6 

4 Agriculture 38.5 39.2 

5 Barren land 39.7 41.2 

Source: Computed By Authors in Google Earth Engine 

Since, we have calculated the LST, NDVI and NDBI, indices and their correlation with UHI, there is certainly a case of 
UHI intensification and dispersion within the city, as result of increasing built-up areas and loss and degradation of 

r= 0.95 
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vegetation cover. To measure the UHIn (equation 4), maps were prepared for 2001 and 2021, UHI normalization was 
performed as done by Zhang et al. (2006) and Nasar-U-Minallah et al. (2023) because satellite imageries can have inter-
annual and atmospheric fluctuations therefore it becomes harder to compare them. 

Our analysis of UHI for the twenty-year period has provided some interesting observations. The UHI values for the year 
2001 range from -3.43 to 5.02 that is a range of 8.45°C whereas in 2021 range extended from -3.78 to 5.65 a difference 
of 9.43° C. These negative ranges provide us the insight about the presence of vegetation, parks, trees that is areas which 
neutralize the effects of temperature extremes, on the other hand we have positive values which reflect the areas with 
higher temperature under the influence of maximum heat retention capacity of urban areas. The change is temperatures 
is not extreme rather it is dispersed because the hottest pixel acquisition was 5.02° C but in 2021 it is 5.65° C. There is 
a change of 0.63° C. Dispersion of the UHI phenomenon appears to be intense along north-east to south-western part of 
the city, these parts of the city have high building density. These findings suggest that UHI has intensified but at a slower 
pace and it has dispersed even to the outer parts of city. These kinds of variations are quite common in places where 
urban sprawl is happening or on the rise (Qiao et al., 2014). An increase in the LST temperature range from 8.45°C in 
2001 to 9.43° C, implies the impression of increasing differences in urban thermal environments, propelled by 
permanent alterations of LULC in favour of impervious surfaces such as buildings, rooftops, pavements and so on. Even 
a smallest increase in LST can make the urban setting’s thermally uncomfortable to live.  

 
Source: QGIS and Google Earth Engine 

Figure 10 UHI of Ludhiana city 

It is therefore imperative on the governments part at all levels to design future land use plans in such a way that 
integrate environmental as well as human resources development. So that city’s residents do not suffer from the fallouts 
of haphazard and unplanned development. India’s National Action Plan on Climate Change (NAPCC) launched in 2008 
focuses on long term policies pertaining to making cities disaster resilient, increasing the quantity and quality of green 
cover, urban mobility, energy efficiency and waste management along the sustainable development goals to build better 
cities for its habitants (MoHUA, 2021). Various cities across India are implementing Heat Action Plans (HAPs) to better 
manage heat wave conditions. These plans involve multiple stakeholders and actively engage residents in community-
led cooling solutions. The integration of spatial technologies, such as Geographic Information Systems (GIS), facilitates 
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ward-level mapping of heat-vulnerable areas. Additionally, HAPs place a targeted emphasis on public health measures 
to protect populations most at risk (NRDC, 2025). 

4. Conclusion 

Ludhiana’s rapid urban expansion over the last two decades—marked by increased built-up areas and shrinking green 
spaces—has led to a clear intensification and spatial spread of the UHI effect. Rising land surface temperatures affect 
not just the city core but also its outer edges, particularly along north-eastern and south-western edges of the city. It is 
essential to plan smartly, aligning the city’s development with sustainable development goals. This creates cities that 
prioritize climate resilience, community driven decision making, public health management, and the integration of 
state-of-the-art technologies. 
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