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East Sikkim is one of the most emerging districts of all the four districts in the state of Sikkim, 

India. The district, since its very inception, has been the prime hub of administrative, 

educational, cultural, commercial, and industrial establishments, providing tremendous 

opportunities for economic prosperity and quality livelihood. The very organization of the state’s 

business affairs has been centric to the East District. These critical attributes have been the 

driving force behind the unprecedented inflow of population from the surrounding regions and 

rampant unorganized concretization of low-density residential and commercial provision to 

cater to the ever-growing needs, consequently resulting in rapid depletion of greenery and forest 

cover. These irreversible anthropological changes have not only impacted the land use and land 

cover; consequently, it has also left an indelible mark on the local ecology, bio-diversity, 

demography, pollution, traffic, and essential resource management such as water and power 

supply, thereby adversely affecting the quality of life. The rapid increase in the sprawl and 

unplanned encroachment of open spaces have disturbed the balance between preservation and 

development crucial to a healthy and sustainable urban lifestyle. Motivated by the specified 

pertinent problem, this research initiative aims at temporal analysis of Landsat satellite data sets 

of East Sikkim over an interval of 23 years to determine the rate of depletion of natural vegetation 

and augmentation in urban sprawl along with identification of inherent patterns and relevant 

causes. In pursuit of the research objectives, supervised image classification has been performed 

to identify various land cover classes such as urban spaces, forest, vegetative, and barren-land. 

The results obtained from the classification have revealed that dense forest, and barren land have 

decreased from by approximately 12.48 km² and 17.27 km² respectively whereas vegetation, and 

urban spaces has increased by approximately .93 km² and 36.04 km² respectively. The result 

was obtained with an average classification accuracy of 91.85% and Kappa of .8581. 

Keywords: Urban Sprawl, Supervised Classification, Accuracy Assessment, Landsat 

 

INTRODUCTION 

Sikkim, the 22nd state of India, is a green, vibrant, and prosperous state in the north-eastern part of India. Sikkim 

became part of India on 16th May 1975. East Sikkim is one of the four districts of the state of Sikkim with an estimated 

area of 964 km². Sikkim initially was portioned into four districts, namely East, West, North, and South as shown in 

figure 1. On 21st December 2021, the government of the state announced the formation of two more districts. As per 

the latest portioning, the state of Sikkim has been divided into 6 districts, namely Gangtok, Mangan, Pakyong, 

Namchi, Soreng, and Gyalshing, for ease of administrative and public convenience. East, West, North, and South 

districts are now known as Gangtok, Gyalshing, Mangan, and Namchi districts, respectively. Pakyong was created 

from the East district, whereas Soreng was created from the West district. 

Although the state has six districts with decentralized administration, most of the administrative headquarters, 

educational institutes, establishments of commerce, and industries are concentrated and planned in East District. 

Accessibility by road, the availability of resources, an uninterrupted power supply, a reliable water supply, the 

suitability of landscaping, the availability of conveniences, and a better quality of life have all played a significant role 

in the tremendous influx of population from other districts within the state and neighboring states. The total 
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population of the state is estimated at around 0.69 million, of which approximately 0.30 million resides in the East 

District, amounting to approximately 44% of the total population.  

 

Figure 1. District Map of Sikkim 

Although the state has six districts with decentralized administration, most of the administrative headquarters, 

educational institutes, establishments of commerce, and industries are concentrated and planned in East District. 

Accessibility by road, the availability of resources, an uninterrupted power supply, a reliable water supply, the 

suitability of landscaping, the availability of conveniences, and a better quality of life have all played a significant role 

in the tremendous influx of population from other districts within the state and neighboring states. The total 

population of the state is estimated at around 0.69 million, of which approximately 0.30 million resides in the East 

District, amounting to approximately 44% of the total population.  

Since early 2000, East Sikkim has been amidst the great industrial revolution. At the heart of it are the 

pharmaceutical industries and hydropower projects. With a lure for economic prosperity and prospective 

employment opportunities, these establishments have increased demand for provisions and conveniences as well as 

completely disrupted the serenity and pristine beauty of the landscape, local ecology, and biodiversity (Rawat & 

Kumar, 2015). 

In addition, Sikkim has been at the centre of the tourist map in the North-East, and of all the districts, East District 

is the most visited; therefore, promoting initiatives for the development of avenues for generating revenue through 

tourism has been one of the prime objectives. 

These unprecedented situations have created an acute drought in the availability of commercial and residential 

provisions, resulting in rampant construction of buildings and settlements encroaching on natural vegetation and 

rural spaces. Furthermore, the developed commercial and residential areas exhibit low density due to limited space 

availability and vertical restrictions imposed by the state government, given that Sikkim is located in the high-risk 

seismic zone, specifically zone IV in the Indian seismic zoning map. Consequently, the growth has been more cross-

sectional than vertical, resulting in greater area coverage and increased urban sprawl. 

Cumulatively, these factors have resulted in  

• Leapfrog settlements:  Non-contiguous development along the terrain has led to abnormal distribution of 

sprawl across the landscape resulting in over-exploitation and underutilization of available space. 

• Loss of open spaces: Loss of open spaces has hampered air-circulation, flourishment of local flora and fauna, 

regulation and maintenance of the water table, public amusement, fitness, social wellbeing and community cohesion. 
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• Strain on existing infrastructure: Over exploitation of existing infrastructure such as road network, drainage 

network, sewerage network, and other public facilities has put tremendous strain on these facilities resulting in its 

rapid deterioration.  The dire condition of the national highway NH10 that links the state to the neighbouring states 

has further aggravated the problem by disrupting and disturbing the supply-chain. 

• Non-optimal utilization of resources: Increasing demand and lack of adequate and timely supply of amenities 

has resulted in inflated cost of living, Gangtok is fast becoming one of the most expensive cities to live in the entire 

North-East India.  

• Strain on facilities for public convenience: Effective management of garbage and sewerage have become 

difficult due to increased production, overflowing and flooding of drainage networks, excessive strain on the water 

and electricity supply networks. Gangtok has already started experiencing acute shortage of water supply and daily 

commodities due to increased consumption.  

• Worsening traffic crisis: Since last few years Gangtok has been battling the worst of traffic crisis due to 

increased automobile dependencies resulting from lack of adequate public transportation provisions, narrow roads, 

lack of avenues for road network expansion, and concentration of avenues for public services towards East district.  

• Inappropriate zoning: Urban planning in East district has followed mixed-use rather than single-use zoning 

due to lack of spaces, therefore this has resulted in a situation of chaos. 

• Induced Vulnerabilities: The pursuit for rapid urbanization along the young and steep slopes has paved the 

way for many man-made disasters such as landslides, surface run-off, chocking of the drainage and road networks, 

erosion, pollution, rise in temperature, ecological imbalance, loss of bio-diversity, loss of forest cover, and flooding.  

• Social issues: Cases of law-and-order violations are on the rise. 

OBJECTIVES 

The research initiative is motivated towards the attainment of the following objectives: 

• Determine prominent LULC classes within the district boundary of East district, Sikkim. 

• Determining temporal changes to the identified LULC classes across the different years. 

• Perform accuracy assessments through spatial comparison. 

• Build a statistical comparison of the temporal change. 

• Suggest need-based reformative initiatives to deaccelerate the sprawl trends. 

STUDY AREA AND DATA USED 

East district is located along the south-eastern end of the state of Sikkim, India. The district shares its intra-state 

boundary with two other districts: North on the northern side and South on the western side. The district shares an 

inter-state boundary with the state of West Bengal on the southern side and an international boundary with the 

neighboring country of Bhutan on the eastern side. Geographically, the district is located between latitudes 27o08’ 

05” and 27o25’ 24” North and longitudes 88o26’ 27” and 88o55’ 06” East as shown in figure 2. The district is 

characterized by a mountainous landscape, including valleys, and steep terrain with an altitude ranging from a 

minimum of 212 meters to a maximum of 5,191 meters (Ahmad & Quegan, 2012). The district has a total area of 964 

km². The population of the state is expected to reach 3.32 lakhs in 2024. The weather is pleasant throughout the year, 

with temperatures varying between 5oC (during winters)-25oC (during summer).   
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Figure 2. East District 

Gangtok, the capital city of Sikkim, is located in East Sikkim, some of the glimpses are shown in figure 3. The entire 

state administration, commercial establishments, educational establishments, medical establishments, real estate 

projects, infrastructural projects, industrial establishments, and establishments for hospitality and tourism are 

located and are still being planned in the district, resulting in a greater influx due to increased demand. This, in fact, 

has created a magnified need and increased exploitation of open spaces, natural resources, and daily supplies. These 

developmental activities at the cost of economic prosperity are not only disturbing the serenity and beauty of the 

landscape but also adversely affecting the ecology, biodiversity, water table, and environment in unimaginable 

proportions. In addition to ecological influences, social and cultural drifts are also being observed. 

     
 

Figure 3. Gangtok City 

As the research initiative is motivated towards determining temporal changes in LULC changes over the region of 

East District, Landsat TM data has been deemed suitable. Landsat 7 data from the year 2000, Landsat 8 data from 

the year 2013, 2015, 2018, and Landsat 8-9 data for the year 2023 has been used in the research initiative for temporal 

analysis. (Source Earth Explorer (USGS)). 

METHODS 

The inherent steps involved in this research initiative can be schematic represented in figure 4. 

 

Figure 4. Proposed Solution. 
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• Select Remote Sensing Data 

In this research initiative, Landsat TM data from the years 2000, 2013,2015,2018 and 2023 has been used for 

temporal analysis. 

• Pre-process Remote Sensing Data 

A need-based preprocessing operation has been planned and deployed to restore data problems arising from sensor 

feed, image registration, and atmospheric correction. 

• Select Classification Approach 

In this research initiative, supervised classification approaches have been pursued as LULC classes are well known 

and defined. 

• Determine Training Set 

Training datasets have been carefully selected for various LULC classes; the training dataset is further used to train 

the selected classification method for the classification of spectral data. 

• Feature Extraction 

The selection of appropriate spectral bands for classifications of LULC classes is crucial to the success of any 

classification technique. 

• Deploy Classification Technique 

In this research initiative, a maximum likelihood classifier has been deployed as it is probabilistic in nature, robust, 

efficiently handles multispectral data, efficiently incorporates variability, enables quantization of performance 

metrics, facilitates accuracy assessment, and effectively handles miscalculation probability. 

Where, the likelihood Lk is defined as the posterior probability of a pixel belonging to a LULC class k (Ahmad & 

Quegan, 2012). 

Lk = P(k
X⁄ ) =  

P(k) ∗ P(X
k⁄ )

1
m P(i) ∗ P(X

i⁄ )
… . equation 1 

Here, 

o P(k⁄X) is the posterior probability that a pixel belongs to class k given X (observed feature) 

o P(k) is the prior probability of the pixel belonging to class k 

o P(X⁄k) is the likelihood of observing the feature X provided that the pixel belongs to class k 

Implies that Lk depends on P(X
k⁄ ) 

Were,  

P(X
k⁄ ) =  

1

√(2π)d|k|
exp(− 

1

2
(X − µk)Tk

−1(X − µk))  … . equation 2 

Here, 

o µk is the mean vector of class k 

o ∑kis the covariance matrix of class k 

o D is the dimensionality of the feature vector X 

Maximum likelihood classifier has two inherent steps the training phase and the classification phase.  

o In the training phase the training dataset is used for determining the mean vector and covariance matrix for 

each LULC class.  

o In the classification phases likelihoods is computed for determining the inclusion of a pixel to any of the 

LULC classes based on distribution estimated followed by assignment of the pixel to a particular LULC class based 

on the probability/ highest likelihood. 

Maximum likelihood classifier proves ineffective in situation when the data required for determining mean vector 

and the variance-covariance is insufficient, there is very high correlation between different bands, and population 

does not follow the normal distribution. 

• Post-Processing 

In situation where if the classifier wrongly includes a pixel into a class or wrongly excludes a pixel from a class due to 

sheer influence of the physical environment then ancillary data may be referred to modify the result of classification 

process for improving the quality of the results obtained.  For example, satellite data pertaining to mountainous 
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region is greatly influenced by the presence of geo-morphological landforms and their impression on each other with 

regards to positioning of the sensor and the light source. Therefore, two pixels belonging to the same class may look 

entirely different due to the influence of physical environment. 

• Accuracy Assessment 

The accuracy of the classification results is determined with the help of error matrix. It includes Overall Accuracy 

(OA), User’s Accuracy (UA), Producer’s Accuracy (PA), Error of Commission (EC), Error of Omission (EO), and 

Kappa Coefficient (KC). 

 

i) User’s Accuracy (UA) 

UA is the proportion of pixels correctly classified by the classifier into a LULC class to all the pixels that are classified 

into a LULC class. UA for a given LULC class k is estimated as 

UA(k)=(TP(k))/(TP(k)+FP(k))   ….equation 3 

Here,  

o UA(k) is the Users Accuracy for a given LULC class k 

o TP(k) is the representation for true positive i.e. number of pixels of LULC class k classified in LULC class k  

o FP(k) is the representation for false positive i.e. number of pixels not belonging to LULC class k classified in 

LULC class k  

Lower value of UA indicates inability of the classifier to correctly identify pixels into a given LULC class leading to 

increased misinterpretation, therefore higher value of UA is desired. 

ii) Producer’s Accuracy (PA) 

PA is the proportion of pixels correctly classified by the classifier into a LULC class to all the pixels that actually 

belongs to the LULC class. PA for a given LULC class k is estimated as 

PA(k) =
TP(k)

TP(k) + FN(k)
 … . equation 4 

Here,  

o PA(k) is the Producers Accuracy for a given LULC class k 

o TP(k) is the representation for true positive i.e. number of pixels of LULC class k classified in LULC class k  

o FN(k) is the representation for false negative i.e. number of pixels belonging to LULC class k not classified in 

LULC class k 

Lower value of PA indicates inability of the classifier to correctly identify pixels into a given LULC class leading to 

exclusions. Higher value of PA indicates increased credibility of the classifier. 

 

iii) Error of Omission (EO) 

EO is the proportion of correct pixels excluded by the classifier from a LULC class to all the pixels that actually belongs 

to the LULC class. EO for a given LULC class k is estimated as 

EO(k) =
FN(k)

TP(k) + FN(k)
 … . equation 5 

Here,  

o EO(k) is the Error of Omission for a given LULC class k 

o TP(k) is the representation for true positive i.e. number of pixels of LULC class k placed in LULC class k  

o FN(k) is the representation for false negative i.e. number of pixels belonging to LULC class k not classified in 

LULC class k  

Lower value of EO indicates ability the classifier to correctly identify pixels into a given LULC class. 

 
iv) Error of Commission (EC) 



Journal of Information Systems Engineering and Management 
2025, 10(42s) 
e-ISSN: 2468-4376 

  

https://www.jisem-journal.com/ Research Article  
 

 595 Copyright © 2024 by Author/s and Licensed by JISEM. This is an open access article distributed under the Creative Commons Attribution License 

which permits unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited. 

 

EC is the proportion of wrong pixels included by the classifier into a LULC class to all the pixels that are classified 
into the LULC class. EC for a given LULC class k is estimated as 

EC(k) =
FP(k)

TP(k) + FP(k)
 … . equation 6 

 
Here,  
o EO(k) is the Error of Omission for a given LULC class k 
o TP(k) is the representation for true positive i.e. number of pixels of LULC class k placed in LULC class k  
o FN(k) is the representation for false positive i.e. number of pixels not belonging to LULC class k classified in 
LULC class k  
Lower value of EO indicates ability the classifier to correctly identify pixels into a given LULC class. 
 

v) Kappa Coefficient () (Cohen's Kappa) 
In this research initiative Kappa Coefficient is a use to determine the agreement between a classifier and ground 
truth.1,0, and -1 indicates perfect, random, and worst agreement. 

 =
Po − Pe

1 − Pe

 … . equation 7 

Here,  
o Po is the observed agreement, were 

Po =
 TPi

Total number of instances
 … . equation 8 

 
o Pe is the expected agreement, were 

Pe = i  
Row Totali ∗  Column Totali 

Total number of instances2
 … . equation 9 

vi ) Classification Accuracy  
Classification accuracy may be estimated as 

EC(k) =
TP(k) + TN(k)

TP(k) + TN(k) + FP(k) + FN(k)
 … . equation 10 

vii) Comparison 
Represent the result obtained from the temporal analysis into graphs for representing there increase and decrease in 
the proportion of the LULC classes. 

RESULTS 

Classification results 

Table 1. Classification Result 

Years Input Image Classified Output Image 

2
00

0
 

 

 



Journal of Information Systems Engineering and Management 
2025, 10(42s) 
e-ISSN: 2468-4376 

  

https://www.jisem-journal.com/ Research Article  
 

 596 Copyright © 2024 by Author/s and Licensed by JISEM. This is an open access article distributed under the Creative Commons Attribution License 

which permits unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited. 

 

2
0

1
3

 

 

 

2
0

1
5

 

 

 

2
0

1
8

 

 

 

2
02

3
 

 

 
Table 1 represents results obtained from the classification process. 
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Estimation of Coverage of various classes  

Pixel Coverage 

Table 2 represents the total number of pixels classified into the various identifiable classes represented in table 1. 

Table 2. Pixel coverage 

Year Dense Forest Vegetation Barren Land Urban spaces 

2000 446526 413325 138350 60783 

2013 440093 414025 119524 84315 

2015 437869 418716 121584 87749 

2018 437577 416090 120024 92227 

2023 430445 414359 120277 100837 

 

Area Coverage 

Table 3 represents the total area covered by the identified classes. This was estimated by multiplying the pixel 

coverage with resolution of the reference data. 

Table 3. Area Coverage (represented in km2) 

Year Dense Forest Vegetation Barren Land Urban spaces 

2000 401.88 371.99 124.52 54.71 

2013 396.9 372.63 107.57 75.89 

2015 394.1 376.8 109.5 78.95 

2018 393.82 374.48 108.02 83.01 

2023 389.40 372.92 107.25 90.75 
 

Graphical representation of temporal changes observed 

Based on the quantifiable values represented in table 3, the increase and decrease in the classes can be represented 

as follows: 

i) Figure 5 represents decrease in forest cover from approximately 401.88 km2 to 389.4 km2 from 2000 to 

2023. 

 

Figure 5. Forest Cover 

ii) Figure 6 represents increase in vegetation cover from approximately 371.99 km2 to 372.99 km2 from 2000 

to 2023. 
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Figure 6. Vegetation Cover 
 

iii) Figure 7 represents decrease in barren land cover from approximately 124.52 km2 to 107.25 km2 from 

2000 to 2023. 

 

Figure 7. Barren Land Cover 
 

iv) Figure 8 represents increase in urban coverage from approximately 54.71 km2 to 90.75 km2 from 2000 to 

2023. 

 

Figure 8. Urban Cover 
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Table 4. Urban cover 

Years Input Image 
Classified Output identifying Urban 

Sprawl 
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Accuracy Assessment 

The accuracy assessment was performed using the ERDAS Imagine 14 module. Random points were selected for 

classification based on distribution parameters, using stratified sampling. A total of 400 random points were chosen, 

with a minimum of 60 points for each class. The image class for each point in the sample was automatically recorded. 

The viewer was utilized to determine the reference class for each point. After entering the reference class for each 

sample point, Imagine was used to create the error matrix and calculate accuracy estimates. The reference data used 

for this assessment was the Google Earth map, with the classes considered being Vegetation, Barren land, and Urban 

space. Represented in table 5 is the results achieved from accuracy assessment. 

Table 5. Accuracy Assessment 

Year 
Average User 

Accuracy 
Average 
Error of 

Commission  

Average 
Producer 
Accuracy 

Average 
Error of 

Omission 

Average 
Kappa Value 

Overall 
Classification 

Accuracy 

2000 91.05% 8.95% 93.06% 6.94% 0.8627 91.25% 

2013 90.67% 9.33% 91.82% 8.2% 0.8575 92.75% 

2015 90.07% 10.03% 90.99% 9.1% 0.8483 91.00% 

2018 90.60% 9.4% 93.72% 6.3% 0.8738 93.25% 

2023 90.07% 9.9% 90.99% 9.1% 0.8483 91.00% 
 

CONCLUSION 

East District is the most populated district in the entire state of Sikkim, India, as it is at the center of state 

administrative, educational, commercial, cultural, industrial, and social affairs. The state capital city is also located 

in East District. The district has a well-established road network, ensuring connectivity with other districts and 

neighbouring states. The availability of promising work opportunities, economic prosperity, and a better quality of 

life are some of the crucial factors that have resulted in an unprecedented influx of aspiring populations from the 

adjacent districts and states. This rapid surge has created an escalated demand for residential provisions to 

accommodate an increasing population, a reliable supply of commodities and resources to cater to their daily needs, 

efficient water and waste management solutions, and an uninterrupted power supply to ensure continuous 

operations.  

This sudden rise in demand has led to the abnormal and unplanned proliferation of concrete structures in the district; 

moreover, Sikkim falls into Zone IV of the seismic map, i.e., a zone with very high seismic activity. Therefore, the 

state government has imposed a strict reservation on the vertical scaling of the construction activities, which has 

resulted in the creation of low-density leap frogged establishments along the length and breadth of the district. Such 

unexpected turns of events have adversely affected the health of the district. Some of the pertinent problems faced 

by the district include an unprecedented influx of population, an escalated demand for supplies and resources, a 

continuous increase in concrete structures, a rapid decrease in open spaces, an inflated cost of living, and behavioral 

changes due to cultural exposure and exchanges. This has, in fact, disturbed and distorted the state's ecology, 

demography, biodiversity, natural cycles, climate, and social and cultural wellbeing to unimaginable proportions. 
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This research initiative was planned and executed to classify prominent LULC classes within the East District's 

district boundary, track changes in these LULC classes over time using Landsat data from 2000, 2013, 2015, 2018, 

and 2023, evaluate their accuracy, conduct statistical comparisons of these changes, pinpoint prominent hotspots 

and trends in sprawl, and recommend necessary reformative measures. 

Classification was performed on the Landsat data using a Supervised Approach, selecting the Maximum Likelihood 

Classifier. The classifier was selected based on its capability to handle miscalculation probabilities and computation 

ease. Various metrices for determining accuracy were implemented such as UA, PA, EC, EO, Kappa Coefficient and 

OA and the overall classification accuracy was estimated at 91.25%, 92.75%, 91.00%, 93.25% and 91.00% respectively 

for the different years. 

The outcomes of the classification have revealed the following temporal developments in the East district of Sikkim 

over the last 23 years (i.e. between 2000 and 2023):  

o The urban area has increased by approximately 65.86% covering a ground area of approximately 90.75 km2 

in 2023 compared to that of 54.71 km2 in 2020. This progression has happened mainly at the cost of agricultural and 

forest land. High intensity of development was observed in between 2000 to 2013. 

o The forest cover has decreased by approximately 31.05% covering a ground area of approximately 389.4 km2 

in 2023 compared to that of 401.88 km2 in 2020.  

o The vegetation has increased by approximately .25% covering a ground area of approximately 372.92 km2 in 

2023 compared to that of 371.99 km2 in 2020. 

o The barren has decreased by approximately 13.86% covering a ground area of approximately 107.25 km2 in 

2023 compared to that of 124.52 km2 in 2020. 

The involved agencies can adopt some reformative measures to slow down the spread of sprawl. 

o Plan and devise strategies to decentralize state administrative, educational, and commercial operations from 

Gangtok by relocating establishments to open spaces in the opposing peak. This would not only allow for off-shedding 

of relentless stress but also allow for uniform growth leading to sustainable development essential for the 

preservation of ecology and biodiversity. It would also help in the effective and efficient management of the prevailing 

traffic crisis by facilitating cross-border movement and rising inflation. Strengthening the IT infrastructure and using 

the latest technological solutions would allow for bridging the space divide.  

o Create new smarter zones to broaden development opportunities. 

o Protect and preserve green spaces, this is the only way forward to safeguard our vanishing biodiversity and 

ecology. Conceive strict regulatory policies for the prevention of allotment and use for commercial or personal 

benefits. 

o Protect and preserve open spaces. Due to social, cultural, and professional commitments, citizens in this fast-

paced world face extreme stress and mental distress from the environment, making recreational places crucial for 

maintaining sound health. 

o Promote community engagement in conceiving ideas for building better and smarter cities. Organize public 

meetings, focused discussion sessions, surveys, and forums for open discussions to enable planners to build an 

understanding of the community's needs and expectations. 

o Identify vacant, aged, underutilized, or unused establishments, revitalize them, and promote their adaptive 

use. Plan multipurpose establishments with provisions for residential, commercial, and recreational spaces. 

o Devise a mechanism for monitoring influx and impose strict administrative reservations on it. 

o Develop and promote avenues of public conveyance, including overhead ropeways, shared buses, and shared 

vehicles. Organize awareness programs motivating people to make use of the same. 

o Incentivize sustainable living and provide subsidies and privileges for sustainable practices. 

o Design courses in the curriculum of school, college, and university education promote sustainable practices 

and planning. 

Acknowledgements: The authors would like to acknowledge the support extended by Dr. Rajesh Kumar, Assistant 

Professor, Department of Geography, Sikkim University for his valuable guidance, and support during the execution 

of the research work. 



Journal of Information Systems Engineering and Management 
2025, 10(42s) 
e-ISSN: 2468-4376 

  

https://www.jisem-journal.com/ Research Article  
 

 602 Copyright © 2024 by Author/s and Licensed by JISEM. This is an open access article distributed under the Creative Commons Attribution License 

which permits unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited. 

 

  

Author contribution: Chunnu Khawas participated in data collection, image processing and result generation, 

Mohan P. Pradhan participated in writing the article including, supervision conceptualization, Ashis Pradhan 

participation in communication, result analysis, Ratika Pradhan participated in conception and validation of results. 

Data availability: The data generated or analysed during this study are included in this published article and its 

supplementary information files. 

Declarations: The authors confirm that this article is original research and has not been published or presented 

previously in any journal or conference in any language (in whole or in part). Consent to participate is not applicable. 

Consent for publication: Not applicable. 

Competing interests: The authors declare no competing interests. 

REFRENCES 

[1] Abd, H. A.-R., & Alnajjar, H. A. (2013). Maximum likelihood for land-use/land-cover mapping and change 

detection using Landsat satellite images: A case study “South of Johor”. International Journal of computational 

Engineering research (IJCER) IJCER| June 2013| VOL 3 ISSUE 6. 

[2] Abijith, D., & Saravanan, S. (2021, September). Assessment of land use and land cover change detection and 

prediction using remote sensing and CA Markov in the northern coastal districts of Tamil Nadu, India. 

Environmental Science and Pollution Research, 29, 86055–86067. doi:10.1007/s11356-021-15782-6 

[3] Abijith, D., Saravanan, S., Singh, L., Jennifer, J. J., Saranya, T., & Parthasarathy, K. S. (2020). GIS-based multi-

criteria analysis for identification of potential groundwater recharge zones - a case study from Ponnaniyaru 

watershed, Tamil Nadu, India. HydroResearch, 3, 1–14. doi:10.1016/j.hydres.2020.02.002 

[4] Agrawal, A., Kumar, N., & Radhakrishna, M. (2007, September). Multispectral image classification: a 

supervised neural computation approach based on rough–fuzzy membership function and weak fuzzy 

similarity relation. International Journal of Remote Sensing, 28, 4597–4608. 

doi:10.1080/01431160701244898 

[5] Ahmad, A., & Quegan, S. (2012, November). Analysis of Maximum Likelihood classification technique on 

Landsat 5 TM satellite data of tropical land covers. 2012 IEEE International Conference on Control System, 

Computing and Engineering. IEEE. doi:10.1109/iccsce.2012.6487156 

[6] Ahmad, M. N., Shao, Z., Xiao, X., Fu, P., Javed, A., & Ara, I. (2024, August). A novel ensemble learning 

approach to extract urban impervious surface based on machine learning algorithms using SAR and optical 

data. International Journal of Applied Earth Observation and Geoinformation, 132, 104013. 

doi:10.1016/j.jag.2024.104013 

[7] Allen, T. R., Wang, Y., & Crawford, T. W. (2013). Remote sensing of land cover dynamics. Elsevier. 

[8] Álvarez-Cabria, M., Barquín, J., & Peñas, F. J. (2016, March). Modelling the spatial and seasonal variability of 

water quality for entire river networks: Relationships with natural and anthropogenic factors. Science of The 

Total Environment, 545–546, 152–162. doi:10.1016/j.scitotenv.2015.12.109 

[9] Anderson, J. R., Hardy, E. E., Roach, J. T., & Witmer, R. E. (1976). A land use and land cover classification 

system for use with remote sensor data. doi:10.3133/pp964 

[10] Arnfield, A. J. (2003, January). Two decades of urban climate research: a review of turbulence, exchanges of 

energy and water, and the urban heat island. International Journal of Climatology, 23, 1–26. 

doi:10.1002/joc.859 

[11] Bajocco, S., De Angelis, A., Perini, L., Ferrara, A., & Salvati, L. (2012, March). The Impact of Land Use/Land 

Cover Changes on Land Degradation Dynamics: A Mediterranean Case Study. Environmental Management, 

49, 980–989. doi:10.1007/s00267-012-9831-8 

[12] Berlanga-Robles, C. A., & Ruiz-Luna, A. (2002). Land use mapping and change detection in the coastal zone 

of northwest Mexico using remote sensing techniques. Journal of Coastal Research, 514–522. 

[13] Bielecka, E. (2020, October). GIS Spatial Analysis Modeling for Land Use Change. A Bibliometric Analysis of 

the Intellectual Base and Trends. Geosciences, 10, 421. doi:10.3390/geosciences10110421 



Journal of Information Systems Engineering and Management 
2025, 10(42s) 
e-ISSN: 2468-4376 

  

https://www.jisem-journal.com/ Research Article  
 

 603 Copyright © 2024 by Author/s and Licensed by JISEM. This is an open access article distributed under the Creative Commons Attribution License 

which permits unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited. 

 

[14] Boori, M. S., Netzband, M., Choudhary, K., & Voženílek, V. (2015, November). Monitoring and modeling of 

urban sprawl through remote sensing and GIS in Kuala Lumpur, Malaysia. Ecological Processes, 4. 

doi:10.1186/s13717-015-0040-2 

[15] Bramhe, V. S., Ghosh, S. K., & Garg, P. K. (2018, April). Extraction of built-up areas using convolutional neural 

networks and transfer learning from sentinel-2 satellite images. The International Archives of the 

Photogrammetry, Remote Sensing and Spatial Information Sciences, XLII–3, 79–85. doi:10.5194/isprs-

archives-xlii-3-79-2018 

[16] Butenuth, M., Gösseln, G. v., Tiedge, M., Heipke, C., Lipeck, U., & Sester, M. (2007, October). Integration of 

heterogeneous geospatial data in a federated database. ISPRS Journal of Photogrammetry and Remote 

Sensing, 62, 328–346. doi:10.1016/j.isprsjprs.2007.04.003 

[17] Butt, A., Shabbir, R., Ahmad, S. S., & Aziz, N. (2015, December). Land use change mapping and analysis using 

Remote Sensing and GIS: A case study of Simly watershed, Islamabad, Pakistan. The Egyptian Journal of 

Remote Sensing and Space Science, 18, 251–259. doi:10.1016/j.ejrs.2015.07.003 

[18] Campbell, J. B., & Wynne, R. H. (2011). Introduction to remote sensing. Guilford press. 

[19] Castanho, R. A., Naranjo Gómez, J. M., & Kurowska-Pysz, J. (2019, March). Assessing Land Use Changes in 

Polish Territories: Patterns, Directions and Socioeconomic Impacts on Territorial Management. Sustainability, 

11, 1354. doi:10.3390/su11051354 

[20] Chen, N., Kuang, X., Liu, F., Wang, K., Zhang, L., & Chen, Q. (2024, December). Few-shot image classification 

based on gradual machine learning. Expert Systems with Applications, 255, 124676. 

doi:10.1016/j.eswa.2024.124676 

[21] Congalton, R. G., & Green, K. (2019). Assessing the accuracy of remotely sensed data: principles and practices. 

CRC press. 

[22] Congalton, R. G., & Green, K. (2019, August). Assessing the Accuracy of Remotely Sensed Data: Principles and 

Practices, Third Edition. CRC Press. doi:10.1201/9780429052729 

[23] Da Costa, S. M., & Cintra, J. P. (1999, February). Environmental analysis of metropolitan areas in Brazil. ISPRS 

Journal of Photogrammetry and Remote Sensing, 54, 41–49. doi:10.1016/s0924-2716(98)00024-0 

[24] Dadashpoor, H., Azizi, P., & Moghadasi, M. (2019, March). Land use change, urbanization, and change in 

landscape pattern in a metropolitan area. Science of The Total Environment, 655, 707–719. 

doi:10.1016/j.scitotenv.2018.11.267 

[25] DeMers, M. N. (2008). Fundamentals of geographic information systems. John Wiley & Sons. 

[26] Dewan, A. M., & Yamaguchi, Y. (2009, July). Land use and land cover change in Greater Dhaka, Bangladesh: 

Using remote sensing to promote sustainable urbanization. Applied Geography, 29, 390–401. 

doi:10.1016/j.apgeog.2008.12.005 

[27] Dezso, Z., Bartholy, J., Pongracz, R., & Barcza, Z. (2005, January). Analysis of land-use/land-cover change in 

the Carpathian region based on remote sensing techniques. Physics and Chemistry of the Earth, Parts A/B/C, 

30, 109–115. doi:10.1016/j.pce.2004.08.017 

[28] Dibs, H., Al-Hedny, S., & Karkoosh, H. A. (2018). Extracting detailed buildings 3D model with using high 

resolution satellite imagery by remote sensing and GIS analysis; Al-Qasim Green University a case study. 

International Journal of Civil Engineering and Technology, 9, 1097–1108. 

[29] Dwivedi, R. S., Sreenivas, K., & Ramana, K. V. (2005, April). Cover: Land‐use/land‐cover change analysis in 

part of Ethiopia using Landsat Thematic Mapper data. International Journal of Remote Sensing, 26, 1285–

1287. doi:10.1080/01431160512331337763 

[30] Eckert, S. (2011). Urban Expansion and its impact on urban agriculture - remote sensing based change analysis 

of Kizinga and Mzinga Valley - Dar Es Salaam, Tanzania. Urban Expansion and its impact on urban agriculture 

- remote sensing based change analysis of Kizinga and Mzinga Valley - Dar Es Salaam, Tanzania. BIS Verlag. 

doi:10.7892/BORIS.9061 

[31] Epstein, J., Payne, K., Kramer, E., & others. (2002). Techniques for mapping suburban sprawl. 

Photogrammetric engineering and remote sensing, 68, 913–918. 

[32] Erasu, D. (2017). Remote Sensing-Based Urban Land Use/Land Cover Change Detection and Monitoring. 

Journal of Remote Sensing &amp; GIS, 06. doi:10.4172/2469-4134.1000196 



Journal of Information Systems Engineering and Management 
2025, 10(42s) 
e-ISSN: 2468-4376 

  

https://www.jisem-journal.com/ Research Article  
 

 604 Copyright © 2024 by Author/s and Licensed by JISEM. This is an open access article distributed under the Creative Commons Attribution License 

which permits unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited. 

 

[33] Etter, A., McAlpine, C., Wilson, K., Phinn, S., & Possingham, H. (2006, June). Regional patterns of agricultural 

land use and deforestation in Colombia. Agriculture, Ecosystems &amp; Environment, 114, 369–386. 

doi:10.1016/j.agee.2005.11.013 

[34] Europe, U., & others. (2016). Statistics on cities, towns and suburbs. 

[35] Fahad, K. H., Hussein, S., & Dibs, H. (2020, January). Spatial-Temporal Analysis of Land Use and Land Cover 

Change Detection Using Remote Sensing and GIS Techniques. IOP Conference Series: Materials Science and 

Engineering, 671, 012046. doi:10.1088/1757-899x/671/1/012046 

[36] Fahad, S., Li, W., Lashari, A. H., Islam, A., Khattak, L. H., & Rasool, U. (2021, September). Evaluation of land 

use and land cover Spatio-temporal change during rapid Urban sprawl from Lahore, Pakistan. Urban Climate, 

39, 100931. doi:10.1016/j.uclim.2021.100931 

[37] Faisal Koko, A., Yue, W., Abdullahi Abubakar, G., Hamed, R., & Noman Alabsi, A. A. (2021, January). 

Analyzing urban growth and land cover change scenario in Lagos, Nigeria using multi-temporal remote sensing 

data and GIS to mitigate flooding. Geomatics, Natural Hazards and Risk, 12, 631–652. 

doi:10.1080/19475705.2021.1887940 

[38] Fenta, A. A., Yasuda, H., Haregeweyn, N., Belay, A. S., Hadush, Z., Gebremedhin, M. A., & Mekonnen, G. (2017, 

April). The dynamics of urban expansion and land use/land cover changes using remote sensing and spatial 

metrics: the case of Mekelle City of northern Ethiopia. International Journal of Remote Sensing, 38, 4107–

4129. doi:10.1080/01431161.2017.1317936 

[39] Foley, J. A., DeFries, R., Asner, G. P., Barford, C., Bonan, G., Carpenter, S. R., . . . Snyder, P. K. (2005, July). 

Global Consequences of Land Use. Science, 309, 570–574. doi:10.1126/science.1111772 

[40] Foody, G. M. (2002, April). Status of land cover classification accuracy assessment. Remote Sensing of 

Environment, 80, 185–201. doi:10.1016/s0034-4257(01)00295-4 

[41] Gallego, F. J. (2004, August). Remote sensing and land cover area estimation. International Journal of Remote 

Sensing, 25, 3019–3047. doi:10.1080/01431160310001619607 

[42] Gao, J., & Liu, Y. (2010, February). Determination of land degradation causes in Tongyu County, Northeast 

China via land cover change detection. International Journal of Applied Earth Observation and 

Geoinformation, 12, 9–16. doi:10.1016/j.jag.2009.08.003 

[43] Gardner, A. S., Moholdt, G., Wouters, B., Wolken, G. J., Burgess, D. O., Sharp, M. J., . . . Labine, C. (2011, 

April). Sharply increased mass loss from glaciers and ice caps in the Canadian Arctic Archipelago. Nature, 473, 

357–360. doi:10.1038/nature10089 

[44] Ghosh, P., Mukhopadhyay, A., Chanda, A., Mondal, P., Akhand, A., Mukherjee, S., . . . Hazra, S. (2017, 

January). Application of Cellular automata and Markov-chain model in geospatial environmental modeling- A 

review. Remote Sensing Applications: Society and Environment, 5, 64–77. doi:10.1016/j.rsase.2017.01.005 

[45] Gibas, P., & Majorek, A. (2020, February). Analysis of Land-Use Change between 2012–2018 in Europe in 

Terms of Sustainable Development. Land, 9, 46. doi:10.3390/land9020046 

[46] Grimm, N. B., Faeth, S. H., Golubiewski, N. E., Redman, C. L., Wu, J., Bai, X., & Briggs, J. M. (2008, February). 

Global Change and the Ecology of Cities. Science, 319, 756–760. doi:10.1126/science.1150195 

[47] Guerschman, J. P., Paruelo, J. M., Bella, C. D., Giallorenzi, M. C., & Pacin, F. (2003, January). Land cover 

classification in the Argentine Pampas using multi-temporal Landsat TM data. International Journal of 

Remote Sensing, 24, 3381–3402. doi:10.1080/0143116021000021288 

[48] Hahs, A. K., McDonnell, M. J., McCarthy, M. A., Vesk, P. A., Corlett, R. T., Norton, B. A., . . . Williams, N. S. 

(2009, October). A global synthesis of plant extinction rates in urban areas. Ecology Letters, 12, 1165–1173. 

doi:10.1111/j.1461-0248.2009.01372.x 

[49] Halmy, M. W., Gessler, P. E., Hicke, J. A., & Salem, B. B. (2015, September). Land use/land cover change 

detection and prediction in the north-western coastal desert of Egypt using Markov-CA. Applied Geography, 

63, 101–112. doi:10.1016/j.apgeog.2015.06.015 

[50] Hathout, S. (2002, November). The use of GIS for monitoring and predicting urban growth in East and West 

St Paul, Winnipeg, Manitoba, Canada. Journal of Environmental Management, 66, 229–238. 

doi:10.1006/jema.2002.0596 



Journal of Information Systems Engineering and Management 
2025, 10(42s) 
e-ISSN: 2468-4376 

  

https://www.jisem-journal.com/ Research Article  
 

 605 Copyright © 2024 by Author/s and Licensed by JISEM. This is an open access article distributed under the Creative Commons Attribution License 

which permits unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited. 

 

[51] Hegazy, I. R., & Kaloop, M. R. (2015, June). Monitoring urban growth and land use change detection with GIS 

and remote sensing techniques in Daqahlia governorate Egypt. International Journal of Sustainable Built 

Environment, 4, 117–124. doi:10.1016/j.ijsbe.2015.02.005 

[52] Herold, M., Gardner, M. E., & Roberts, D. A. (2003, September). Spectral resolution requirements for mapping 

urban areas. IEEE Transactions on Geoscience and Remote Sensing, 41, 1907–1919. 

doi:10.1109/tgrs.2003.815238 

[53] Jacquin, A., Misakova, L., & Gay, M. (2008, February). A hybrid object-based classification approach for 

mapping urban sprawl in periurban environment. Landscape and Urban Planning, 84, 152–165. 

doi:10.1016/j.landurbplan.2007.07.006 

[54] Jansen, L. J., & Di Gregorio, A. (2004, May). Obtaining land-use information from a remotely sensed land 

cover map: results from a case study in Lebanon. International Journal of Applied Earth Observation and 

Geoinformation, 5, 141–157. doi:10.1016/j.jag.2004.02.001 

[55] Jarah, S. H., Zhou, B., Abdullah, R. J., Lu, Y., & Yu, W. (2019, January). Urbanization and Urban Sprawl Issues 

in City Structure: A Case of the Sulaymaniah Iraqi Kurdistan Region. Sustainability, 11, 485. 

doi:10.3390/su11020485 

[56] Jensen, J. R. (1996). Introductory digital image processing: a remote sensing perspective. 

[57] Jensen, J. R., & Cowen, D. C. (2011, April). Remote Sensing of Urban/Suburban Infrastructure and Socio‐

Economic Attributes. Remote Sensing of Urban/Suburban Infrastructure and Socio‐Economic Attributes, 

153–163. Wiley. doi:10.1002/9780470979587.ch22 

[58] Jose, D. M., & Dwarakish, G. S. (2020, September). Uncertainties in predicting impacts of climate change on 

hydrology in basin scale: a review. Arabian Journal of Geosciences, 13. doi:10.1007/s12517-020-06071-6 

[59] Jose, D. M., & Dwarakish, G. S. (2021, May). Bias Correction and Trend Analysis of Temperature Data by a 

High-Resolution CMIP6 Model over a Tropical River Basin. Asia-Pacific Journal of Atmospheric Sciences, 58, 

97–115. doi:10.1007/s13143-021-00240-7 

[60] Kamath, C. N., Bukhari, S. S., & Dengel, A. (2018, August). Comparative Study between Traditional Machine 

Learning and Deep Learning Approaches for Text Classification. Proceedings of the ACM Symposium on 

Document Engineering 2018. ACM. doi:10.1145/3209280.3209526 

[61] Kiełkowska, J., Tokarczyk-Dorociak, K., Kazak, J., Szewrański, S., & van Hoof, J. (2018, March). Urban 

Adaptation to Climate Change Plans and Policies – the Conceptual Framework of a Methodological Approach. 

Journal of Ecological Engineering, 19, 50–62. doi:10.12911/22998993/81658 

[62] Kowalewski, A., Markowski, T., & Śleszyński, P. (2020). Kryzys polskiej przestrzeni, źródła, skutki i kierunki 

działań naprawczych. 

[63] Kryczka, P., & Masztalski, R. (2020). A method for the aggregation of spatial data in the study of urban 

structure on the example of trends in the localisation of tall buildings in Wrocław. Technical Transactions, 1–

15. doi:10.37705/techtrans/e2020033 

[64] Kukulska-Kozieł, A., Szylar, M., Cegielska, K., Noszczyk, T., Hernik, J., Gawroński, K., . . . Filepné Kovács, K. 

(2019, June). Towards three decades of spatial development transformation in two contrasting post-Soviet 

cities—Kraków and Budapest. Land Use Policy, 85, 328–339. doi:10.1016/j.landusepol.2019.03.033 

[65] Lai, Y. (2019, October). A Comparison of Traditional Machine Learning and Deep Learning in Image 

Recognition. Journal of Physics: Conference Series, 1314, 012148. doi:10.1088/1742-6596/1314/1/012148 

[66] Larondelle, N., Hamstead, Z. A., Kremer, P., Haase, D., & McPhearson, T. (2014, September). Applying a novel 

urban structure classification to compare the relationships of urban structure and surface temperature in 

Berlin and New York City. Applied Geography, 53, 427–437. doi:10.1016/j.apgeog.2014.07.004 

[67] Lefsky, M. A., & Cohen, W. B. (2003). Selection of remotely sensed data. Springer. 

[68] Lillesand, T., Kiefer, R. W., & Chipman, J. (2015). Remote sensing and image interpretation. John Wiley & 

Sons. 

[69] Liu, Y., Yao, C., Wang, G., & Bao, S. (2011, November). An integrated sustainable development approach to 

modeling the eco-environmental effects from urbanization. Ecological Indicators, 11, 1599–1608. 

doi:10.1016/j.ecolind.2011.04.004 

[70] Liverman, D. M., & Cuesta, R. M. (2008, July). Human interactions with the Earth system: people and pixels 

revisited. Earth Surface Processes and Landforms, 33, 1458–1471. doi:10.1002/esp.1715 



Journal of Information Systems Engineering and Management 
2025, 10(42s) 
e-ISSN: 2468-4376 

  

https://www.jisem-journal.com/ Research Article  
 

 606 Copyright © 2024 by Author/s and Licensed by JISEM. This is an open access article distributed under the Creative Commons Attribution License 

which permits unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited. 

 

[71] Loveland, T. R., & Mahmood, R. (2014, October). A Design for a Sustained Assessment of Climate Forcing and 

Feedbacks Related to Land Use and Land Cover Change. Bulletin of the American Meteorological Society, 95, 

1563–1572. doi:10.1175/bams-d-12-00208.1 

[72] Lu, D., & Weng, Q. (2007, March). A survey of image classification methods and techniques for improving 

classification performance. International Journal of Remote Sensing, 28, 823–870. 

doi:10.1080/01431160600746456 

[73] Macleod, R. D., & Congalton, R. G. (1998). A quantitative comparison of change-detection algorithms for 

monitoring eelgrass from remotely sensed data. Photogrammetric engineering and remote sensing, 64, 207–

216. 

[74] Manandhar, R., Odeh, I. O., & Ancev, T. (2009, July). Improving the Accuracy of Land Use and Land Cover 

Classification of Landsat Data Using Post-Classification Enhancement. Remote Sensing, 1, 330–344. 

doi:10.3390/rs1030330 

[75] Melchiorri, M., Florczyk, A., Freire, S., Schiavina, M., Pesaresi, M., & Kemper, T. (2018, May). Unveiling 25 

Years of Planetary Urbanization with Remote Sensing: Perspectives from the Global Human Settlement Layer. 

Remote Sensing, 10, 768. doi:10.3390/rs10050768 

[76] Mishra, P. K., Rai, A., & Rai, S. C. (2020, August). Land use and land cover change detection using geospatial 

techniques in the Sikkim Himalaya, India. The Egyptian Journal of Remote Sensing and Space Science, 23, 

133–143. doi:10.1016/j.ejrs.2019.02.001 

[77] Mollicone, D., ACHARD, F., EVA, H. D., BELWARD, A. S., Federici, S., LUMICISI, A., . . . others. (2003). Land 

Use Change Monitoring in the Framework of the UNFCCC and Its Kyoto Protocol. Report on Current 

Capabilities of Satellite Remote Sensing Technology. Tech. rep. 

[78] Mosammam, H. M., Nia, J. T., Khani, H., Teymouri, A., & Kazemi, M. (2017, June). Monitoring land use change 

and measuring urban sprawl based on its spatial forms. The Egyptian Journal of Remote Sensing and Space 

Science, 20, 103–116. doi:10.1016/j.ejrs.2016.08.002 

[79] Parthasarathy, K. S., & Deka, P. C. (2019, April). Remote sensing and GIS application in assessment of coastal 

vulnerability and shoreline changes: a review. ISH Journal of Hydraulic Engineering, 27, 588–600. 

doi:10.1080/09715010.2019.1603086 

[80] Rawat, J. S., & Kumar, M. (2015, June). Monitoring land use/cover change using remote sensing and GIS 

techniques: A case study of Hawalbagh block, district Almora, Uttarakhand, India. The Egyptian Journal of 

Remote Sensing and Space Science, 18, 77–84. doi:10.1016/j.ejrs.2015.02.002 

[81] Saadat, H., Adamowski, J., Bonnell, R., Sharifi, F., Namdar, M., & Ale-Ebrahim, S. (2011, September). Land 

use and land cover classification over a large area in Iran based on single date analysis of satellite imagery. 

ISPRS Journal of Photogrammetry and Remote Sensing, 66, 608–619. doi:10.1016/j.isprsjprs.2011.04.001 

[82] Sandu, A. (2017, June). WHAT PATTERN(S) FOR THE URBAN SPRAWL OF THE POST-SOCIALIST 

ROMANIAN CITIES? 17th International Multidisciplinary Scientific GeoConference SGEM2017, Informatics, 

Geoinformatics and Remote Sensing. Stef92 Technology. doi:10.5593/sgem2017/23/s11.109 

[83] Sapena, M., & Ruiz, L. Á. (2019, January). Analysis of land use/land cover spatio-temporal metrics and 

population dynamics for urban growth characterization. Computers, Environment and Urban Systems, 73, 27–

39. doi:10.1016/j.compenvurbsys.2018.08.001 

[84] Saxena, A., Jat, M. K., & Clarke, K. C. (2021, March). Development of SLEUTH-Density for the simulation of 

built-up land density. Computers, Environment and Urban Systems, 86, 101586. 

doi:10.1016/j.compenvurbsys.2020.101586 

[85] Sharma, S., & Guleria, K. (2022, April). Deep Learning Models for Image Classification: Comparison and 

Applications. 2022 2nd International Conference on Advance Computing and Innovative Technologies in 

Engineering (ICACITE). IEEE. doi:10.1109/icacite53722.2022.9823516 

[86] Shikary, C., & Rudra, S. (2020, November). Measuring Urban Land Use Change and Sprawl Using Geospatial 

Techniques: A Study on Purulia Municipality, West Bengal, India. Journal of the Indian Society of Remote 

Sensing, 49, 433–448. doi:10.1007/s12524-020-01212-6 

[87] Silva, L. P., Xavier, A. P., da Silva, R. M., & Santos, C. A. (2020, March). Modeling land cover change based on 

an artificial neural network for a semiarid river basin in northeastern Brazil. Global Ecology and Conservation, 

21, e00811. doi:10.1016/j.gecco.2019.e00811 



Journal of Information Systems Engineering and Management 
2025, 10(42s) 
e-ISSN: 2468-4376 

  

https://www.jisem-journal.com/ Research Article  
 

 607 Copyright © 2024 by Author/s and Licensed by JISEM. This is an open access article distributed under the Creative Commons Attribution License 

which permits unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited. 

 

[88] Sleeter, B. M., Wilson, T. S., Sharygin, E., & Sherba, J. T. (2017, November). Future Scenarios of Land Change 

Based on Empirical Data and Demographic Trends. Earth’s Future, 5, 1068–1083. doi:10.1002/2017ef000560 

[89] Śleszyński, P., Kowalewski, A., Markowski, T., Legutko-Kobus, P., & Nowak, M. (2020, July). The 

Contemporary Economic Costs of Spatial Chaos: Evidence from Poland. Land, 9, 214. 

doi:10.3390/land9070214 

[90] Słodczyk, J. (2020). The Formation of Urban Spaces Around the World: A History of Planning and Building of 

Cities. University of Opole. 

[91] Soffianian, A., Nadoushan, M. A., Yaghmaei, L., & Falahatkar, S. (2010). Mapping and analyzing urban 

expansion using remotely sensed imagery in Isfahan, Iran. World applied sciences journal, 9, 1370–1378. 

[92] Tahir, M., Imam, E., & Hussain, T. (2013). Evaluation of land use/land cover changes in Mekelle City, Ethiopia 

using Remote Sensing and GIS. Computational Ecology and Software, 3, 9. 

[93] Tayyebi, A., & Pijanowski, B. C. (2014, May). Modeling multiple land use changes using ANN, CART and 

MARS: Comparing tradeoffs in goodness of fit and explanatory power of data mining tools. International 

Journal of Applied Earth Observation and Geoinformation, 28, 102–116. doi:10.1016/j.jag.2013.11.008 

[94] Toure, S. I., Stow, D. A., Shih, H.-c., Weeks, J., & Lopez-Carr, D. (2018, June). Land cover and land use change 

analysis using multi-spatial resolution data and object-based image analysis. Remote Sensing of Environment, 

210, 259–268. doi:10.1016/j.rse.2018.03.023 

[95] TV, R., Aithal, B. H., & Sanna, D. D. (2012, August). Insights to urban dynamics through landscape spatial 

pattern analysis. International Journal of Applied Earth Observation and Geoinformation, 18, 329–343. 

doi:10.1016/j.jag.2012.03.005 

[96] Ulbricht, K. A., & Heckendorff, W. D. (1998, August). Satellite images for recognition of landscape and landuse 

changes. ISPRS Journal of Photogrammetry and Remote Sensing, 53, 235–243. doi:10.1016/s0924-

2716(98)00006-9 

[97] Vigneshwaran, S., & Vasantha Kumar, S. (2018, October). Extraction of built-up area using hight resolution 

SENTINEL-2A and Google Satellite Imagery. The International Archives of the Photogrammetry, Remote 

Sensing and Spatial Information Sciences, XLII-4/W9, 165–169. doi:10.5194/isprs-archives-xlii-4-w9-165-

2018 

[98] Wang, P., Fan, E., & Wang, P. (2021, January). Comparative analysis of image classification algorithms based 

on traditional machine learning and deep learning. Pattern Recognition Letters, 141, 61–67. 

doi:10.1016/j.patrec.2020.07.042 

[99] Wang, S. W., Gebru, B. M., Lamchin, M., Kayastha, R. B., & Lee, W.-K. (2020, May). Land Use and Land Cover 

Change Detection and Prediction in the Kathmandu District of Nepal Using Remote Sensing and GIS. 

Sustainability, 12, 3925. doi:10.3390/su12093925 

[100] Weng, Y.-C. (2007, July). Spatiotemporal changes of landscape pattern in response to urbanization. Landscape 

and Urban Planning, 81, 341–353. doi:10.1016/j.landurbplan.2007.01.009 

[101] Wiatkowska, B., Słodczyk, J., & Stokowska, A. (2021, July). Spatial-Temporal Land Use and Land Cover 

Changes in Urban Areas Using Remote Sensing Images and GIS Analysis: The Case Study of Opole, Poland. 

Geosciences, 11, 312. doi:10.3390/geosciences11080312 

[102] Wulder, M. A., Coops, N. C., Roy, D. P., White, J. C., & Hermosilla, T. (2018, March). Land cover 2.0. 

International Journal of Remote Sensing, 39, 4254–4284. doi:10.1080/01431161.2018.1452075 

[103] Yang, L., Jin, S., Danielson, P., Homer, C., Gass, L., Bender, S. M., . . . Xian, G. (2018, December). A new 

generation of the United States National Land Cover Database: Requirements, research priorities, design, and 

implementation strategies. ISPRS Journal of Photogrammetry and Remote Sensing, 146, 108–123. 

doi:10.1016/j.isprsjprs.2018.09.006 

[104] Yu, Y., Tong, Y., Tang, W., Yuan, Y., & Chen, Y. (2018, January). Identifying Spatiotemporal Interactions 

between Urbanization and Eco-Environment in the Urban Agglomeration in the Middle Reaches of the Yangtze 

River, China. Sustainability, 10, 290. doi:10.3390/su10010290 

[105] Yuan, F., Sawaya, K. E., Loeffelholz, B. C., & Bauer, M. E. (2005, October). Land cover classification and change 

analysis of the Twin Cities (Minnesota) Metropolitan Area by multitemporal Landsat remote sensing. Remote 

Sensing of Environment, 98, 317–328. doi:10.1016/j.rse.2005.08.006 



Journal of Information Systems Engineering and Management 
2025, 10(42s) 
e-ISSN: 2468-4376 

  

https://www.jisem-journal.com/ Research Article  
 

 608 Copyright © 2024 by Author/s and Licensed by JISEM. This is an open access article distributed under the Creative Commons Attribution License 

which permits unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited. 

 

[106] Zhang, J., Zhang, L.-y., Du, M., Zhang, W., Huang, X., Zhang, Y.-q., . . . Xiao, H. (2016, November). 

Indentifying the major air pollutants base on factor and cluster analysis, a case study in 74 Chinese cities. 

Atmospheric Environment, 144, 37–46. doi:10.1016/j.atmosenv.2016.08.066 


