
Vol.:(0123456789)

 Discover Sustainability           (2025) 6:118  | https://doi.org/10.1007/s43621-025-00920-8

Discover Sustainability

Research

Geospatial analysis of unplanned urbanization: impact on land surface 
temperature and habitat suitability in Cuttack, India

Prasanta Kumar Patra1 · Duryadhan Behera1 · Vishal Chettry2 · Krishna Manjari Jena1 · Shreerup Goswami3 · 
Muralitharan Jothimani4

Received: 12 December 2024 / Accepted: 11 February 2025

© The Author(s) 2025    OPEN

Abstract
Unplanned urbanization causes an increase in land surface temperature (LST) and adversely affects the climate and 
environment within cities. Cuttack City, India, is experiencing rapid urbanization at an alarming rate, facing particular 
environmental challenges and hosting critical ecosystems that require protection. This study uses the Urban Growth 
Suitability Index (UGSI) to determine which parts of the city are Suitable and which are unsuitable for habitation based 
on the geographic distribution of heat vulnerability surrounding Cuttack City from 1990 to 2020. Using a mono window 
method, the LST for 1990, 2000, 2010, and 2020 is derived from the Landsat 5, Landsat 7, and Landsat 8 satellite data. 
A simple linear regression model has been used to establish a trend in the relationship between LST and land use/land 
cover (LULC), similar to UGSI with LST. Finally, the most Suitable and Unsuitable regions for habitation in Cuttack City are 
marked using UGSI. The findings indicate that the highest temperature in the city was 32.07 °C in 1990 and increased to 
38.67 °C in 2020. This is due to the decrease in city vegetation area by 51.39% and the expansion of the urban area by 
58.19%. The core region of the city shows higher temperatures than the urban fringes, where vegetation cover is scanty 
or has no greenery. Out of 59 administrative wards (Municipal administrative regions) in Cuttack City, 27 experienced 
acute temperatures due to sparse vegetation cover and an intense built environment. A total area of 15.99 km2 of Cuttack 
City facing this heat vulnerability accounts for 19.61% of the total City area, which is highly unsuitable for habitation, and 
10.77 km2 of Cuttack City, which accounts for only 13.21% of the city area are Suitable for habitation. This study will help 
city planners by guiding actions to protect residents from the adverse effects of extreme heat. By combining thermal 
and land use analyses with the UGSI framework, this study offers a novel approach to spatially mapping heat vulner-
ability and urban growth suitability, enhancing urban planning strategies in rapidly urbanizing regions. However, the 
lack of high-resolution satellite data and the exclusion of socio-economic factors highlight the need for further research. 
Integrating finer-scale data could offer more robust insights for urban sustainability planning.
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1  Introduction

Rapid, unplanned urban expansion creates a significant threat to the urban ecosystem. Due to the country’s popula-
tion boom and economic prosperity, metropolitan regions in India have seen exponential growth in recent decades 
[1–3]. Unplanned urbanization increases LST, reduces green space in cities, and lowers groundwater levels [4–7]. 
Urbanization causes environmental issues, including increased urban Heat Island (UHI), climate change, urban hydrol-
ogy, etc., since it changes LULC [8, 9]. The UHI is a prominent consequence of alterations in LULC primarily driven by 
human activities [10–12]. The UHI phenomenon refers to the situation in which urban areas exhibit higher air and LST 
than nearby rural areas [13, 14]. The consequences of UHI are attributed to an increase in the emission of greenhouse 
gases, air pollution, and energy consumption [15, 16].

The primary cause of the UHI effect is the landscape transformation resulting from extensive urban development 
[17, 18]. Naturally, vegetated areas are swapped with impervious areas like buildings, roads, and railways that block 
natural seepage of rainwater and trap incoming solar radiation to increase surface temperature. In addition to this, 
a rise in vehicular emissions and gas released from air conditioners and factories also contributed to this UHI effect. 
The UHI effect causes various diseases in city dwellers due to poor air quality and high temperatures [19, 20]. UHI 
has become a significant concern over the past five decades [17–21].

After Luke Howard’s (1833) work on the UHI effect, many studies have been undertaken that show the cause and 
impact of the UHI effect [22, 23]. Similar studies on the effects of urbanization on the environment and their reper-
cussions have recently been conducted using GIS and remote sensing [24–28]. These research findings demonstrate 
that anthropogenic-induced activities are solely responsible for the rise in city temperature, which brings serious 
health consequences [29–31]. Urbanization and the movement of people from rural to urban places pose significant 
challenges in India [32, 33]. According to a report released by the National Commission on Population (NCP), it is 
anticipated that by 2050, urban regions will be home to half of India’s population (https://​main.​mohfw.​gov.​in). UN’s 
goal for sustainable urban development emphasizes the promotion of sustainable cities and communities that can 
be achieved through implementing sustainable urban planning practices [9]. Much research has assessed how LULC 
modifications affect the UHI phenomenon. However, these studies have primarily focused on major Indian cities, 
leaving a gap in understanding the situation for smaller, rapidly growing cities, which can be somewhat alarming. 
Major cities in India, like Delhi, Bengaluru, Hyderabad, Chennai, and Kolkata, with populations above 5 million, have 
exceeded their capacity to accommodate people sustainably. Hence, cities with populations below 5 million expe-
rience significant expansion in their built-up environment. This unplanned urban growth resulted in urban sprawl 
and a rise in surface temperature in these medium-sized cities [34]. Hence, it is essential to observe and measure the 
urban growth and its impact on the increase in surface temperature in medium-sized Indian cities.

Medium-sized cities like Cuttack serve as critical case studies for understanding the dynamics of urbanization 
and its environmental consequences. These cities often experience rapid growth that outpaces their planning and 
infrastructure development, leading to significant environmental and climatic challenges. Unlike larger metropoli-
tan areas, medium-sized cities typically lack the financial and institutional resources to implement advanced urban 
management strategies, making them more vulnerable to heat stress, urban sprawl, and ecological degradation. 
Cuttack City, the former capital of Odisha, India, is an ancient city with a significant role in the state’s economy. It 
holds immense socio-economic potential, attracting migration from rural areas within the state and beyond. People 
migrated to Cuttack for its opportunities in education, healthcare, and an improved lifestyle, leading to a rise in 
unplanned city-built environments and slum areas. This rapid urban expansion directly impacts land use and land 
cover patterns of the city, leading to increased land surface temperatures (LST) and exacerbating heat vulnerability. 
Studying such cities offers valuable insights into how urbanization affects the environment at a scale that is often 
overlooked in global analyses.

This study addresses the urgent need to understand the environmental impacts of unplanned urban growth in 
Cuttack City. While prior research on Cuttack City has measured urban expansion and temporal LULC changes [12, 
20], the environmental implications, particularly on temperature variation and urban heat vulnerability, remain 
underexplored. This study addresses that gap by evaluating the UGSI to identify suitable and unsuitable areas in 
Cuttack City for living based on extreme heat conditions.

To achieve this objective, this study examines Cuttack City’s land use/ Land Cover changes and temperature vari-
ations over 30 years (1990–2020) using Landsat-5 TM, Landsat-7 ETM + , and Landsat-8 OLI/TIRS satellite images to 
extract LST over Cuttack City. Then, it employs these LSTs to find suitable and unsuitable areas (in terms of extreme 

https://main.mohfw.gov.in
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heat) within the city to live in by looking at the UGSI. This research aligns with Sustainable Development Goals (SDGs) 
by promoting environmental sustainability and climate action. It is valuable for informing the Indian government’s 
Smart Cities Mission and aiding urban planners and policymakers in making well-informed decisions for sustainable 
urban development that consider local and global objectives.

2 � Study area

Geographically, Cuttack City of Odisha is located at 20°27′53.89″N latitude and 85°52′45.37″E longitude (Fig. 1). The city, 
bisected by the Mahanadi and Kathojodi rivers, is partitioned into three sectors, encompassing a combined land area 
of 81.52 km2 [35, 36]. Its strategic location has made it a vital hub for trade and commerce, resulting in high population 
densities within existing built-up land. As an industrial and economic center, Cuttack City attracts a growing workforce, 
further accelerating urban expansion. Additionally, the presence of key institutions such as SCB Medical College and 
Ravenshaw University has concentrated urban growth around these nodes, reflecting the city’s role as an administra-
tive, educational, and healthcare hub. For better governance, the city is divided into 59 administrative wards. Cuttack 
experiences a temperate climate, with an average annual rainfall of approximately 144 cm and summer temperatures 
ranging from 35 °C to 42 °C. According to the 2011 census, the city’s population was 6.1 lakh, with the 2020 population 
interpolated based on this data. The Population density of the city has increased significantly from 4,948 in 1990 to 8,422 
in 2020. This rise in population indeed triggers a change in the land cover of the town.

Fig. 1   Location Map
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3 � Data and methodology

For the temporal study of LULC change in Cuttack City, Landsat satellite data for the years 1990, 2000, 2010, and 2020, freely 
obtained from the USGS website, were downloaded and subsequently georeferenced in the WGS84 datum, followed by 
projection in UTM zone 45 N. The specification of satellite data is given in Table 1. Cuttack City boundary is collected from 
the Cuttack Municipal Corporation (CMC) website to prepare our study area boundary (https://​cmccu​ttack.​odisha.​gov.​in/). 
Population data for Cuttack City was collected from the Census of India handbook. All collected satellite data have less than 
20% cloud cover to achieve a better result and minimize error. Arc GIS 10.2 software is used for analysis and map preparation. 
The adopted methodology is displayed in Fig. 2.

3.1 � Pre‑processing of satellite data

Initially, satellite data of Cuttack City for the years 1990, 2000, 2010, and 2020 is radiometrically and geometrically corrected 
for better accuracy. For atmospheric correction, the Darkest Pixel (DP) method, also referred to as the histogram minimum 
method [37], was applied. This straightforward method is effective for cloud-free conditions and provides reasonable atmos-
pheric corrections. The DP method assumes that most of the radiance detected by the satellite sensor from dark objects is 
due to atmospheric scattering, particularly at visible wavelengths. Pixels from dark areas were used to estimate the amount 
of atmospheric path radiance in the sensor data. By subtracting the atmospheric radiance from the total sensor radiance, 
the corrected image is adjusted to reflect the true surface properties, with the assumption that dark targets have zero sur-
face reflectance. After preprocessing spectral bands of satellite imagery from each year, they were stacked or composited 
to prepare the multiband image. Then, satellite images were trimmed within the specified Area of Interest (AOI) by utilizing 
the masking tool in ArcGIS software.

3.2 � Classification of satellite image

Masked satellite data from the mentioned years is classified using the Maximum Likelihood Classification (MLC) technique 
into four major land use/land cover classes: vegetation, built-up land, water bodies, and barren land. The MLC technique 
is preferred over other classification methods because it considers cost and probability distribution functions [38]. When 
classifying an unknown pixel in the MLC technique, it calculates variance and covariance, distinguishing it from other clas-
sification methods [39].

3.3 � Accuracy assessment

Accuracy assessment is essential to assess the consistency of a classified image or the quality of the precise information 
derived from it [40, 41]. An error matrix is prepared using the 100 GCP (Ground control Points) sample collected from all four 
classified areas (25 for each category). That Matrix facilitates the calculation of the producer’s accuracy (Eq. 3), user’s accuracy 
(Eq. 2), overall accuracy (Eq. 1), and notably Kappa index (Eq. 4) of classified images.

These can be calculated using the following equations:

(1)Overall accuracy =
Tccp

Trp
× 100

Table 1   Details of the downloaded image

Year Satellite Sensor Scene_ID No. of Bands DOA Spatial 
Resolution 
(m)

1990 Landsat-5 TM LT05_L1TP_140046_19900418_20200916_02_T1 7 18-04-1990 30
2000 Landsat-7 ETM+ LE07_L1TP_140046_20000421_20200918_02_T1 8 21-04-2000 30
2010 Landsat-5 TM LT05_L1TP_140046_20100425_20161015_01_T1 7 25-04-2010 30
2020 Landsat-8 OLI/TIRS LC08_L1TP_139046_20200328_20200822_02_T1 11 28-03-2020 30

https://cmccuttack.odisha.gov.in/
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Here Tccp is the total number of correctly classified pixels in the classified image.
And Trp is the total number of reference pixels

Here 
(

Tccp
)

i
 is the total number of correctly classified pixels of ith category of the land use.

And 
(

Trp
)

i(R)
 is the total number of reference pixels in ith category of Land use (Row total)

And 
(

Trp
)

i(C)
 is the total number of reference pixels in i.th category of Land use (Column total)

(2)User Accuracy =

(

Tccp
)

i
(

Trp
)

i(R)

× 100

(3)Producer Accuracy =

(

Tccp
)

i
(

Trp
)

i(c)

× 100

Fig. 2   Methodology Flow Chart



Vol:.(1234567890)

Research	  
Discover Sustainability           (2025) 6:118  | https://doi.org/10.1007/s43621-025-00920-8

Here, ’n’ is the number of categories of land use.
The range of the Kappa coefficient lies between 0 and 1. Values closer to 1 show that classified images strongly 

agree with ground truth data.

3.4 � Population dynamics of Cuttack City

Assessing the impact of urban development on the environment, with a specific focus on the escalation of surface 
temperatures within city regions, is intricately linked to the dynamics of population growth. The growing urban 
population necessitates rapidly expanding critical infrastructures, residential structures, and transportation networks. 
This imperative, in turn, compels the conversion of natural landscapes into impermeable surfaces, predominantly 
constituted of materials such as asphalt and concrete.

To analyze the population scenario of Cuttack City, it is essential to collect population data for our study years. 
However, the years 1990, 2000, and 2010 are chosen for the present study. Although the census was undertaken 
in 1991, 2001, and 2011, this study considers the population of Cuttack City in the respective census years as the 
population for the study years (1990, 2000, and 2010). As the 2021 census has not yet been conducted, to calculate 
the population for 2020, the census data has to be interpolated.

Assuming population growth is exponential, applying the following formula (Eq. 5), the population growth rate 
per year is determined [42].

Here Px is population in census year x.
Px+10 is population in census year x + 10.
r is the rate of annual population growth and it is calculated using (Eq. 6).
Where,

P1—population in time t1.
P2—population in time t2.
t1 and t2 are in years.
To analyze the population growth pattern in Cuttack City, a quadratic distribution was chosen as the best model 

because of its strong correlation coefficient of 0.995, surpassing other models (Fig. 3). This quadratic model is now 
being employed for future population projections in Cuttack City. The formula for estimating population growth in 
Cuttack City using this model is as follows (Eq. 7)

(4)Kappa Coefficient =

�

Trp ×
∑n

i
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−
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(5)P(x+10) = Px(1 + r)10

(6)r =

ln
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(t2 − t1)

Fig. 3   Population scenario of 
Cuttack City y = -125.03x2 + 511055x - 5E+08
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Here, y is the population of Cuttack City, and x is the year.

3.5 � Retrieving LST

Band-6 of Landsat-5 (TM), Landsat-7 ETM + , and band-10 Landsat-8(OLI/TIRS) were used to retrieve LST for Cuttack City. 
At first, Landsat images’ spectral radiance of thermal infrared bands is converted into a sensor brightness temperature 
using Planck’s equation (Eq. 8).

Here, BT is brightness temperature in °K. C1 and C2 are constants, C1 = 1.19104356 × 10–16 W.m2, 
C2 = 1.4387685 × 104 μm K, λ is emitted radiance wavelength for peak response (λ = 11.5 μm for Landsat band-6 data, 
10.9 μm for band 10 and 12 μm for band 11 of Landsat-8 satellite data) [43].

Planck’s law calculates the brightness temperature from the top of the atmospheric radiation. Top of atmospheric 
radiance results from a combination of radiance emitted by the Earth’s surface, upward radiance from the atmosphere, 
and radiance from the sky in a downward direction [44]. Therefore, reflected irradiance from surface absorption upward 
emission needs to be corrected to find the exact LST [45, 46]. Land surface emissivity is calculated to correct the TOA 
radiance.

The emissivity of a surface is governed by many environmental components like its chemical composition, geometri-
cal structure, water content roughness, etc. [43]. In vegetative areas, emissivity varies with plant species’ variation and 
canopy densities. A close correlation exists between land surface emissivity and the Normalized Difference Vegetation 
Index (NDVI). Hence, emissivity is found in NDVI, shown in Table 2.

The NDVI is used to find vegetation coverage of Cuttack City. NDVI index value rests on vegetation coverage and the 
physiological state of vegetation [47, 48].

NDVI given by formula (Eq. 9),

Here NIR—Near Infrared band.
RED—Red Band.

3.6 � Calculating LST

LST corrected from land surface emissivity is assessed using Eq. 10 below [46–48].

Here,
LST—Land surface temperature,

(7)y = −125.03x2 + 511055x − 5E + 08

(8)
BT =

C2
(

�i ∗ ln
(

1 +
C1

Li�
5
i

))

(9)NDVI =
NIR − RED

NIR + RED

(10)LST =
BT

1 +
(

� ∗
BT

�

)

∗ Ln(�)

Table 2   Range of NDVI and 
its corresponding Spectral 
emissivity value of land 
surface

NDVI Land surface emissivity

NDVI < -0.185 0.995
− 0.185 <  = NDVI < 0.157 0.97
0.157 <  = NDVI <  = 0.727 1.0094 + 0.047 ln (NDVI)
NDVI > 0.727 0.99
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BT—at sensor Brightness Temperature in °K,
λ—Wavelength of emitted radiance,
ρ = 0.01438 mk, and ε- land surface emissivity.

3.7 � Determination of urban growth suitability index (UGSI)

Understanding and managing urban environmental concerns depend on identifying and measuring Suitable and unsuit-
able or underprivileged areas inside a city. The health and well-being of locals may be significantly impacted by these 
unsuitable environments, which are frequently characterized by high surface temperatures and a lack of green space. 
UGSI is an index derived from finding suitable and unsuitable areas of the city in which to live [49]. The UGSI is calculated 
using the formula (Eq. 11)

Here, UGSIp is the Urban Growth Suitability Index of pixel p.
NDVIp—NDVI of pixel p.
LSTp—LST of pixel p.
LST avg—Average LST value of all pixels in the image.
LST sd—Standard deviation of LST value of all pixels in the image.
Areas with high NDVI and less LST value have a low UGSI compared to areas with low NDVI and high LST value. Hence, 

this index will help identify suitable and unsuitable areas to live. Here, the hyperbolic tangent function is used so that 
for non-negative NDVI values, UGSI will be between − 1 and + 1 [50]. In this study, UGSI was reclassified into 4 different 
classes, namely, Suitable area (− 1 to − 0.5), moderately suitable (− 0.5–0), unsuitable area (0–0.5) and highly unsuitable 
area (0.5–1.0) (Table 3).

4 � Result

4.1 � Land use/land cover change

The classified satellite images of the study area for 1990, 2000, 2010, and 2020 underwent an accuracy assessment to 
evaluate the reliability of the land cover classifications. Overall accuracy of classification results was above 93% for all the 
studied periods (Table 4). The Kappa coefficient value for the studied year shows strong agreement between classified 
and ground truth data.

The analysis of the classified imagery has unveiled substantial transformations within the study area over the 
four studied periods (Figs. 4, 5, 6, 7). Noteworthy is the remarkable expansion of built-up land, which substantially 
increased from 33.68 km2 (41.31%) in 1990 to 39.38 km2 (48.31%) in 2000. This trend rose to 41.30 km2 (50.66%) 
in 2010, reaching 53.28 km2 (65.35%) by 2020. This urbanization phenomenon encompasses both planned and 
unplanned developments. Notably, many of the newly established built-up land in 2020 are situated within previously 
vegetated zones and water bodies within Cuttack City. In contrast, the extent of vegetation has exhibited a declining 
trend, diminishing from 34.19 km2 (41.94%) in 1990 to 28.16 km2 (34.55%) in 2000, further reducing to 18.90 km2 
(23.18%) in 2010, and reaching 16.62 km2 (20.39%) by 2020. Simultaneously, barren Land has witnessed an increase 
from 3.48 km2 (4.27%) in 1990 to 10.2 km2 (12.51%) in 2000 and 17.10 km2 (20.98%) in 2010, subsequently decreas-
ing to 9.08 km2 (11.14%) in 2020. Additionally, water bodies have experienced a decline from 10.17 km2 (12.47%) in 

(11)UGSIp =

(

1 −
tanh

(

NDVIp
)

tanh(1)

)

.tanh

(

LSTp − LSTavg

LST sd

)

Table 3   UGSI Range UGSI classes Range

Suitable − 1 to − 0.5
Moderately Suitable − 0.5 to 0
Unsuitable 0 to 0.5
Highly Unsuitable 0.5 to 1.0
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1990 to 3.777 km2 (4.63%) in 2000 and 4.21 km2 (5.16%) in 2010, with a further reduction to 2.54 km2 (3.11%) in 2020 
(Table 5). This comprehensive transformation, as evidenced by land use changes, underscores the dynamic interplay 
between urbanization, vegetation loss, and alterations in natural land features within Cuttack City.

This LULC change in Cuttack City is attributed to the developmental work of the Odisha Government during the 
late 90’s. The Cuttack Development Authority (CDA) developed many planned housing schemes on the western side 
of Cuttack City. Simultaneously, the Government of Odisha initiated a vigorous push for infrastructural develop-
ment within the city. This impetus led to the emergence of malls, hotels, multiplexes, single-brand retail outlets, and 
educational institutions in and around the city. These developmental actions catalyzed the city’s economic growth, 
subsequently attracting people from various districts of Odisha in pursuit of improved employment opportunities, 
education, healthcare, and other amenities. This population influx into the city also witnessed the proliferation of 
slum settlements, unplanned road networks, unhygienic conditions, a decrease in the city’s green space, and a rise 
in city temperature.

Table 4   Accuracy assessment Sl. no Accuracy LULC Cuttack city

1990 (%) 2000 (%) 2010 (%) 2020 (%)

1 Producer accuracy Built-up Land 90 94 93 94
Vegetation 86 85 89 85
Water bodies 93 92 92 94
Barren Land 88 91 91 93

2 User accuracy Built-up Land 93 88 87 91
Vegetation 92 93 93 94
Water bodies 89 89 91 93
Barren Land 94 92 89 92

3 Overall accuracy 93.15 93.12 93.02 93.25
4 Kappa Coefficient 0.92 0.90 0.89 0.93

Fig. 4   LULC 1990
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Fig. 5   LULC 2000

Fig. 6   LULC 2010
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4.2 � Population and built‑up land relationship

The demographic scenario of Cuttack City, as illustrated over the years 1990, 2000, 2010, and 2020, reveals a dynamic 
relationship between urban expansion and population growth. The built-up land has experienced a substantial increase, 
corresponding to the rising population. From 1990 to 2020, the built-up land has expanded by 19.60 km2, reflecting 
a 58.19% increase (Table 6). This constructive relationship underscores the profound impact of population growth on 
urban development and the demand for residential and commercial spaces [51]. As the population surged from 4,03,418 
in 1990 to 6,86,627 in 2020, the absolute increase of 283,209 people further fueled the need for expanded built-up land 
to accommodate the rising population. The simultaneous rise in the population and the number of the built-up regions 
highlights the delicate relationship between demographic trends and urbanization. This underscores the need for smart 
urban planning to guarantee sustainable and well-managed city development amidst ongoing population expansion. 
The built-up area and population growth over the years are displayed in Fig. 8.

Fig. 7   LULC 2020

Table 5   Area Statistics

Year Landuse/land cover

Built-up land Vegetation Water bodies Barren land

Area(km2) Percentage Area (km2) Percentage Area (km2) Percentage Area (km2) Percentage

1990 33.68 41.32 34.19 41.94 10.17 12.48 3.48 4.27
2000 39.38 48.31 28.16 34.55 3.777 4.63 10.2 12.51
2010 41.3 50.67 18.9 23.19 4.21 5.16 17.1 20.98
2020 53.28 65.36 16.62 20.39 2.54 3.12 9.08 11.14
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4.3 � Retrieval of LST

Over the years, Cuttack City’s temperature variation has revealed intriguing patterns and trends. From 1990 to 2020, 
there was a noticeable upward trajectory in both maximum and minimum temperatures (Table 7). The maximum 
temperature has consistently risen, starting at 32.07 °C in 1990 and reaching 38.67 °C in 2020. Similarly, the minimum 
temperature has experienced an upward trend, starting from 23.22 °C in 1990 to 29.15 °C in 2020. Over the observed 
years, the mean LST has revealed a discernible rise, starting from 26.92 °C in 1990 and ascending to 33.45 °C in 2020. 
This means that temperature trends affect the city’s climate and potentially impact various aspects of urban life. The 
rising mean temperature could influence the duration and intensity of heat waves, affecting the health and well-
being of the city’s inhabitants. Additionally, it may contribute to shifts in precipitation patterns.

The dynamic shift or temperature variation over the 30 years is spatially mapped to show temperature changes 
manifest across different locations within the city (Figs. 9, 10, 11, and 12). In 1990, the Central area of the town showed 
higher temperatures than the corner areas because of less urban growth, but in due course of time, with rapid growth 
in built-up land, city temperature rises that can be seen in 2020 when most of the city shows higher temperature.

Table 6   Urban built-up land 
area statistics of Cuttack City

Year Built-up Land Growth in 
built-up 
land

Percentage 
growth in built-
up land

Population Absolute 
growth in 
population

Percentage 
increase in popu-
lation

1990 33.68 – – 403,418 – –
2000 39.38 5.70 7.00 534654 131236 32.53
2010 41.30 1.92 2.35 610189 75535 14.13
2020 53.28 11.98 14.70 686627 76438 12.53

– 19.60 58.19 – 283209 70.20

Fig. 8   Trend of Population 
and Built-up Area of Cuttack 
City

Table 7   Temporal Variation of 
Temperature

Year LST

Maximum Minimum Mean

1990 32.07 23.22 26.92
2000 33.89 26.07 29.72
2010 36.91 27.08 32.08
2020 38.67 29.15 33.45
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Fig. 9   LST 1990

Fig. 10   LST 2000
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Fig. 11   LST 2010

Fig. 12   LST 2020
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4.4 � Relationship between LULC and LST

4.4.1 � Establishment of relationship with graphical comparison

Various techniques and models were employed to investigate the correlation between LST and the different LULC types 
[52]. Figure 13 portrays the dynamic changes in the area distribution of various LULC categories over 30 years with 
fluctuations in mean LST. The graph representing the relationship between Vegetation and Mean LST reveals a negative 
correlation. This suggests that as the proportion of vegetation decreases, LST tends to increase. In essence, it indicates 
that vegetation plays a crucial role in cooling the urban environment, but its coverage has significantly diminished over 
three decades.

Fig. 13   Mean LST and LULC Variation
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Similarly, the Built-up land shows a positive correlation with LST; in the study period, the built-up land increased from 
33.68 km2 in 1990 to 53.28 km2 in 2020, contributing to the sharp rise in City temperature. Waterbodies that once had a 
12.47% share of the city’s total land mass shrunk to only 3.11% in 2020. The relationship graph between Mean LST and 
Waterbodies shows a negative slope that shows a decrease in the area of waterbodies in the city, contributing to the 
rise in urban temperature. Barren Land also shows a somewhat positive relationship with LST. Over our study year, the 
area of barren Land fluctuates in a zigzag manner, leading to a rise in LST. The graph between Mean LST and the area of 
barren Land also shows a positive slope, suggesting that barren Land has a positive correlation with LST.

4.4.2 � Establishment of relationship with simple linear regression model

A simple linear regression model can establish the relationship between LULC and LST. The model Summary is shown in 
Table 8. In this model, LULC serves as the independent variable, while LST is the dependent variable

In the regression equation (Eq. 12), where LC Built-up represents the independent variable ’Built-up land,’ with a constant 
value of 29.18 and a coefficient of 0.22, the positive coefficient indicates a positive relationship between LST and Built-up 
land. The results suggest a statistically significant and relatively strong linear relationship between LST and the Built-up 
land, with an R-squared value of 0.8483, indicating that approximately 84.83% of the variability in LST can be explained 
by changes in the Built-Up land.

In Eq. 13, LC Water is the independent variable representing water bodies, and the dependent variable is LST. A strong 
negative linear relationship exists between LST and the Water Cover in the area. The negative coefficient of -0.67 indicates 
that as the proportion of water cover increases, LST tends to decrease. The high correlation coefficient (R = − 0.66) further 
confirms the strength of this negative relationship, with a coefficient of determination (R-squared) of 0.86, indicating 
that approximately 86% of the variability in LST can be explained by changes in the Waterbodies area.

In (Eq. 14), LC Vegetation is Vegetation cover, the independent variable. A moderate negative linear relationship exists 
between LST and the proportion of Vegetation Cover in the area. The negative coefficient of − 0.29 suggests that as the 
proportion of vegetation cover increases, LST tends to decrease. The correlation coefficient (R ≈ − 0.286) indicates the 
strength of this negative relationship, while the coefficient of determination (R-squared) of 0.902 implies that approxi-
mately 90.2% of the variability in LST can be explained by changes in Vegetation area.

In (Eq. 15), LC Barren is the Independent variable representing Barren Land. The relationship between LST and the pro-
portion of Barren Land area is positive but relatively weak. The positive coefficient of 0.27 indicates that as the proportion 
of barren land cover increases, LST tends to increase, though the effect is not very strong. The correlation coefficient 
(R = 0.217) suggests a positive but modest relationship. The R-squared value of 0.39 indicates that changes in Barren land 
area can explain approximately 39% of the variability in LST.

Given the coefficients’ high significance levels (low p-values), strong R-squared values, and satisfactory standard errors, 
this regression model can be considered valid. The models for Vegetation and Water, in particular, demonstrate robust 

(12)LST = 29.18 + 0.22 ∗ (LC)Built−Up

(13)LST = 32.80 − 0.67 ∗ (LC)Water

(14)LST = 33.39 − 0.29 ∗ (LC)Vegetation

(15)LST = 21.50 + 0.27 ∗ (LC)Barren

Table 8   Model summary LULC Regression coefficient 
( R)

R-Squared Standard error p-Value

Built-up land 0.27 0.85 4.2 0.03
Vegetation − 0.286 0.902 1.692 0.002
Water bodies − 0.66 0.86 1.11 0.001
Barren land 0.217 0.39 2.67 0.008
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relationships with LST, supported by their extremely low p-values and low standard errors. The Built-up land model is also 
significant, though it has a slightly higher standard error. The Barren Land model, while relatively weaker, still provides valu-
able insights. Overall, these findings highlight the model’s validity and reliability in explaining the influence of LULC categories 
on LST in the study area.

4.5 � Urban growth suitability index of the Cuttack City

The UGSI is calculated using Eq. 11. Where UGSI values span from − 1 to + 1. Values close to + 1 indicate unsuitable living con-
ditions for urban residents, while values nearing -1 denote relatively more suitable areas for urban dwellers [50]. An analysis 
of the UGSI results, presented in Fig. 15, reveals that the central and western regions of the city, along with select areas in 
the northern and southern parts, exhibit unsuitable conditions for urban living. The unsuitable living conditions in these 
areas can be attributed to the lack of vegetation and extensive urban development. The densely built-up areas contribute 
to an environment that may not be conducive to a high quality of life, thus making them unsuitable for urban habitation.

4.5.1 � Relationship between LST and UGSI

To establish the relationship between UGSI and a variation of LST for different land uses and land cover SLRM is used. Here, 
LST is taken as the independent variable for this model, and UGSI is the dependent variable (Fig. 14). Results of this model 
are given below.

In Eq. 16, LSTVegetation is an independent variable representing the value of LST in the Vegetation area for the year 2020. 
The results of the analysis reveal a highly significant and strong relationship between LST and the UGSI within the vegetative 
area of the city. An increase in LST is associated with an increase in UGSI, and the regression model can explain approximately 
77.95% of the variation in UGSI based on variations in LST within the vegetation category.

In (Eq. 17), LSTWaterbodies is an independent variable representing the value of LST in Waterbodies for 2020. The model 
result shows that waterbodies exhibit a highly significant and strong relationship between LST and the UGSI, with a very 
low p-value (0.0000) and an elevated R-squared value (0.8557), indicating the robust explanatory power of LST for UGSI. The 
regression equation reveals that as LST increases, UGSI also rises for waterbodies.

In (Eq. 18), LSTBuilt-Up is an independent variable. The analysis within the ’Built-up’ land use category reveals a highly sig-
nificant relationship between LST and the UGSI, characterized by a low p-value (0.0000) and substantial explanatory power 
(R-squared: 0.6705). The regression equation indicates that an increase in LST is associated with a corresponding rise in UGSI, 
highlighting the adverse impact of higher temperatures on living conditions within the city’s built-up areas.

In (Eq. 19), LSTBarren is an independent variable. In the "Barren" land use category, a significant relationship is observed 
between LST and the UGSI. The findings include a moderately low p-value (0.0442) and a notable R-squared value (0.6773). 
The regression equation shows that, in this context, UGSI remains relatively stable (0.00 change) as LST varies, indicating a 
limited influence of temperature on living conditions within barren areas.

5 � Discussion

The study reveals the critical role that LULC plays in moderating LST. As urban areas expand and vegetation cover dimin-
ishes, the amount of impervious surfaces, such as buildings and roads, increases, leading to greater heat absorption and 
reduced cooling through evapotranspiration. The loss of green spaces has had detrimental effects on local microclimates, 

(16)UGSI = −5.63 + 0.19 ∗ LSTVegetation

(17)UGSI = −7.40 + 0.24 ∗ LSTWaterbodies

(18)UGSI = −4.14 + 0.14 ∗ LSTBuilt−Up

(19)UGSI = 0.78 + 0.00 ∗ LSTBarren
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leading to the intensification of the UHI phenomenon. These findings are consistent with research from Sialkot, Pakistan, 
where the transformation of green spaces into built-up land resulted in a noticeable increase in LST and a growing urban 
heat island effect [53]. Similarly, in Portugal, the conversion of green and water areas into urban infrastructure between 
1990 and 2018 contributed to rising temperatures in coastal regions, reinforcing the importance of maintaining green 
spaces to mitigate heat [54].

A key finding of this study is the identification of heat vulnerability zones across Cuttack City. Among the 59 admin-
istrative wards in the city, 27 were found to be particularly susceptible to high temperatures, largely due to sparse veg-
etation and high levels of built infrastructure (Fig. 15). These areas cover approximately 19.61% of the city, indicating 
regions where the urban heat effect is most severe and where urgent intervention is needed. This mirrors the findings 
from Addis Ababa, where the rapid expansion of built-up land and the decrease in urban green spaces were found to 
contribute significantly to increased LST, with areas of high built-up density experiencing the highest temperatures [55].

Fig. 14   Variation of UGSI with LST for different LULC categories
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In contrast, only 13.21% of the city was deemed suitable for habitation, characterized by more favorable conditions of 
green cover and lower LST. This study highlights that the urban sprawl in Cuttack City is contributing to an environmental 
imbalance, where the urban core is significantly warmer than the surrounding peri-urban areas. As cities grow, these 
extreme heat zones may become increasingly inhospitable for residents, exacerbating health risks associated with high 
temperatures, such as heat stroke and respiratory illnesses. Similar concerns were raised in the Leiria region of Portugal, 
where the rapid increase in built-up land from 1990 to 2018 contributed to a rise in LST, directly affecting the livability 
of urban areas [54]. These findings are also echoed in Sialkot, where an increase in built-up land led to a significant rise 
in LST, directly impacting the local population’s exposure to extreme heat [53].

The Urban Growth Suitability Index, used in this study, offers a valuable tool for identifying areas within Cuttack City 
that are most vulnerable to heat, thereby aiding in urban planning decisions. The UGSI results indicate that densely 
populated regions of Cuttack City, such as Badambadi, Odia Bazar, Mangala Bag, Bauxi Bazar, Mahanadi Vihar, and CDA 
Sectors 6, 7, 10, and 11, are classified as unfavorable for residents (Fig. 16). Specifically, ward numbers 4, 5, 6, 11, 12, 13, 14, 
17, 18, 20, 21, 22, 23, 25, 26, 27, 28, 29, 30, 34, 35, 37, 39, 40, 46, 52, and 59 (Fig. 17) of the Cuttack Municipal Corporation 
are experiencing elevated temperatures and exhibit high UGSI values. These areas are notable for hosting key destina-
tions, including SCB Medical College and Hospital, Ravenshaw University, National Law University, Malgodown, Barabati 
Stadium, and several shopping malls and market areas, these areas have huge economic potential for small and marginal 
businesses often leading to the development of slums in their vicinity. The southern part of the city, particularly Pratap 
Nagari, which is densely populated and, the northern area, the Jagatpur industrial zone of the Cuttack city identified as 
highly unsuitable regions, characterized by elevated LST values.

The findings underscore the need for sustainable urban development strategies, including the restoration of green 
spaces, better management of urban growth, and the implementation of cooling measures such as urban forests or green 
rooftops. Urban planners and policymakers should prioritize the development of targeted green corridors connecting 
key heat-vulnerable zones such as Badambadi, Odia Bazar, and Mangala Bag with areas of higher green cover, enhancing 
cooling effects and improving urban livability. In densely populated wards with high UGSI values, urban redevelopment 
initiatives should include mandating green rooftops, vertical gardens, and permeable pavements to reduce heat absorp-
tion. Industrial zones like Jagatpur require focused interventions, such as establishing buffer zones with dense vegetation 
and enforcing stricter environmental regulations to limit heat emissions. Additionally, promoting community-driven 
afforestation programs in peri-urban areas and implementing urban wetland restoration projects can enhance the city’s 

Fig. 15   Suitable and unsuit-
able area Superimposed with 
Ward Boundary
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resilience against rising temperatures. These localized, actionable strategies can transform UGSI findings into effective 
tools for sustainable urban planning and climate adaptation in Cuttack City. These strategies have been suggested in 
studies across multiple cities. For instance, in Jimma, Ethiopia, GIS-based evaluations have been used to identify suitable 
sites for green space development, with urban green spaces recognized as crucial for enhancing urban resilience and 
mitigating the UHI effect [56]. Similarly, studies from Tiruchirappalli, India, emphasized the need to incorporate green 

Fig. 16   Densely populated 
areas of Cuttack City experi-
encing high UGSI values

Fig. 17   Ward-wise distribution of suitable and unsuitable areas of Cuttack City
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spaces into urban development to mitigate rising LST and promote climate adaptation [57]. Similarly, studies in Indore, 
India [58], and Sikar, India [59], also highlight the importance of green spaces in managing urban thermal environments. 
In Indore, the study used Cellular Automata modeling to project urban growth and found that the expansion of built-up 
land would continue to contribute to temperature increases. However, it also showed that the overall LST was decreasing 
between 2010 and 2020 due to the cool heat island phenomenon observed in surrounding rural areas.

The findings of this study contribute significantly to sustainable urban planning and climate resilience by emphasiz-
ing the critical role of green spaces and balanced urban growth in mitigating rising LST and the UHI effect [60–63]. By 
identifying heat vulnerability zones and mapping areas with sparse vegetation and high levels of impervious surfaces, 
the research provides actionable insights for integrating cooling measures such as urban forests, green rooftops, and 
water bodies into city planning. Overall, the research offers a framework for data-driven decision-making to guide sus-
tainable urban development, ensuring livable and resilient environments amid rapid urbanization and climate change.

6 � Limitation

While this study provides valuable insights into the relationship between LULC changes and LST in Cuttack City, there 
are a few limitations to consider. The spatial resolution of the satellite images used in this study may not capture minor 
variations in temperature and vegetation. Higher-resolution data could provide a more detailed insight into heat vul-
nerability and green areas. This study did not consider other factors, such as air pollution, socioeconomic conditions, 
or demographics, which also affect how people experience heat. Future studies that include these factors could give a 
more complete picture of heat vulnerability.

7 � Conclusion

The increasing urban temperature due to urbanization poses a significant concern for urban planners and policymak-
ers, as it is a primary driver of severe health issues for urban residents. Studies on LST and the environment offer crucial 
insights for environmental scientists assessing the impacts of urbanization. This 30-year study from 1990 to 2020 in Cut-
tack City reveals profound insights into the complex dynamics of LULC changes, LST variations, and identifying unsuit-
able areas using the UGSI. The analysis underscores a substantial transformation in the urban landscape, marked by a 
noteworthy expansion of the built-up regions, simultaneous declines in vegetation, and alterations in barren Land and 
water bodies, reflecting the escalating urbanization trends within the city. The application of Simple Linear Regression 
Models (SLRM) to establish relationships between LULC and LST, as well as LST and UGSI, deepens our understanding of 
how Land use changes influence surface temperatures. The positive correlation between built-up land and increased LST 
emphasizes the UHI effect, highlighting the necessity for sustainable urban planning to mitigate temperature extremes. 
A significant finding lies in identifying unsuitable areas within the city in 2020 using the UGSI, which incorporates both 
LST and NDVI. This knowledge is indispensable for directing targeted interventions in areas that require early attention. 
This study also advances our understanding of the UH) effect in medium-sized Indian cities by revealing how rapid 
urbanization, characterized by the expansion of built-up land and the decline of vegetation and water bodies, intensifies 
surface temperatures over time. This study is critical from an urban sustainability planning perspective in constructing 
future development strategies. This finding makes it clear that it is imperative to incorporate sustainability concepts into 
urban growth processes where environmental, social and economic features are equalized into a balanced scenario. The 
ways to implement climate responsive measures such as green infrastructures that mitigate urban heat, save energy 
and promote biodiversity in urban sustainability planning can increase the efficiency of coping with urban growth. The 
study highlights the key information on identifying the heat vulnerability zones, which are important to guiding the 
development of eco-friendly and sustainable infrastructure and urban policies for improving the livability and resiliency 
of city of Cuttack which is rapidly urbanizing.
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