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Abstract: This study offers a reasonable investigation of the changes in land use and land cover (LULC) over
the course of three decades (1991-2021) in Bundi city of Rajasthan. Remote sensing and GIS are the newest
approaches for detecting changes in land use and land cover mapping. Data presentation, quality, and
efficiency of the mapping are all enhanced by this technique. To study LULC variations in Bundi city, Landsat
images (i.e., Landsat-5 and Landsat-8) obtained in the years 1991, 2001, 2011, and 2021 were used. For this
study, a classification embraced of five classes—Crop Land, Barren & Shrubs Land, Vegetation, Water Bodies,
and Built-Up Area—were considered. The interactive supervised classification technique was used to identify
LULC. The findings of the study can help local governments impose urban planning laws, surge public
awareness, and direct legislators in developing long-term sustainable planning and management methods.
Land Use/Land Cover (LULC) changes have a large impact on Land Surface Temperature (LST). The LST is
an indispensable indicator in environmental and climatological studies to understand the Earth's surface-
atmosphere interactions.
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I. Introduction

We are one of nature's most destructive forces, continuously modifying the environment to make it more
conducive to our survival. The Earth's surface has changed dramatically throughout human history, with the
construction of enormous walls, national border barriers, embankments, urban planning, industry, and agriculture.
The conversion of natural vegetation to a human-induced landscape alteration typically leads in habitat
fragmentation, degradation, and loss, which can have disastrous consequences for biodiversity (1). Changes in
land use and cover are a significant component of global environmental change. Remote sensing data can be used
to study changes in land use and cover, including changes in landscape structure, location, and quantity over time.
Geospatial applications are the most effective way to assess land use and cover (2). Land use and management
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methods in India are fast changing as a result of the country's rapid population and economic growth, with
substantial consequences for the urban environment (3). Urbanization has caused drastic changes in land cover
(4). The term "land cover" refers to the natural layer that is present on the surface of the land, whereas the term
"land use" relates to the activities that are carried out by humans on the land (5).

Many scholars around the world are keeping a watch on these transitions in land use, which are caused by the
interaction of a society's physical demands, state, and cultural legacy with the land's intrinsic potential, in order
to increase understanding of humans, the natural world, and natural resources (6). Natural resources are under
immense pressure due to population increase, urbanization, climate change, economic growth, environmental
degradation, and resource depletion (7). Rapid population growth has led to a shift from rural to urban areas due
to factors such as employment, healthcare, and infrastructure. This has put additional stress on natural resources
(8). Remote sensing and GIS are now cost-effective and time-saving for LULC changes at micro to macro scales,
thanks to advancements in technology (9). Identifying temporal and spatial alterations in builtup area expansion
and population growth is crucial for ensuring the city's sustainable future. Knowledge of historical, present, and
future LULC changes allows for an accurate assessment of their socioeconomic and environmental impact. LULC
change studies provide insights into rapidly changing areas, landcover types, transformations, land use rates, and
factors of change (10).

Heatwaves and extreme summer temperatures are becoming more regular. They are predicted to become much
more common in the northern hemisphere in the next decades, particularly in the Indian subcontinent, as rising
temperatures arrive earlier and stay for longer periods (11). Furthermore, heatwaves are projected to increase in
frequency, length, and intensity under climate change, according to various research (12). Various studies have
been conducted on the relationships between LULC and Land surface temperature (LST) in India and across the
globe. Researchers used geospatial technology to study the relationship between LULC and LST in various
locations throughout the world. However, more research is needed to understand the impact of urban LULC on
LST and urban heat islands, particularly in India. Land Surface Temperature (LST) refers to the earth's radiative
skin temperature resulting from solar radiation (13). The amount of sunlight received by the earth's surface and
the type of LULC affect this. This is a crucial indicator of the earth's energy balance and a fundamental metric for
studying microclimates (14).

Several studies in India have examined disparities in LULC at both geographical and administrative levels.
Haadiya et al 2024, analysed the land use of Jammu district of India using remote sensing (7), Prasad et al 2021
undertook spatio temporal analysis of land use and landcover in Delhi-NCR using satellite data (3), Pawar and
Singh 2021 performed similar study for central Haryana using geospatial data (15), Kumar et al 2024 evaluated
the dynamics of land use and land surface temperature of Hyderabad city (16), Ravi 2022 used remoted sensing
for LULC detection of Jind district of Haryana (17). Yadav et al 2022 used satellite data to delineate Eru river
watershed and Yadav et al 2023 used satellite data and GIS to identify the waste dumping site for Bundi city (18).
This study examines how Land Use/Land Cover Change (LULC) affects Land Surface Temperature (LST) in
Bundi, Rajasthan. The study relies heavily on Landsat satellite data. Remote sensing data is commonly used to
analyse environmental changes, including changes in land use, land cover, forest area, water bodies, and
urbanization. To create strong and environmentally friendly urban areas that provide pleasant living conditions
for their residents, actions must be taken to minimize LST effects while implementing measures to adapt.

II. Materials And Methods

Study Area

Bundi is located in southeast Rajasthan, a western state in India between latitudes 25°23'N and 25°29'N and
longitudes 75°35'E and 75%°40'E. It is located 210 kilometres southeast of Jaipur, the state capital. The city's
2|Page
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population grew slowly, from 26478 in 1961 to 103286 in 2011. Summer temperatures in Bundi range from 42 to
48 degrees Celsius. The average rainfall during the monsoon season is between 650 and 750 mm. The temperature
throughout the winter fluctuates from 3 to 8 degrees Celsius. This city is encircled by hills on three sides, creating
a lovely setting. Its position, combined with its ancient architecture, make the city a significant element of the
state's tourism map. The city has an area of 48.17 sq.kms divided into 60 wards.

Data base

Landsat imaging is the major data source for analysing changes in land use, land cover, and land surface
temperature (LST). Pre-monsoon Landsat data is used to prevent cloud cover and improve analysis. Data for April
was downloaded from NASA's Earth Explorer (USGS) data portal for identifying LULC and LST with 30 metre
resolution. The present study is based on the thirty years data from 1991 to 2021. ArcGIS 10.8 software has been
used to perform the study. Satellite pictures from 1991, 2001, 2011, and 2021 of the same months were used to
minimize seasonal differences and improve classification accuracy. The study area's land use and cover were
classified using optical bands, and land surface temperatures were generated using thermal infrared bands. The
data was reprojected onto the 43N zone of the Universal Transverse Mercator (UTM) projection system.

Image Processing

This study uses the supervised maximum likelihood classification technique to analyse variations in LULC. It is
an important technique for extracting numerical quantities from remote sensing satellite image data. In ArcGIS
10.8, supervised classification uses the False Colour Composite (FCC) to determine regions of interest for features
including water bodies, vegetation, Barren & Shrubs land and built-up areas. Large number of pixels are taken
from each category which forms the spectral signature. The spectral signature of each class is determined using
reference data and pixel selection for each LULC type. Pixels define areas of a picture based on colour categories
and spectral uniformity. To facilitate analysis and change detection, LULC types are classified into five categories.
The satellite image resolution of 30 m makes it impossible to do more than five LULC classifications, hence this
technique is utilized. LULC categories include water bodies, Barren & Shrubs land, vegetation, built up area and
sparse vegetation or agriculture.
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Figure 1: Flow chart of the Research Methodology

Accuracy assessment

The Kappa Coefficient, commonly known as Cohen's Kappa Score, is a statistic that assesses the agreement
between predicted and actual values in a confusion matrix. It is a metric of classifier performance that is based on
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the traditional 2x2 confusion matrix. A kappa value of one indicates perfect agreement, whereas a value of zero
indicates no agreement. There is no standard interpretation of the kappa statistic, however Landis and Koch regard
0-0.20 to be modest, 0.21-0.40 to be fair, 0.41-0.60 to be moderate, 0.61-0.80 to be significant, and 0.81-1 to be
almost perfect. Fleiss rates kappas above 0.75 as outstanding, 0.40-0.75 as fair to good, and <

0.40 as poor. The kappa coefficient is computed as follows: k =N
dniN=lrmiynii=1)cGicini=1(GiCi),
Where:
11s the class number
. N is the total number of classified values compared to truth values
. mi,i is the number of values belonging to the truth class i that have also been classified as class i (i.e.,
values found along the diagonal of the confusion matrix)
. Ci is the total number of predicted values belonging to class i

Gi is the total number of truth values belonging to class i
Land cover change detection analysis
The land cover of 1991,2001,2011 and 2021were prepared by using the ArcGIS software while the change of
LULC from 1991 to 2021 was done using the MOLUSCE tool of QGIS software.

Estimation of Land Surface Temperature (LST)

It is calculated using the methodology given below. This is for Landsat 8 imagery.

Top of Atmosphere (TOA) Radiance: the top of the atmosphere is the boundary where solar energy enters the
planet while top of the atmosphere radiance is the electromagnetic radiation received from the sun or emitted by
the earth’s surface at the top of the atmosphere. Thermal infrared digital number is converted into spectral
radiance.

LA=ML xQCal +AL

Where, L A = TOA Spectral Radiance

ML = Radiance Multiplicative band

QCaL = Quantized and calibrated standard product pixel values (DN)

AL = Radiance Add band

For Landsat 5 and 7 imagery we use the following formula

Lmax A-L min A

Ir=(_—__  )x(Qcal — Qcalmin) + LminA

Qcalmax—Qcalmin

Where, L A = TOA Spectral Radiance

Qcal = Quantized calibrated pixel value in DN

Lmin)\ = Radiance minimum of Band 6

LaxA = Radiance maximum of Band 6

Qcalmax = Maximum quantized calibrated pixel value of Band 6

Qcalmin = Minimum quantized calibrated pixel value of Band 6

Top of Atmosphere Brightness Temperature: Spectral radiance data can be converted to the TOA brightness
temperature using the thermal constant values in metadata file to degree Celsius. This is same for all Landsat
images.

BT =k»/Ln(ki/LA +1)—273-15

Where, BT = Top of Atmosphere Brightness Temperature
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K> = Calibration Constant 2

K = Calibration Constant 1

LA = TOA Spectral Radiance

Table 1: Thermal Band Calibration Constants

Sensor Constant K; (Watts/(m?> * sr * Constant K2 Kelvin
pm))

Landsat 8 OLI 774.8853 1321.0789

Landsat 7 ETM 666.09 1282.71

Landsat 5 TM 607.76 1260.56

Calculation of Normalized Differential Vegetative Index (NDVI):

It quantifies vegetation by measuring the difference between near infrared and red light. It is calculated using near
infrared (band 5) and red (band 4).

NDVI = (NIR — Red) / (NIR + Red)

Based on NDVI values proportion of vegetation (PV) is calculated. PV = [ (NDVI — NDVImin) / (NDVI +
NDVImax)] ? Land surface emissivity:

It is a geophysical parameter which determines the microwave radiative transfer over land and is calculated from
NDVI values.

E =0.004 x PV + 0.986

Where, E = Land surface emissivity PV = Proportion of vegetation

Land Surface Temperature (LST):

It is the radiative temperature which is calculated using top of atmosphere brightness temperature, wavelength of
emitted radiance and land surface emissivity.

BT
LST =
ABT

[1+(C )InE)]

p
Where, LST = Land Surface Temperature BT = Top of Atmosphere Brightness Temperature A = (=11.5 um) is the

effective wavelength of emitted radiance, E = Land surface emissivity and p = h(_¢) where, ¢ is the Boltzmann
constant, h is Planck’s constant

o and c is the velocity of light

The LST values were calculated using the 6th band of the Landsat 5 TM and Landsat 7 ETM the and the 10th
band of the Landsat 8 OLI/TIRS imageries and emissivity data created from the NDVIL.

ITI.  Results And Discussion

LULC Classification and Change Detection

The estimates for the LULC classification were done for the years 1991,2001,2011 and 2021. The

classified LULC maps of Bundi city are presented in Figure 2 and quantified in Table 2.
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Figure 2 Classified LULC of Bundi city from 1991 to 2021

The classes used are water bodies, vegetation, Barren & Shrubs land, built up area and agricultural or cropland.
In Bundi city, built-up land increased from 3.03km? (6.29%) in 1991 to 10.73km? (22.28%) in 2021, making it
the most prevalent of the five LULC kinds.
Table 2: LULC distribution in 1991,2001,2011 and 2021

1991 200 1 2011 2021
LULC Type Area  (in|Area in% [Area (injArea Area  (in)Area in% [Area (inJArea in%
[km?) lkm?) in% [km?) lkm?)
Water bodies 0.44 0.91 0.79 1.64 0.64 1.33 0.31 0.64
[Vegetation 15.94 33.09 20.67 42.91 16.58 34.42 0.19 19.08
Built up area 3.03 6.29 3.88 8.05 8.38 17.40 10.73 22.28
Barren & Shrubs |13.45 27.92 11.17 23.19 11.91 24.72 19.94 41.40
Crops 15.31 31.78 11.66 24.21 10.66 22.13 8 16.61
Total 48.17 100.00  |48.17 100.00 48.17 100.00 [48.17 100.00

Agricultural and forest land declined from 15.31 km? (31.78%) and 15.94 km? (33.09%) in 1991 to 8 km?
(16.61%) and 9.19 km? (19.08%) in 2021, respectively. Meanwhile, water bodies remained mostly untouched.
Between 1991 and 2021, the proportion of Barren & Shrubs lands increased from 27.92% to 41.4%. Urbanization
has led to a decline in agricultural land and an increase in built-up areas. The LULC classification and change
detection suggest that Bundi city's urbanization plays a significant role in the shift from natural to built-up land.

Accuracy Assessment
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Satellite image classification requires accuracy checks and assessments to ensure quality (19). The accuracy
assessment is an important phase in the LULC classification process. Accuracy evaluation measures the
quantitative accuracy with which pixels were assigned to land cover classes (20). The accuracy of the
classification was performed with the help of a confusion matrix. The confusion matrix and accuracy of LULC
classification in 1991, 2001, 2011 and 2021was done and the results were 0.839, 0.819, 0.874 and 0.855
respectively. Although the images were carefully identified, there was some discrepancy between built-up and
open spaces due to similar reflectance values. Increasing the number of ground training locations did not improve
classification accuracy. The result of overall accuracy is above 80%, which is strong agreement of land use and
land cover classification studies.

Change Detection

Changes in LULC are measured as a percentage of total land area. Positive numbers imply enhanced
classifications, whereas negative ones show decline. In 2021, the urban and built-up LULC class area has grown
by 16%, while other LULC classes, such as shrubs and barren land, has risen by 13% (Table 3 and Figure 3).
Table 3 indicate that there is slight decline in the area of water bodies, while there is a considerable decline in the
area of vegetation and croplands. The agricultural area has gone for the urban expansion.

Table 3: LULC change analysis for the years 1991 and 2021

1991 2021

LULCT Ch in %

pe Area (in km?) Area in% Area (in km?) Area in% ange i o
Water bodies 0.44 0.91 0.31 0.64 -0.27
Vegetation 15.94 33.09 9.19 19.08 -14.013
Built up area 3.03 6.29 10.73 22.28 15.985
Barren & Shrubs 13.45 27.92 19.94 41.4 13.473
Crops 15.31 31.78 8 16.61 -15.175
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Figure 3 LULC changes from 1991 to 2021

Normalized Differential Vegetative Index (NDVI):

Vegetation cover is an important feature of the earth's surface. Its distribution, intensity, and consistency
significantly impact land surface temperature in any area. Table 4 shows the vegetation covering in the research
area using satellite images from 1991 to 2021, with ten-year intervals. NDVI values range from +1 to -1. Negative
values indicate water bodies and lack of vegetative cover (21). On the other hand, positive values close to 1
indicate dense vegetative cover (22).

Table 4: Statistics of Normalized Differences Vegetation Index (NDVI)

1991 2001 2011 2021
Minimum -0.14286 -0.50413 -0.23913 -0.07096
Maximum 0.459119 0.556756 0.435028 0.528219
Mean 0.056214 0.066089 0.066116 0.195829
Standard Deviation 0.057883 0.602916 0.059969 0.072019

The trend in the mean NDVI value fluctuated, it increased from 1991 to 2021(Table 4). This indicates

changes in the vegetative density.

Land Surface Temperature

Temperature data for the region was analysed from 1991 to 2021 in 10-year intervals. The maximum temperatures
over the region had a slight variation as it lied between 43.98 degree Celsius to 48.12 degree Celsius. Meanwhile,
the minimum temperatures varied from 0.89 degree Celsius to 7.37 degree Celsius.

Table 5: Statistics of Land Surface Temperature (LST)

1991 2001 2011 2021
Minimum 27.52 26.67 27.52 29.74
Maximum 43.34 44.83 45.20 45.16
Mean 39.84 39.85 39.91 38.81
Standard Deviation 2.11 2.33 2.12 2.64

Table 5 shows the statistics of Land surface temperature for the time period 1991 to 2021. The mean temperatures
remained around 40 degrees Celsius except in 2021 it was a bit lower as the minimum temperature this year had
increased. LST maps are prepared (Figure 4) to depict the distribution of LST in the study area. The maximum
LST was observed in 2021 as 45.2 degree Celsius and minimum LST was recorded in 1991 a 43.3 degree Celsius.
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Figure 4: Bundi Land Surface Temperatures from 1991 to 2021

The results of Figure 4 show a common pattern that topography of the area has led to variations in LST. The
lowest LST in all the years was recorded over the water bodies while the maximum LST was recorded in the
south eastern parts of the study area which is close to the railway track and is open land used for crops. Vegetation
plays a key role in moderating the temperatures and the figure 4 shows that as the vegetation declines in the area
there is a gradual escalation in temperatures. The rise in temperatures can be linked to the increase in crop lands.
During 2001, the green color of vegetation is because of orchards of guava which shrunk over the years because
of urban expansion leading to new colonies and marriage gardens. To obtain correlation data, the "create fishnet"
and "extract multi values to point" functions were used using ArcGIS. The data were then analyzed and shown
using a scatter plot investigation tool in MS Excel. Using the ArcGIS software made it easier to examine the
correlation and overall state of the study area. LST and NDVI for all four study years have negative correlation,
with R square value of 0.1075, 0.4343, 0.2255 and 0.1575 respectively. The negative correlation means that the
LST decreases as vegetation grows.

IV. Conclusions

The ecology, and long-term development of a region are all disturbed by LULC changes. Accurate and detailed
information on LULC is essential for better long-term regional development at all levels. Ground truth verification
increases the accuracy and dependability of geospatial technique-based results. Human activities are mostly
responsible for the LULC transition in Bundi city. The built-up areas and barren lands have increased while the
vegetation and crop land has reduced over the years. This is due to urbanisation which is worrisome.
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The data also demonstrate that the area's LST varies due to terrain differences. The results show a strong negative

relationship between LST and NDVI. To lower LST, farmers should focus on maintaining greenery. Urban green

belts especially rooftop gardens can minimize the effect of LST on cities, creating a more environmentally friendly

ecosystem. More research is required to fully appreciate the complex relationships between LULC change and

LST, as well as establish effective land use management techniques that balance human demands with

environmental equitability.
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