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Article info	 Abstract

Land surface temperature and vegetation indices have 
been explored as indicators for various environmental 
variables. A number of research papers have normalized 
difference vegetation index as an approximation of 
density, and urban expansion depends on normalized 
difference build-up index of Nepalgunj urban area 
ranging from 2013 to 2022. Based on Landsat 8 satellite 
images, it investigates impacts on thermal conditions, 
vegetation and settlements and retains strong trends 
for environmental transformation. The result obtained 
revealed a very strong positive relationship between LST 
and NDBI (r2 = 0.6042 to 0.7743), denoting a higher 
level of urban growth and hence an increased surface 
temperature. Similarly, there is a very strong negative 
relationship between LST and NDVI (r2 = -0.3165 to 
-0.5524), which shows that an increase in temperature 
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will have a damaging effect on health 
of vegetation. Moreover, an inversely 
proportional relationship between 
NDVI and NDBI has been found an 
explicit compromise between urban 
expansion and vegetative cover. These 
results are imperative for formulating 
and implementing the effects of UHI.

Introduction
Urbanization is a global phenomenon 
where land surfaces are massively altered 
and changed. Environmental dynamics 
along with it directly affects climate 
patterns (Chapagain, 2018; Hulley, 
2012). Within fast-growing cities such as 
Nepalgunj, rapid expansion in the built-up 
area and land-use conversion of Natural 
landscapes into hard surfaces result in 
notible changes to local temperature and 
plant (Hamal et al. 2022; Tariq & Shu 
2020).

Land surface temperature is central in 
environmental and climate research. It 
reflects the combined effect of various 
climatic and geophysical parameters 
such as soil moisture, vegetation, and air 
temperature. The thermal regime at the 
Earth's surface directly impacts on human 
comfort, energy needs, and microclimates 
within cities. Remote Sensing technology 
has enabled monitoring of LST and 
its relationship to other environmental 
factors such as-Vegetation and urban 
growth (Kalma et al., 2008). One of the 
most common vegetation indices is the 
Normalized Difference Vegetation Index 
(NDVI). This provides key information 

related to plant health and its response 
to temperature changes (Carlson et al., 
1994). On the contrary, the Normalized 
Difference Built-up Index (NDBI) 
measures the urban density effectively 
and quantifies how much the built 
structures along with hard layers have 
spread in a region that eventually causes 
changes in the surface temperature (Zha 
et al., 2003).

While multispectral satellite imagery 
is one of the important sources of data 
for understanding urban dynamics. RS 
data Vegetation, water bodies, and urban 
growth can be monitored over time with 
precision and affordability (Ahmadi & 
Nusrath, 2010; Bhandari et al., 2012; Roy 
et al., 2017). The improvement of Satellite 
technology, particularly Landsats, have 
enabled observations to be made of the 
pattern of urban growth, plant health, and 
surface temperatures (Jat et al., 2008; 
Singha et al., 2022; Valor & Caselles, 
1996). RS data helps the researchers 
in identifying the main environmental 
indicators, including NDVI and NDBI, 
which provide important information on 
the interaction between vegetation and 
urbanization.

LST is becoming more important in the 
evaluation of surface energy and water 
balances in urban areas. There is typically 
higher surface temperature in cities than 
in rural areas due to urban heat. Urban 
Heat Island (UHI) effect usually is a 
common phenomenon where lands trap 
heat due to human activities and high 
concentration of buildings, roads, and 
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other infrastructure (Cao et al., 2008; 
Kim, 1992; Wang &Akbari, 2017). In 
this context, this study discusses and 
examines how Nepalgunj, one of the 
fastest-growing sub-metropolitan cities 
is experiencing warming effects and 
impacts on vegetation, health, and urban 
planning. 

Urbanization in Nepal has increased 
rapidly due to rural-to-urban migration 
and population demographics are different 
in various ways (Bhattarai & Conway, 
2021). It has engendered disparate 
influences brought on by changes in 
population demographics. As urban 
populations increase, there are major land-
use changes. Green spaces and natural 
soil give the way to concrete, asphalt, 
and other impervious surfaces (Kuang et 
al., 2016; Wigginton et al., 2016). These 
changes worsen UHI effects, making the 
local environments warmer compared 
to rural areas. Increased LST degrades 
vegetation density, disrupt natural growth 
patterns, and contribute to declines in 
biodiversity and the ecosystem services 
breakdown (Hamal et al., 2022; Kandel 
et al., 2022).

According to the current research, LST is 
generally directly proportional to urban 
areas. Normalized Difference Built-up 
Index (NDBI), with the interpretation 
that higher temperatures are associated 
with increased built-up density (Zha 
et al., 2003). In contrast, an opposite 
relationship between LST and NDVI is 
in close correspondence, which can be 
interpreted to mean that with increasing 

temperatures, vegetation health declines 
(Macarof & Statescu, 2017). These 
Connections mean everything to 
understand how local ecosystems are 
affected by urban growth and in shaping 
sustainable land-use plans. The study 
focuses on the changes in LST, NDVI, and 
NDBI in Nepalgunj, years ranging from 
2013 to 2022. The aim is to assess how 
urbanization has impacted the variation 
in temperature. Changes in vegetation 
health and built-up area distribution will 
therefore be quite useful information 
for land-use planning and sustainable 
development.

Methods and Materials
Study area

Nepalgunj is a city located in the 
western Terai belt of Nepal in the Banke 
district, spanning from 28°8′1.12′N to 
27°59′48.24′N latitude and 81°35′9.86′E 
to 81°42′11.91′E longitude as shown 
in Figure 1. The sub-metropolitan 
city is growing quickly. The city has 
grown remarkably over the last few 
decades due to increased migration, 
improved infrastructure, and economic 
opportunities, making it one of Nepal's 
most rapidly developing urban areas. 
According to the 2021 National 
Population Census, the city's 85.94 km² 
area is home to about 164,444 people, 
or an average of 1,913 people per km². 
The urban landscape has been drastically 
altered by this rapid development, which 
has changed the interaction between 
vegetation cover, surface temperature 
patterns, and growing built-up areas.

Land Surface Temperature and Its Correlation with Normalized...
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Figure 1. Location map of (a) Nepalgunj City of Banke District in Nepal, along with the 
(b) elevation, (c) TCC image, and (d) FCC image

Nepalgunj experiences a sub-
tropical  climate with hot summers 
during April–June, when temperatures 
go above 40 °C (Subedi1 et al., 2022; 
Weather Atlas, 2023). According to the 
DHM (2014), maximum temperature 
recorded historically was 45 °C while 
in 1995 and 2012  (DHM, 2014). The 
region is also  vulnerable to heatwaves 
and seasonal flood, especially in the 
monsoon season with an average annual 

precipitation of approximately 1172 mm 
(Chhetri et al., 2020). These expanding 
cities are replacing natural landscape with 
artificial surfaces more and more rapidly 
such that the phenomenon  of UHI is 
rapidly increasing. This study attempts 
to explore the interaction of  these 
environmental drivers and investigate 
how rapid urbanization is affecting local 
climate in Nepalgunj.
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Data acquisition 

In this research, the authors used 
multitemporal Landsat 8 OLI/TIRS 
datasets from 2013 to 2022. Every 
scene provides a spatial resolution of 
30 m for most spectral bands, making 
those scenes appropriate for vegetation 
cover, land use, and land surface thermal 
pattern change analysis. The dates in 

October and November were selected 
with the purpose of minimizing cloud 
interference, hence ensuring their high 
quality for further processing (Khan et 
al., 2022). Precisely, Table 1 describes the 
summary of the used Landsat imagery in 
this research, including acquisition dates, 
sensor configuration, path/row, and cloud 
coverage in percentage Table 1. 

Table 1. Landsat imagery used for the study
Acquisition 

date Satellite Product scene identifier Sensor Band 
used Path/Row Resolution Cloud 

cover

2013/11/16 Landsat 
8

LC81430412013320LGN01 OLI-
TIRS 4,5,6,10 143/041 30 0.07

2016/11/08 Landsat 
8 LC81430412016313LGN01 OLI-

TIRS 4,5,6,10 143/041 30 0.11

2019/10/16 Landsat 
8 LC81430412019289LGN00 OLI-

TIRS 4,5,6,10 143/041 30 0.74

2022/10/24 Landsat 
8 LC81430412022297LGN00 OLI-

TIRS 4,5,6,10 143/041 30 0.03

The datasets were obtained from the United States Geological Survey (USGS) Earth 
Explorer portal (https://earthexplorer.usgs.gov/). Landsat 8 offers 11 spectral bands; 
each tailored for specific surface features that range from vegetation to built-up surfaces 
and thermal emissions. The wavelength ranges and the spatial resolutions adopted in 
this study are provided in  Table 2.

Table 2. Spectral characteristics of Landsat 8 bands
Bands Wavelength (µm) Resolution (m)
Band 1 - Ultra Blue (coastal/aerosol) 0.435 - 0.451 30
Band 2 - Blue 0.452 - 0.512 30
Band 3 - Green 0.533 - 0.590 30
Band 4 - Red 0.636 - 0.673 30
Band 5 - Near Infrared (NIR) 0.851 - 0.879 30
Band 6 - Shortwave Infrared 1 (SWIR1) 1.566 - 1.651 30
Band 7 - Shortwave Infrared 2 (SWIR2) 2.107 - 2.294 30
Band 8 - Panchromatic 0.503 - 0.676 15
Band 9 - Cirrus 1.363 - 1.384 30
Band 10 - Thermal Infrared 1 (TIRS1) 10.60 - 11.19 100 * (30)
Band 11 - Thermal Infrared 2 (TIRS2) 11.50 - 12.51 100 * (30)

Land Surface Temperature and Its Correlation with Normalized...
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Data pre-processing

Before analysis, several pre-processing 
operations were carried out to enhance 
geometric and radiometric quality:

Geometric correction was performed 
to align all images to the Universal 
Transverse Mercator (UTM) projection, 
Zone 44N, based on the WGS84 datum, 
using an image-to-image co-registration 
approach.

Radiometric calibration was conducted 
through the Semi-Automatic 
Classification Plugin in QGIS 3.28.13.

Additional geometric refinements were 
applied in ArcGIS 10.8 to ensure accurate 
spatial alignment.

The Banke District shapefile was used 
to subset the study area, restricting the 
analysis to the region of interest.

The overall processing workflow is 
presented in Figure 2.

Figure 2.  Methodology adopted for the study.
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Computation of LST 

(a) Conversion of digital number to top 
of atmosphere (TOA) radiance

The thermal band’s digital numbers (DN) 
were transformed into spectral radiance 
(Lλ) using the following Equation 1 
(Haylemariyam, 2018).

Equation 1

     (1)

Where:

QCALMAX = 255 is the maximum 
quantized DN

QCALMIN = 1 is the minimum DN

LMAX and LMIN are radiance scaling 
factors obtained from the image metadata

(b) Conversion of radiance into 
brightness temperature

The derived radiance was converted to 
brightness temperature (T) in Kelvin 
using Equation 2

Equation 2

                                                    (2)

Where K2 and K1 are sensor calibration 
constants. Finally, temperatures were 
converted from Kelvin to Celsius using 
Equation 3.

Equation 3

           (3)

(c) Calculation of NDVI for emissivity 
correction 

The NDVI was used to estimate vegetation 
cover for emissivity correction (Huete & 
Liu, 1994; Leprieur et al., 2000; Putri et 
al., 2021) as in Equation 4.

Equation 4

                  (4)

(d) Proportion of vegetation (PV)

From the maximum and minimum NDVI, 
the proportion of vegetation (PV) was 
computed using Equation 5.

Equation 5

                 (5)

(e) Land surface emissivity (LSE)

LSE was determined using the following 
relationship as in Equation 6 (Jiménez-
Muñoz et al., 2009). 

Equation 6

         (6)

(f) Land surface temperature (LST)

The LST was obtained from the brightness 
temperature and computed emissivity 
using Equation 7

Equation 7

                (7) 
Where:

BT = brightness temperature

Land Surface Temperature and Its Correlation with Normalized...
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λ = 10.895 μm = central wavelength

ελ = the computed emissivity

The categorization of LST, based on the 
analysis criteria, is presented in Table 3 
as described by Sasky et al. (2017).

Table 3. Land surface temperature 
categorization

S.N. LST class Description

1 Very low < 20oC

2 Low 20 oC - 25 oC

3 Medium 25 oC - 30 oC

4 High 30 oC - 35 oC

5 Very High > 35 oC

Source: Sasky et al. (2017)

NDBI

The NDBI was calculated (Zha et al., 
2003) using delineate urbanized areas 
Equation 8. 

Equation 8

                                         (8)

Where: 

SWIR = Shortwave Infrared reflectance 
(Band 6), 

NIR = Near Infrared reflectance (Band 5).

Results and Discussion

Analysis of vegetation and built-up 
indices

It shows notable changes over time 
on the temporal variation of NDVI 
and NDBI representing changes from 
2013 to 2022. land use and vegetation 
dynamics of Nepalgunj Figure 3. There 
is an inverse relation between NDVI and 
NDBI confirming that there is a loss or 
reduction of green cover and vegetation 
in the process of urbanization. While the 
mean NDBI value increased gradually 
from approximately -0.1387 in 2013 
to approximately -0.0024 in 2022, 
this evidences gradual but continuing 
changes towards higher urbanization. On 
the contrary, the mean NDVI value varied 
from almost from 0.1333 in 2013 to 
0.1974 in 2022, there were slight increases 
in vegetation density since there is a lot 
of variability within the study period. 
These patterns and trends are similar to 
as those recorded for the surrounding 
areas in Nepal, where urbanization has 
been connected to increasing values of 
NDBI and declining vegetation cover 
(Bhomi 2024). Besides that, the growing 
built areas may reduce the water retention 
capacity of the landscapes, thus affecting 
other hydrological indicators, such as 
Normalized Difference Water Index 
(NDWI) as proposed in work by (Shah et 
al., 2022). This can alter the hydrological 
balance by affecting surface water runoff 
and evaporation rates, and it has also got 
considerable connotation for proper land 
use and water management.  Maximum 
NDVI indicated an increasing trend in the 
research period, but was a bit lower. Lost 
in 2016 due to human activities involving 
land development. Minimum NDVI 
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values varied: the same had remained 
constant for the years 2013 and 2016, 
while its sharp fall was registered in 2019, 
with a significant increase in 2022. This 
could be natural seasonality or human-
induced changes, like deforestation, 
urbanization, or land use cover.

Figure 3. Average NDVI and NDBI 
change over 2013 -2022

Usually, high values of NDVI are 
indicative of high biomass areas with 
dense and healthy vegetation, whereas 
low values are typical for barren areas 
and areas dominated by non-vegetative 
land use. Higher values of NDVI also 
indicate that vegetation stays healthy for 
more days, mostly due to the availability 
of adequate soil moisture. A decline in 
NDVI in the year 2016 might relate to a 
decrease in soil water content, which has 
also been reported in some earlier studies. 
 
The NDBI pattern shows that, in 2016, 
urbanization increased and produced the 
highest values that year, reduced in 2019, 
and partially recovered in 2022 (Figure 
3). That reflects the straightforward 

relationship between increasing urban 
growth with the growth of hard surfaces at 
the expense of vegetation. Similar results 
have also been reported in previous 
studies (Karanam & Neela, 2017; Khan 
et al., 2022; Macarof & Statescu, 2017; 
Yasin et al., 2020). Since NDBI is 
responsive to built-up features (Macarof 
& Statescu, 2017), the minimum increase 
of this index over the years suggests 
further growth even in areas that are less 
developed. Generally, the more land that 
is converted to an urban area, the higher 
the NDBI value. This corresponds with 
the findings of other urban centers, such 
as Kathmandu Valley (Hamal et al., 2022) 
and Bangalore (Kanga et al., 2022). 
Figure 4 illustrates the spatial pattern of 
LST, NDVI, and NDBI for selected years 
(2013, 2016, 2019, and 2022). Figure 4 
shows the spatial patterns of LST, NDVI, 
and NDBI for selected years (2013, 2016, 
2019, and 2022). 

Land Surface Temperature and Its Correlation with Normalized...
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Figure 4. Map showing (a) LST (2013), (b) NDVI (2013), (c) NDBI (2013), (d) LST 
(2016), (e) NDVI (2016), (f) NDBI (2016), (g) LST (2019), (h) NDVI (2019), (i) NDBI 
(2019), (j) LST (2022), (k) NDVI (2022), (l) NDBI (2022)
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Land surface temperature

The Figure 5 gives the LST's consistent 
upward trend in minimum and maximum 
values recorded during the years 2013 
to 2022. The average LST increased 
by about 4.82 °C within nine years-
from approximately 24.44 °C in 2013 
to around 29.26 °C in 2022. Successive 
three-year intervals give a rise of at least 
1 °C in the minimum and maximum LST 
values. The most rapid warming occurred 
from 2013 to 2016, followed by a slight 
slowing from 2019 to 2022, indicating 
that the rate of temperature rise has 
somewhat slowed down in recent years.

Figure 5. The change in land surface 
temperature (oC) from 2013 to 2022.

This pattern follows the typical trend 
of an urban heat island effect, which 
has been well-documented for cities 
experiencing rapid urbanization across 
the world (Aryal et al., 2021; Chand et al., 
2021). During the growth of a city, green 
and water-surrounded areas are generally 
converted into heat-absorbing and heat-
storing materials like asphalt and concrete 
(Wang & Akbari, 2017), which results in 

local temperatures continuing to rise and, 
in turn, strengthening the UHI effect. 
Here, the warming trend in Nepalgunj 
is very prominent, with an increase in 
warming by approximately 0.53 °C per 
year from 2013 to 2022. While this is less 
intense than the strong UHI reported in 
Kathmandu, it still points to a concerning 
warming indication related to city growth.

Correlation analysis 

Correlation coefficients among LST, 
NDVI, and NDBI were gathered from 
the years 2013, 2016, 2019, and 2022 
in order to study the relationship among 
them. Results are shown in  Table 4 
which quantifies both the magnitude and 
direction of associations between these 
variables quantifying both the strength 
and direction of the relationships.

Land Surface Temperature and Its Correlation with Normalized...
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Table 4. Correlation coefficients for LST, NDVI, and NDBI

Year Correlation coefficients 
LST-NDVI

Correlation coefficients 
LST-NDBI

Correlation coefficients 
NDVI-NDBI

2013 -0.3528*** 0.6042*** -0.8047***
2016 -0.3165*** 0.6495*** -0.7431***
2019 -0.5524*** 0.7743*** -0.8007***
2022 -0.4257*** 0.6943*** -0.7601***

Scatter plots (Figure 6) further illustrate 
these statistical relationships. The 
patterns can be interpreted as follows:

LST and NDVI: For all study years, 
there is a moderate to strong negative 
relationship, with r² values ranging from 
-0.3165 to -0.5524 across (Figure 6-a, 
d, g, j).  The consistent negative trend 
indicates that as temperature increases at 
the surface, vegetation health decreases, 
which further corroborates earlier studies 
(Carlson et al., 1994; Hu et al., 2023; 
Macarof & Statescu, 2017).  

LST and NDBI: The relationship that 
exists between surface temperature 
and the built-up index is positive and 
statistically significant, with r² ranging 
from 0.6042 to 0.7743 (Figure 6-b, 
e, h, k). This means that increased 
LST corresponds to greater extents of 
urbanization as depicted by NDBI. This 
strong correlation supports that LST is a 
good indicator of the extension of built-
up areas, which agrees with observations 
of similar studies (Kanga et al., 2022; 
Yasin et al., 2020).

NDVI and NDBI: Strong negative 
correlation ranges between -0.8047 
to -0.7601. This indicates that with 

increasing built-up, there is a reduction in 
vegetation cover (Figure 6-c, f, i, l). Thus, 
NDVI still proves promising for land-use 
change monitoring, especially towards 
understanding the natural vegetation-
urban growth balance. This is in line with 
recent studies done by Shah et al., 2022 
and Bhomi, 2024. 
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Figure 6. Scatter plots showing relationship between (a) LST and NDVI (2013), b) LST 
and NDBI (2013), (c) NDVI and NDBI (2013), (d) LST and NDVI (2016), (e) LST and 
NDBI (2016), (f) NDVI and NDBI (2016), (g) LST and NDVI (2019), (h) LST and 
NDBI (2019), (i) NDVI

Land Surface Temperature and Its Correlation with Normalized...
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Overall, these analyses indicate that the 
losses of vegetation are accompanying 
urban expansion, whereas increased 
hard surfaces tend to increase surface 
warming. This finding corresponds to the 
pattern established for several other parts 
of the world, such as Karanam & Neela, 
2017 and Macarof & Statescu, 2017. 

Conclusion
The strong positive relation of LST 
with NDBI established that the rise 
in urbanization directly contributes to 
surface warming and reflects the urgency 
of UHI conditions. The inverse relation 
of LST with NDVI is considered an effect 
of increasing temperatures on vegetation 
health. Similarly, a steady negative 
relation of NDVI with NDBI underlined 
the trade-off between the expanding area 
and decline of natural greenery in the city.

The findings indicate an immediate 
need for integrated, cohesive, and 
sustainable urban development strategies. 
Further sprawl without planning can 
cause increased temperatures, loss 
of biodiversity, and deterioration of 
environmental quality, ultimately affecting 
the health of the general public and 
stability of ecosystems. RS technologies 
in monitoring can enable data-driven 
policy decisions by policymakers to 
balance economic growth with ecological 
sustainability. These actionable insights 
contribute to the current understanding 
of the dynamics of the urban climate in 
South Asia and, therefore, will prove very 
useful for local authorities, planners, and 

researchers interested in the development 
of resilient and environmentally friendly 
urban systems.
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