
IJTHS, Vol. 1, Issue 1, pp. 13-24, July-September, 2025   www.ijths.com  

 International Journal of Technology, Health and Sustainability     P a g e  | 13 

 
Land-Use Land-Cover Classification and Its Change Detection Using 

Multi-Temporal Landsat Data  

 Shiv Raj1, Surinder Deswal2* 

1,2 Department of Civil Engineering, National Institute of Technology Kurukshetra, Kurukshetra, India. 

*Corresponding author 

(Received: 23.08.2025; Accepted: 01.09.2025) 

Web link:  https://ijths.com/volume-1-issue-1-july-september-2025/    

 

Abstract 

This study discusses the effect of land-use land-cover (LULC) change on the land surface temperature in the Gaya 

district of Bihar (India). Landsat data acquired from 1993 to 2023 were used for land cover classification as well 

as land surface temperature calculation. The predominant patterns of change in land cover are characterised by 

an increase in agricultural land area (+4.93%), built-up areas (+1.51%), and water bodies (+2.01%), 

accompanied by a decline in forest cover (4.23%) and barren terrains (4.23%). The findings of this study also 

suggest a strong inverse correlation between land surface temperature ( 𝐿𝑆𝑇 ) and normalised difference 

vegetation index (𝑁𝐷𝑉𝐼) and a strong positive correlation with normalised differences built-up index (𝑁𝐷𝐵𝐼). 

The actual temperature and temperature computed from the thermal band of Landsat images exhibited a strong 

correlation (0.979) with a low root mean square error (1.98). The average percentage decline of 5.42% showed 

that the computed land surface temperature was on the higher side of the actual measured temperature. The results 

of the study demonstrated a significant decline in vegetation cover in the study area due to increased population 

leading to urbanisation and infrastructure development, thus continuously changing the ecology of the region. 

Keywords: Land-use land-cover (LULC); Land surface temperature (𝐿𝑆𝑇); Normalised difference vegetation 

index (𝑁𝐷𝑉𝐼); Normalised differences built-up index (𝑁𝐷𝐵𝐼); Kappa coefficient 

 

INTRODUCTION 

Increased urbanisation and industrialisation, coupled with the 

fast change in land-use and land-cover (LULC), have been 

contributing to a range of environmental and ecological 

concerns in recent decades, particularly in developing regions 

(Saharan et al., 2024). Several studies have documented the 

land-cover changes from vegetation cover to agricultural and 

urban land uses, as well as the conversion of agricultural land 

to urban areas (Ahmad et al., 2017). These LULC changes 

have been found to have direct and indirect detrimental 

impacts on a range of ecosystem services that may include 

desertification, global warming and climate change, 

hydrological and bio-geochemical cycles, degradation of 

water resources, droughts and floods, agriculture output, 

wildlife, etc. (Conrad et al., 2013; Gondwe et al., 2021; 

Hashim et al., 2020; Kawo et al., 2021; Laosuwan and 

Sangpradit, 2012; Moldakhanova et al., 2023; Yermekbayev 

et al., 2023; Yussupov and Suleimenova, 2023). So, the need 

to study the changes in LULC through quantitative 

measurement is of utmost importance in determining the 

impact on the value of ecosystem services. The incorporation 

of such an approach may potentially facilitate the process of 

making informed decisions regarding the sustainable and 

enduring development of ecosystems.  

Manual approaches to LULC classification and change 

detection present a challenge due to the requirement of 

resources as well as the limitations of ground-based 

surveying. With the free availability of medium-resolution 

satellite imagery, LULC classification and mapping or 

change detection studies covering large areas have become 

possible and are being used by various studies (Chaudhuri 

and Mishra, 2016; Hashu and Gebre-Egziabher, 2018; Koko 

et al., 2021). The use of modern computer-based LULC 

approaches is not only efficient and economical but also 

advantageous in identifying errors on historical classification 

maps, which usually lack ground truth samples (Egorov et al., 

2018; Reis, 2008; Robertson and King, 2011; Wang et al., 

2017). Moreover, it provides the additional benefit of 
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presenting a more comprehensive elucidation of the results 

related to this classification (Bisht et al., 2023; Kausarian et 

al., 2023). 

Keeping in view the usefulness of satellite images, the 

present study used Landsat-5, Landsat-7 and Landsat-8 

images covering a period of 30 years from March 1993 to 

March 2023 for the classification of LULC in the study area 

or area of interest (AOI), that is Gaya district of Bihar State 

in India. The study aims to provide valuable insights for the 

effective management, planning and sustainable 

development of the study area /AOI to prevent the occurrence 

of human-induced environmental catastrophes, such as 

floods, droughts, urban heat island effect, weather extremities, 

crop yield, etc., due to rapid urbanization (Shekhar and 

Godihal, 2023). The main objectives of the study include –  

 to analyze the impact of land-use land-cover (LULC) 

changes of the study area/AOI for the past three decades 

using remote sensing & GIS techniques; 

 computation of land surface temperature (𝐿𝑆𝑇 ) and its 

fluctuations using Landsat-5, Landsat-7, and Landsat-8 

data; 

 determining the correlation between normalised 

difference vegetation index ( 𝑁𝐷𝑉𝐼 ), normalised 

differences built-up index (𝑁𝐷𝐵𝐼), and 𝐿𝑆𝑇; and 

variation of actual local temperature and satellite-computed 

temperature over the study area. 

MATERIALS AND METHODS  

Study Area  

The Gaya district is the second largest district of the state of 

Bihar (India), having an area of 4,976 𝑘𝑚2 (Fig. 1). It is a 

highly populated region having a population density of 883 

per 𝑘𝑚2  with a high population growth rate of 26.43 % 

during the period of 2001-2011(Census, 2011).  

The region has a strong historical agricultural background 

due to a humid subtropical climate with 1,062 mm average 

annual rainfall evenly distributed throughout the year. In the 

last three decades, it has emerged as a highly active region for 

tourism, urbanisation, and economic development. As a result, 

the region has undergone significant changes in land-use and 

land-cover (LULC). 

Methodology  

The methodology employed in this study includes 

downloading Landsat data from the USGS website and 

applying some pre-processing, such as mosaic and subset 

analysis. Fieldwork in 2023 was also carried out for ground 

truth data collection using on-site investigation and 

observation. Standard procedures were employed for the 

analysis of the data used in the study. The initial segment of 

the study encompassed the process of data preparation and 

collection, while the subsequent section delved into the 

analysis of the data.  

Data Acquisition  

Multi-spectral data acquired by the Landsat satellite and 

provided by the USGS Earth Explorer 

(https://earthexplorer.usgs.gov/) spanning over a 30-year 

period (1993-2023) were downloaded for the purpose of 

LULC classification, change detection, and 𝐿𝑆𝑇 calculation 

covering the Gaya district. Keeping in view of the cloud 

cover and its impact on the accuracy of LULC classification 

over the study area, all images having less than 10% cloud 

cover were used. Table 1 provides the details of the Landsat 

images used in this study. Pre-processing of satellite pictures 

is a vital stage prior to using them for LULC classification, 

with the purpose of creating linkages between biophysical 

phenomena and available data. The essential pre- and post-

processing of all Landsat images was carried out using 

ERDAS Imagine and Arc GIS software.  

Various spectral bands were integrated into one layer using 

layer stacking in ERDAS IMAGINE Software. Following 

this, a subset image covering the study area was obtained 

through the process of superimposing a shape file of the 

designated study region onto each stacked image. The 

maximum likelihood classifier was employed to classify the 

images to create an LULC map within ArcGIS. The 

classification of land use has been conducted by considering 

bands 1 to 5 and band 7 of Landsat-5 TM imagery. However, 

band 6 was excluded from the analysis due to its thermal 

nature. Conversely, the utilization of bands 1–7 has been 

considered for the categorization of land use with Landsat-8 

Fig. 1: Location map of the area of interest. 

Table 1: Details of satellite images used in the analysis. 

Satellite Month of data 

acquisition 

Path / row Spatial resolution 

(ns) 

Land   cloud 

(%) 

Scene cloud  

(%) 

Day / night 

Landsat-5 TM March, 1993 141,43 30 m 0 0 Day 

Landsat-7 ETM+ March, 2003 141,43 30 m 0 0 Day 

Landsat-8 OLI March, 2013 141,43 30 m 1 1 Day 

Landsat-8 OLI March, 2023 141,43 30 m 0 0 Day 
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OLI imagery. Sufficient numbers of training samples were 

used for the LULC classification of all four images. 

Land-Cover Classification Scheme  

A categorization method that details the LULC classes has 

been considered while developing the LULC map using 

Landsat photos. The optimum quantity of LULC classes to be 

taken depends on the objective of the study. In this study, 

built-up areas, forests, water bodies, agriculture, and barren 

land were chosen as the five most important LULC classes 

for mapping the whole region. The primary colours of red, 

green, and blue (RGB) were used to produce the FCC (False 

Colour Composite) of all images during the initial stage of 

the analysis of the stacked image, which proved to be very 

useful for distinguishing between various types of land cover. 

Here, the FCC's RGB bands 5, 4, and 3 were chosen. Using 

satellite imagery, thematic maps were generated that 

distinguish between five distinct types of land-use classes in 

the study area (Table 2). 

Image Classification  

To generate thematic maps of different years, supervised 

classification with the maximum likelihood method was 

employed in this study. In this study, training samples ranging 

from 75 to 85 were collected for each land-use (LU) class. 

These samples were then aggregated to generate a map with 

LU-specific themes. Following the generation of 

classification results, the recoding tool was employed within 

the ERDAS software to effect specific modifications aimed 

at rectifying the misclassification of pixels. 

Due to the use of pixel-based image classifications covering 

the study area, images are found to have salt and pepper noise. 

To remove this noise, post-classification processing using a 

3×3 mode filter was employed within the ERDAS IMAGINE 

software. This process transforms individual pixels into the 

neighbourhood class that was most frequently observed.  

Analysis  

Performing change detection of time series LULC 

Change detection analysis is a process that involves the 

measurement and quantification of the dissimilarities 

between images of a particular region captured at different 

time intervals. This form of analysis is highly beneficial in 

detecting alterations in LULC, including an increase in built-

up land and a decline in agricultural land. The analysis 

calculated statistical measures for detecting changes in the 

data from the time intervals 1993–2003, 2003–2013, and 

2013–2023. Change detection employs a range of algorithms 

for detecting changes, such as image differencing, image 

rationing, and post-classification techniques, to provide 

insights into alterations that have occurred within a chosen 

area of interest. 

The present study utilised ArcGIS and MS Excel to identify 

changes in LULC categories. This was accomplished by 

generating cross-tabulations or change matrices. The change 

matrix facilitates comprehension of the probability of 

transitioning between distinct land use and land cover 

categories. The matrix displays LULC categories for the 

present year in the columns, while the rows correspond to the 

LULC categories for the preceding year. The matrix provides 

information regarding the net change, gain, and loss 

experienced by each land use and land cover category, along 

with details of the spatial distribution of these alterations. In 

this matrix element in central diagonal axis like one class for 

example Built-up area to Built-up area this area has no 

change means none of its pixels is converted to another class 

during time lapse and therefore overall area has no change 

because the present study has considered the same order 

during matrix formation. 

Accuracy assessment of LULC maps 

LULC accuracy is a metric that quantifies the degree of 

correspondence between the obtained outcomes and the 

actual values. The evaluation of precision is a crucial aspect 

in the analysis of land-use and land-cover change detection. 

The present investigation involved an analysis of the 

accuracy assessment of land use and land cover (LULC) 

classification through the utilisation of the confusion matrix 

(Boori et al., 2015; Hassan et al., 2016). The accuracy 

assessment tool of ERDAS Imagine used a comparative 

analysis between the initial, unprocessed satellite image and 

the image that was later classified. A total of 100 sampling 

points were chosen through a random selection process. 

Based on visual analysis, utilisation of Google Earth Images, 

and cross-referencing with ground truth data in cases of 

uncertainty, precise sample locations within the initial 

unclassified image were identified. The accuracy assessment 

table documented a "reference point" upon zooming in and 

identifying a particular location. Each image of the classified 

land use category was evaluated using a distinct viewer to 

guarantee precision, and the outcomes were documented as 

accurate or inaccurate based on the assigned points. 

The approach used to calculate precision remains uniform 

throughout all discrete land utilisation classifications. Overall 

accuracy was computed by using Eq. 1 (Lunetta et al., 2001; 

Pal and Ziaul, 2017; Zhou et al., 1998). The comparison of 

classified images was conducted using two Eqs. 2 and 3, 

representing user and producer accuracies, respectively. 

𝑂𝑣𝑒𝑟𝑎𝑙𝑙 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
𝑇𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑙𝑦 𝑐𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑒𝑑 𝑝𝑖𝑥𝑒𝑙 (𝑑𝑖𝑎𝑔𝑜𝑛𝑎𝑙)

𝑇𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑟𝑒𝑓𝑒𝑟𝑒𝑛𝑐𝑒 𝑝𝑖𝑥𝑒𝑙𝑠
    (1) 

𝑈𝑠𝑒𝑟 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝐷𝑖𝑎𝑔𝑜𝑛𝑎𝑙 𝑣𝑎𝑙𝑢𝑒 𝑜𝑓 𝑟𝑜𝑤 ×100

𝑅𝑜𝑤 𝑡𝑜𝑡𝑎𝑙
                       (2) 

𝑃𝑟𝑜𝑑𝑢𝑐𝑒𝑟 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
𝐷𝑖𝑎𝑔𝑜𝑛𝑎𝑙 𝑣𝑎𝑙𝑢𝑒 𝑜𝑓 𝑐𝑜𝑙𝑢𝑚𝑛 ×100

𝐶𝑜𝑙𝑢𝑚𝑛 𝑡𝑜𝑡𝑎𝑙
          (3) 

Table 2: Land-use classes with their description. 

LU Classes  

and its colour 
Description 

Built-up land /  

Urban area (Red) 

Settlements, industrial areas, 

commercial areas, rural areas, 

mining 

Forest cover (Green) Deciduous, scrub forest 

Water body (Blue) Rivers, ponds and lakes 

Agricultural land 

(Yellow) 
Cropland, fallow land, plantation 

Barren land (Brown) 
Scrub land, sandy area, rocky area 

without vegetation cover 
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The Kappa coefficient (𝑘) is calculated in the study to assess 

the precision of the maps. This statistical measure of 

agreement is used as an alternative approach to evaluating the 

land-use map across all four studied years. Kappa coefficient 

is a metric that ranges from 0 to 1 (Foody, 1992; Ma and 

Redmond, 1995; Pal and Ziaul, 2017). The numerical scale 

used in this context ranges from 0 to 1, where 0 denotes the 

lowest possible value and 1 denotes the highest possible value. 

Kappa values between 0.40 and 0.55 have been interpreted as 

indicating acceptable accuracy, between 0.55 and 0.70 as 

indicating high accuracy, between 0.70 and 0.85 as indicating 

very good accuracy, and beyond 0.85 as indicating unusually 

great accuracy. This led to the creation of LU-classified 

regions, error assessment matrices, and thematic maps. The 

quality of the generated maps is improved by accuracy 

evaluation, which also helps in comprehending the causes 

and consequences of errors. The process of assessing 

accuracy serves to augment the quality of a classified map 

and facilitate comprehension of any deficiencies and their 

corresponding impacts. 

Surface temperature monitoring 

Rising surface temperatures pose a challenge in today's 

society. The correlation between rising temperatures and the 

spread of human settlements has been evaluated by 

computing the land surface temperature (𝐿𝑆𝑇) using Landsat 

data. Since only the thermal band is required for the 

extraction of 𝐿𝑆𝑇 data, the study used Band-6 from Landsat-

5 TM for 2003 and 1993 and Band 10 from Landsat-8 for 

2013 and 2023. Ding and Shi (2013) outlined six steps that 

are necessary to obtain 𝐿𝑆𝑇  information from the Landsat 

thermal bands using ArcGIS.  

Spatial indices and relation with 𝑳𝑺𝑻 

Two indices exhibiting a relation among surface temperature, 

built-up area, and vegetation using LANDSAT data were 

computed. These indices are 𝑁𝐷𝐵𝐼 (Normalised Differences 

Built-up Index) and 𝑁𝐷𝑉𝐼  (Normalised Differences 

Vegetation Index). Townshend and Justice (1986) 

recommended Eq. 4 to be used for calculating 𝑁𝐷𝑉𝐼 , as 

given under: 

𝑁𝐷𝑉𝐼 =
(𝑁𝐼𝑅 𝑏𝑎𝑛𝑑−𝑅 𝑏𝑎𝑛𝑑)

(𝑁𝐼𝑅 𝑏𝑎𝑛𝑑+𝑅 𝑏𝑎𝑛𝑑)
                        (4) 

where 𝑁𝐼𝑅 refers to the near-infrared spectrum and 𝑅 refers 

to the red. The 𝑁𝐷𝑉𝐼 was calculated using bands 3 and 4 of 

the Landsat TM data and bands 4 and 5 of the Landsat OLI 

data. The 𝑁𝐷𝑉𝐼 measures the amount of vegetation in a given 

 

Fig. 2: LULC maps of AOI in 1993, 2003, 2013 and 2023. 
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region (Pranoto et al., 2023). 𝑁𝐷𝑉𝐼  values can be either 

minus one or plus one. Vegetation cover is represented by 

values between 0 and +1, with values closer to 1 indicating 

dense vegetation. 𝑁𝐷𝐵𝐼  is computed using Eq. 5 given as 

under (Zha et al., 2003):  

𝑁𝐷𝐵𝐼 =
(𝑀𝐼𝑅 𝑏𝑎𝑛𝑑−𝑁𝐼𝑅 𝑏𝑎𝑛𝑑)

(𝑀𝐼𝑅 𝑏𝑎𝑛𝑑+𝑁𝐼𝑅 𝑏𝑎𝑛𝑑)
                        (5) 

where 𝑀𝐼𝑅 is the middle infrared spectral region. The 𝑁𝐷𝐵𝐼 

was calculated using Landsat TM data from bands 5 and 4 

and OLI data from bands 6 and 5. The built-up index of a 

region is denoted by the acronym 𝑁𝐷𝐵𝐼. It can have a value 

anywhere from -1 to 1. Built-up is shown by a value between 

0 and +1, with a number closer to 1 indicating a high 

concentration of structures. 

RESULTS AND DISCUSSION 

Decadal LULC Description of Classified Images  

Five land cover classes describe land information usage in the 

study area: built-up area, dense cover of trees, water bodies, 

crop land, and uncultivable land. Classified images obtained 

for the years 1993, 2003, 2013 and 2023 are shown in Fig. 2.  

The LULC classification of the satellite image from 1993 

(Fig. 2) indicates that the regions of water bodies and built-

up land area were comparatively small, while agricultural 

land occupied a good portion of the area. The LULC in the 

eastern region is predominantly agricultural, with some areas 

having undergone sub-division; whereas, there is a dense 

forest canopy in the southern high terrain of the region. 

In the year 2003, there was a significant reduction in the 

extent of open forest and barren land cover (Fig. 2). The 

findings indicated an increase in cultivable land area within 

the region as compared to previous records. The expansion of 

urban or developed areas exhibited a greater increase 

compared to LULC in 1993. The dense forests of the southern 

region have undergone a transformation, whereby a portion 

of the area has been replaced by an open forest. The 

expansion of cropland has resulted in a corresponding 

increase in agricultural land. This was possibly because of 

population growth, which led to the creation of more areas 

required for the settlement of people.  

Water bodies in 2013 were observed to be comparable to 

2003 (Fig. 2). The increase in urban settlement is clearly 

visible in 2013 (Fig. 2). A slight increase in the total area of 

croplands was observed for both types of agricultural land 

compared to the previous year. The decreasing trend of forest 

cover still continues till 2013. Additionally, there were areas 

characterized by scrub vegetation, and the accumulation of 

sand was observed to have diminished. 

Forest areas covered a larger portion of the study region in 

the years 1993, 2003, 2013, and 2023. The forested areas are 

known to have a significant impact on the hydrological cycle 

through their ability to facilitate water infiltration and 

mitigate the removal of the top layer of soil. The data indicate 

a declining pattern in the forest from 1993 to 2023. Cropland 

was identified as the second most prevalent land cover in the 

study region during the year 1993. Subsequent to 2013, a 

significant reduction in crop land was observed during the 

period spanning from 2013 to 2023. The decrease in arable 

land can be predominantly attributed to its reallocation for 

non-agricultural objectives. The data pertaining to agriculture 

and plantation land exhibits an upward trajectory from 1993 

to 2013, followed by a decline in 2023. The data indicates a 

rising trend in the built-up land area between the years 1993 

and 2023. The study area exhibits a positive correlation 

between population growth and the loss of agricultural land, 

as well as the rise of built-up land. 

LULC Change Detection Analysis  

The main patterns of change between 1993 and 2023 

indicated an increase in agricultural land, developed land, and 

a small number of water bodies, with a decline in forested and 

arid areas. Between 1993 and 2023, the share of built-up 

land/urban area expanded from 4.03% to 5.54%, while the 

area of water bodies increased from 3.82% to 5.84%, and 

agricultural land expanded from 64.41% to 69.34% (Table 3). 

However, the share of forest and arid (barren) terrain 

decreased from 20.13% to 15.90% and from 7.61% to 3.38%, 

respectively. Fig. 3 shows the comparative change analysis 

for three decades.  

Built-up land or urban area in the region has exhibited 

consistent expansion from 1993 to 2023. Over a period of 30 

years, the rate of urbanisation in the Gaya region was 

observed to be significant, with an average annual rate of 

increase of 2.5 𝑘𝑚2 in urban area. The rate of growth was 

more pronounced during the period 2013 to 2023 with an 

Table 3: LULC change of study area during 1993 – 2023. 

                        Area 

 

LULC             Year 

Class                

𝒌𝒎𝟐 % 𝒌𝒎𝟐 % 𝒌𝒎𝟐 % 𝒌𝒎𝟐 % 𝒌𝒎𝟐 % 

1993 2003 2013 2023 
Overall change 

from 1993 to 2023 

Built-up land/ 

Urban area 
200 4.03 215 4.33 225 4.53 275 5.54 75 1.51 

Forest cover 1,000 20.13 950 19.12 850 17.11 790 15.90 -210 -4.23 

Water body 190 3.82 200 4.03 220 4.43 290 5.84 100 2.01 

Agricultural land 3,200 64.41 3,400 68.48 3,500 70.45 3,445 69.34 245 4.93 

Barren land 378 7.61 203 4.09 173 3.48 168 3.38 -210 -4.23 

Total 4,968 100.00 4,968 100.00 4,968 100.00 4,968 100.00 00 00.00 
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estimated annual increase of 5 𝑘𝑚2. The analysis of the pace 

of metropolitan development has revealed that there is no 

systematic guideline for urbanisation, but there is consistent 

growth in the urban area. 

The area of dense forest experienced a continuous decrease 

from 1993 to 2023 accounting for a total decrease of 210 𝑘𝑚2 

(-4.23%), as evidenced by the data presented in Table 3, 

which indicates a conversion of said area to agricultural and 

residential land use. During the first decade of the study 

period (1993–2003), a total of 50 𝑘𝑚2 of dense forest were 

removed with an annual rate of change of 5 𝑘𝑚2 𝑦𝑒𝑎𝑟⁄  , 

followed by conversion of additional 100 𝑘𝑚2  with an 

annual rate of 10 𝑘𝑚2  during 2003-2013, and further 

conversion of 60 𝑘𝑚2 with an annual rate of 6 𝑘𝑚2 during 

2013–2023. There has been a continual decrease in the 

amount of land covered by dense forests within a decade or 

less.  

The region exhibits a consistent upward trend in the size of 

water bodies over the period spanning from 1993 to 2023 

(Table 3). In 1993, the water body covered an area of 190 

𝑘𝑚2; whereas, in 2003, the area had expanded to encompass 

a total of 200 𝑘𝑚2 . During the period of 1993–2003, a 

minimal annual fluctuation was observed. The findings 

indicate that from 1993–2013, the area experienced a limited 

increase in water bodies (190-220 𝑘𝑚2 ) or 3.82-4.43% 

throughout the year. However, there was a noticeable increase 

in water body area in 2023, amounting to 290 𝑘𝑚2 (5.84%), 

which can be attributed to the increased flooding conditions 

on land surfaces, intensification of rainfall, and significant 

changes in climatic conditions over the past few decades.  

Table 3 depicts a gradual increase in agricultural land area 

between 1993 and 2013, followed by a marginal decline in 

the succeeding decade, with an overall increase of 245 𝑘𝑚2 

 
Fig. 3: Comparative changes of different classes over three 

decades from 1993 to 2023. 

Table 4: Accuracy assessment and Kappa coefficient of LULC image in 1993, 2003, 2013 and 2023. 

Class 

Built-up land 

/Urban area 

Forest 

cover 

Water 

body 

Agricultural 

Land 

Barren 

land 

Accuracy, in % Kappa Coeff. 

(𝒌) 
User Producer Overall 

1993 

Built-up land / urban area 10 0 0 0 0 100 100.00 

88.00 0.850 

Forest cover 0 10 0 0 0 100 83.33 

Water body 0 0 7 0 3 70 100.00 

Agricultural land 0 1 0 8 1 80 100.00 

Barren land 0 1 0 0 9 90 69.23 

Total Points (50) 10 10 7 8 13  

2003 

Built-up land / urban area 10 0 0 0 0 100 100.00 

86.00 0.825 

Forest cover 0 9 0 1 0 90 90.00 

Water body 0 0 7 0 3 70 100.00 

Agricultural land 0 0 0 9 1 100 81.81 

Barren land 0 1 0 1 8 100 66.67 

Total Points (50) 10 10 7 11 12  

2013 

Built-up land / urban area 10 0 0 0 0 100 100.00 

92.00 0.900 

Forest cover 0 10 0 0 0 100 100.00 

Water body 0 0 9 0 1 90 90.00 

Agricultural land 0 0 0 9 1 90 90.00 

Barren land 0 0 1 1 8 80 80.00 

Total Points (50) 10 10 10 10 10  

2023 

Built-up land / urban area 9 0 0 0 1 90 100.00 

84.00 0.806 

Forest cover 0 9 0 1 0 90 100.00 

Water body 0 0 7 2 1 70 87.50 

Agricultural land 0 0 0 9 1 90 69.20 

Barren land 0 0 1 1 8 80 72.72 

Total Points (50) 9 9 8 13 11  
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(+4.93%) during the study period. The share of agricultural 

land area increased by 200 𝑘𝑚2 (6.25%) during 1993-2003, 

followed by an additional increase of 100 𝑘𝑚2  (2.94%) 

during 2003-2013, with a marginal decline of 5 𝑘𝑚2  (-

0.14%) during 2013-2023. The presence of open or dense 

vegetation was observed in a significant portion of the rural 

area, resulting in distinct reflectance captured by satellite 

imagery, which depicted pixels as eroded lands. The 

expansion of the farming region by 300 𝑘𝑚2 between 1993 

and 2013 can be attributed to the use of previously unused 

arable land for agriculture. Results also suggest a decrease in 

agricultural land cover from 2013-2023 due to an increase in 

other developmental activities.  

Barren land made up 7.61% (378 𝑘𝑚2) of the total land in the 

region in 1993 that gradually decreased to 4.09% (203 𝑘𝑚2) 

in 2003, 3.48% (173 𝑘𝑚2) in 2013, and 3.38% (168 𝑘𝑚2) in 

2023, thus accounting for an overall decline of 4.23% (210 

𝑘𝑚2) during the study period (Table 3). The majority of the 

barren or unproductive land was used for farming or other 

activities. The area covered by this class underwent the most 

significant decline during the first 10 years of the study 

period (1993–2003) at the annual rate of 17.5 𝑘𝑚2, while the 

least decline at the annual rate of 0.5 𝑘𝑚2   was observed 

during 2013-2023. It's possible that rough or deserted areas 

quickly transformed into rural land and neighbourhoods to 

meet the demands of the expanding population.  

Accuracy Assessment of Classes  

The categorisation of LULC classes is a significant aspect of 

land management and analysis. The process of evaluating the 

accuracy of land cover classification using remote sensing 

images involves the creation of a confusion matrix. The 

Kappa coefficient (𝑘) is also employed to ascertain statistical 

significance in the confusion matrix; “user accuracy” and 

“producer accuracy” are also computed (Table 4) of the 

studied years, i.e., (1993–2023).  

Decadal Changes in 𝑳𝑺𝑻  

The impact of land use practices on the environment, both at 

the local and regional levels, is considered to be a crucial and 

prominent issue. This is because land use practices have the 

potential to affect not only climatic conditions but also 

ecosystems. The expansion of LULC regions is indicative of 

positive change, while a reduction in these regions represents 

negative change (Das et al., 2021). The areas designated as 

forest cover and farming serve as carbon sinks. Despite their 

varying capacities for carbon sequestration, they exhibit 

certain similarities. The quantity of carbon sequestered is 

subject to variation across different forest types. Non-

vegetated regions are known to elevate GHG (greenhouse 

gas) emissions and reduce carbon levels, whereas vegetated 

regions are capable of absorbing and retaining atmospheric 

carbon. The current understanding is that anthropogenic 

emissions of greenhouse gases have a significant impact on 

terrestrial ecosystems.  

The practices of deforestation, insufficient agricultural land, 

and increasing urbanization have discernible effects on the 

temperature and precipitation patterns at the local and 

regional levels. The current situation has the potential to alter 

the global albedo, which refers to the ratio of diffuse 

reflectivity or the ability of the Earth's surface to reflect solar 

 

Fig. 4: 𝐿𝑆𝑇 maps of AOI in 1993, 2003, 2013 and 2023. 
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radiation. The alteration in surface intensity transition is observed with an increase in the albedo of the planet. Regions 

 

Fig. 5: 𝑁𝐷𝑉𝐼 maps of AOI in 1993, 2003, 2013 and 2023. 

 

Fig. 6: 𝑁𝐷𝑉𝐼 vs. 𝐿𝑆𝑇 of AOI in 1993, 2003, 2013 and 2023. 
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devoid of vegetation can experience an increase in the Earth's 

albedo. Typically, woodlands exhibit a low albedo due to 

their capacity to absorb a significant portion of the visible 

spectrum of light through the process of photosynthesis. This 

phenomenon results in a cooling effect on the surrounding 

environment.  

The surface temperature was obtained through the use of the 

thermal band of the Landsat satellite. The correlation between 

temperature and land use was effectively discerned solely 

based on surface temperature data. Landsat images over the 

study area covering 1993, 2003, 2013, and 2023 were used to 

examine surface temperature. In March of 1993, during the 

spring season, the surface temperature was found to vary 

from 33.5℃ to16.5℃. In the year 2003, the highest recorded 

land surface temperature was 34.1 ℃ , while the lowest 

recorded temperature was 18.7 ℃ . At the micro-scale, 

alterations to the LULC have resulted in modifications to the 

surrounding environment. The rate of temperature change is 

increasing over the course of decades due to changes in land 

use and land cover, particularly in developed areas and open 

forested regions. In 2013, the highest recorded temperature 

was 35.9℃, while the baseline temperature was 19.2℃. The 

maximum temperature recorded in the year 2023 has risen to 

37℃, owing to an increase in the base temperature to 20.6℃. 

Fig. 4 depicts all 𝐿𝑆𝑇 maps of the study area from 1993 to 

2023. The maximum land surface temperature is depicted in 

dark red on all maps, while the lowest land surface 

temperature is depicted in green. With fast land-use and land-

cover changes, the temporal change of land surface 

temperature has changed. 

𝑵𝑫𝑽𝑰 Changes  

The 𝑁𝐷𝑉𝐼  maps were created using Satellite data of 1993, 

2003, 2013, and 2023 (Fig. 5). 𝑁𝐷𝑉𝐼  values in the study 

region ranged from -0.20 to +0.542 in 1993 but changed in 

2003 (minimum -0.25 and maximum +0.496). 𝑁𝐷𝑉𝐼 values 

changed from minimum -0.140 to maximum +0.4911 in 2013, 

and a change from minimum -0.184 to 0.426 was observed 

with 2023 data. Higher 𝑁𝐷𝑉𝐼  values revealed the most 

valuable and useful zones, such as vegetation and agriculture. 

In contrast to the usual, decreasing 𝑁𝐷𝑉𝐼  upsides revealed 

that there are fewer and fewer helpful locations and 

developing regions. When comparing maps from 1993 to 

2023, there was a significant difference in 𝑁𝐷𝑉𝐼 values. The 

declining trend in 𝑁𝐷𝑉𝐼  value clearly indicates a loss of 

greenness from 1993 to 2023. 

Correlation Between 𝑵𝑫𝑽𝑰 and 𝑳𝑺𝑻  

Results of 𝑁𝐷𝑉𝐼  changes discussed above reveal that 

reduced vegetation-cover indicates a higher value of 𝐿𝑆𝑇. As 

a result, there seems to be a substantial negative association 

between surface temperature and 𝑁𝐷𝑉𝐼 , and in line with 

previous studies (Malik et al., 2019). To demonstrate the 

variations in green areas, graphs between 𝐿𝑆𝑇 and 𝑁𝐷𝑉𝐼 are 

plotted for all four years (1993 to 2023). Fig. 6 indicates a 

diminishing trend in vegetation cover and suggests a negative 

link between 𝐿𝑆𝑇 and 𝑁𝐷𝑉𝐼. 

𝑵𝑫𝑩𝑰 Changes  

The 𝑁𝐷𝐵𝐼  maps were created using Landsat images from 

1993, 2003, 2013, and 2023 (Fig. 7). Results from Fig. 7 

 

Fig. 7: 𝑵𝑫𝑩𝑰 maps of AOI in 1993, 2003, 2013 and 2023. 
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indicate that 𝑁𝐷𝐵𝐼 values ranged from -0.439 to +0.168 in 

1993 but changed to -0.399 to +0.20 in 2003.  In 2013, 𝑁𝐷𝐵𝐼 

values ranged from -0.439 to +0.244, whereas it was found to 

vary from 0.291 to + 0.578 in 2023, suggesting a significant 

shift in 𝑁𝐷𝐵𝐼 values in 2023. These results demonstrate the 

presence of a high-density built-up area. 

Correlation Between 𝑵𝑫𝑩𝑰 and 𝑳𝑺𝑻  

To study the changes in built-up areas and the 𝐿𝑆𝑇, graphs 

between 𝑁𝐷𝐵𝐼 and 𝐿𝑆𝑇 values are plotted for each year (Fig. 

8). Results from this figure indicate a positive association 

between 𝐿𝑆𝑇  and 𝑁𝐷𝐵𝐼  (the 𝑅2  value for the year 1993 is 

0.969, 0.960 for 2003, 0.848 for 2013, and 0.9778 for 2023), 

and are in line with other studies (Guha et al., 2021; Guha et 

al., 2022). 

 

Fig. 8: 𝑁𝐷𝐵𝐼 vs. 𝐿𝑆𝑇 of AOI in 1993, 2003, 2013 and 2023. 

 

Fig. 9: Comparison of actual local temperature and computed Landsat temperature. 
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Comparison of Actual Local Temperature and Satellite-

observed Temperature  

In context to compare the results of land surface temperature 

data (𝑇𝑚𝑎𝑥 , 𝑇𝑚𝑖𝑛  , and 𝑇𝑚𝑒𝑎𝑛  ) obtained by computing the 

thermal band of Landsat images, local temperature data of the 

study area were also obtained from Indian Metrological 

Department, Pune (India) (Fig. 9). In general, the temperature 

computed from the thermal band of Landsat images was 

higher than the actual measured temperature as is statistically 

supported by an average percentage error of -5.42%. 

However, the actual and computed temperature exhibited a 

strong correlation of 0.979 with a low root mean square error 

of 1.98. The standard deviation in the case of 𝑇𝑚𝑎𝑥, 𝑇𝑚𝑖𝑛 , and 

𝑇𝑚𝑒𝑎𝑛 was 1.47, 1.46 and 1.37 respectively.  

CONCLUSIONS 

Time series analysis of Landsat data in terms of LULC 

classification and LST used in this study provides some 

interesting conclusions about the study area. The observed 

pattern of change during the timeline spanning from 1993 to 

2023 primarily entails an expansion in the area of crop land 

and urban land with a small increase in water body coverage. 

The study suggests a reduction in the area of forest land and 

barren land due to the rise in the built-up area as well as the 

conversion of barren land to crop lands. Additionally, the 

study also suggests that the area of water bodies also 

experienced an increase during the same time period.  

Conclusions in terms of 𝐿𝑆𝑇  values suggest an increase in 

land surface temperature between 1993 and 2023, which can 

be attributed to the expanding build-up area in a westward 

direction within the study area. Plots between 𝑁𝐷𝑉𝐼  and 

𝐿𝑆𝑇,  as well as 𝑁𝐷𝐵𝐼  and 𝐿𝑆𝑇,  suggest the same trends as 

reported in earlier studies covering different areas.  

Finally, it can be concluded that the outcomes of this study 

can be employed in local and town planning as well as in the 

management of agriculture in the near future, amidst rapid 

changes in the environment in the study area. While 

urbanisation remains an ongoing trend, it is possible to 

implement management strategies to regulate the increasing 

𝐿𝑆𝑇 by increasing the plantations. 
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