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Abstract 

Studies on land use and land cover (LULC) changes and subsequent effects on environmentare 

not satisfactory in Bangladesh because of the lack of geospatial data and time-series information. 

By using the open-source Landsat data coupled with GIS technology and other ancillary data, the 

main purpose of this study is to analyze the dynamic changes in LULCin JashoreDistrict of 

Bangladeshover a 20-year period between 2002 and 2022. Including pre-classification and post-

classification identification scenarios, Normalized Difference Vegetation Index (NDVI) analysis 

was employed to examine the vegetation changes over the period.The findings of this present 

study indicate notable changes with an increase of 20.77% in urban areas and 14.53% in bare 

soil. Additionally, there has been a decline of 2.93% in water bodies and 32.37% in vegetation 

land cover. Accuracy evaluations of supporting the land use classification's trustworthiness 

include Kappa statistics of 0.80 for the year 2022 and 0.65 for the year 2002. Adecrease in land 

surface temperature (LST) in Jashore District over 20 years from 2002 to 2022has been reported 

in this study.Although the proportion of vegetation cover has been reduced in 2022, we found 

anegative correlation between LST and NDVI.Along with LULC, the LST is influenced by many 

other atmospheric and ecological parameters, which could also be affected by recent global 

climate change. Furthermore, NDVI is dependent on vegetation canopy type, color and density, 

which could also affect the relationship with LST. The findings of this study provide insightful 



 

 

information to ecologists,environmentalists, urban planners, and lawmakersfor developing 

sustainable land management plans and environmental conservation initiatives.  
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Introduction 

The cities in Bangladesh experiencee one of the fastest urbanization rates in the world over 

the past few decades (Faisal et al. 2021). Rapid population growthand the migration of people to 

urban areas cause informal settlements, uncontrolled expansion of slums, fast-spreading disease 

(Moore et al. 2003), pervasive urban poverty (Grant 2010), traffic jams(Islam and Ahmed 2011), 

waterlogging, environmental pollution and degradation (Kafy et al. 2020) and other 

socioeconomic issues(Gómez et al. 2020). Mostly the uncontrolled population growth and 

unplanned urbanization hinder sustainable development of the cities in Bangladesh (Kafy et al. 

2021). For the sustainable land use, distribution and management of environmental and 

ecological resources,it is essential to consider the changes in urban land use and land cover 

(LULC). Land use refers to how humans utilize lands for purposes like agriculture, industry, or 

recreation (Rawat and Kumar 2015), whereas the land cover relates to the physical 

characteristics of the Earth’s surface, such as agricultural lands, woodlands, water bodies, urban 

areas and natural vegetation(Audah et al. 2021; Mishaa et al. 2021). Land use and land cover 

(LULC) is a critical component because of its potential environmental impact onnatural resource 

management(Iqbal and Khan 2014; KantakumarandNeelamsetti 2015; Lin et al. 2015).It may 

contribute to global environmental change throughthe interaction with biodiversity, 

biogeochemical cycles, climatic systems, biological processes, and human activities (Agarwal et 

al. 2001; Lopez et al. 2001). At local, regional, and global dimensions, the changes in LULC 

impact the equilibrium of energy, water, agricultural production, and geochemical exchanges. 



 

 

Thus, comprehensive knowledge of LULC changes is crucial for the sustainable management of 

land, allocation of resources, and preservation of the environment (Vescovi et al. 2002).  

Geospatial technology like satellite-based remote sensing (RS) and geographic information 

system (GIS) has revolutionized the research area of LULC by providing detailed qualitative and 

quantitative information forobserving and recording LULC changes at a particular time and 

spatial location (Collins et al. 1996;Gopal et al. 1996; Mamun 2013). Considering that the 

classification of LULC is an ongoing and dynamic process, it is essential to do continuous 

research on LULC changes and their impacts on both the society and the environment (López et 

al. 2001; Mondal et al. 2016).All developed nations and majority of developing nations have 

access to current comprehensive LULC data, which enables them to monitor changes in their 

landforms. Hence, they are ready to face new environmental challenges and issues in advance. 

However, Bangladesh, as a developing nation, is not under continuous monitoring of LULC 

changes to overcome current challenges for the establishment of sustainable ecosystems. In the 

context of Bangladesh, various environmental challenges such as soil and water pollution, soil 

quality degradation, soil erosion, loss of minimum area of vegetation, and loss of biodiversity 

havebeen exacerbated mostly because of the rapid expansion of population and inadequate urban 

planning (Xu et al. 2020). Therefore, it is crucial to research the amount of farmed 

land,vegetation, water features, and wet/lowland areas that are lost to urban areas. 

Land surface temperature (LST) is one of the most important parameters of surface–

atmosphere interactions and climate change, which significantly alters seasonal vegetation 

phenology and in turns affectsthe energy balance at global and regional scale. Thermal RS 

techniques can measure the upward long-wave radiation from the land surface underclearsky and 

the data are used to retrieve the spatially distributed LSTs.LST is strongly influenced by 



 

 

landscape features as the features change the thermal characteristics of the surface greatly. The 

methods of anthropogenic heat discharge due to energy consumption cause increase inLST. In 

contrast, the vegetation and water surfaces in a landscape reduce the LST through 

evapotranspiration (Kumar et al. 2012). Thus, the lowest LSTs are usually found in dense 

vegetative areas. However, the LST is dependent on time, place and types and distributions of 

vegetation (Yuan and Bauer 2007).As a victim of climate change, Bangladesh is expecting a 

gradual increase in LST (Mondal and Wasimi 2004). Multiple research projects have confirmed 

a significant correlation between LULC and land surface temperature(LST). Researchers have 

found that the increase in LST is particularly influenced by changes in LULC, particularly in 

metropolitan regions (Weng et al. 2004; Kumar and Shekhar 2015; Fan et al. 2017; Pal and Ziaul 

2017). RS and GIS technology are significant contemporary techniques used to identify LULC 

and extract LST (Choudhury et al. 2019).  

For Bangladesh perspective, previous studies on LULC change and its impact on cities are 

available (e.g., Uddin and Gurung 2008; Dewan and Yamaguchi 2009a, 2009b; Islam and 

Ahmed 2011; Mamun et al. 2013; Haque and Basak 2017; Islam and Ma 2018; Kafy et al. 2020; 

Xu et al. 2020; Morshed et al. 2021; Morshed et al. 2023). However, the previously available 

studies on changes in LULC mostly cover the study sites as the capital city Dhaka (e.g., Ahmed 

and Bramley 2015; Pramanik and Stathakis 2015; Hossain and Rahman 2022), the most 

commercial city Chittagong (Hassan and Nazem 2016) and other big cities like Rajshahi (Hassan 

2017; Kafy et al. 2019), Sylhet, Rangpur, Barishal (Hassan 2017), Khulna (Ahmed 2011; Hassan 

2017), and Sunamganj (Haque and Basak 2017). Having access to current and comprehensive 

LULC data allows many developing nations to keep track of changes to their landforms. This is 

not the case for developing nations like Bangladesh. The LULC structure is complicated and 



 

 

must be monitored periodically for better understanding of future urban growth pattern (Al-

Darwish et al. 2018; Feng et al. 2018). Investigating the loss of farmed land that has been moved 

to urban areas as well as the alterations to vegetation, water bodies, and wet/lowlands is therefore 

imperative. A recent study has reported on future potential intra-urban LULC growth patterns of 

a developing city Jashore in Bangladesh up to the year 2050 (Morshed et al. 2023). However, as 

a first attempt, this present study is accomplished in JashoreDistrictfor analyzing the patterns of 

LULC changes and the effects of those changes on LST through the creation of the Normalized 

Difference Vegetation Index (NDVI) and spatiotemporal change maps by using GIS and RS 

technologies. It would be a great step towards strategic planning for sustainable urban 

development of that city (Maarseveen et al. 2018). NDVI is a metric which is employed to 

measure temporal variations in vegetative patterns. Therefore, the specific objectives of the 

present study areto identify (i) the significant changes in LULC, LST and NDVI over a period of 

20 years by using 2002 as the reference year and (ii) the relationship analysis between LST and 

NDVI. The findings of this study are expected helping the national policymakers to set strategies 

for controlling urban growth and environmental changes in future. 

Methodology 

Study Area 

Jashore District, situated in the southwestern region of Bangladesh, has a tropical monsoon 

climate. Geographically, it is situated within the latitudes 23°0'N to 23°22'N and the longitudes 

88°55'E to 89°15'E (Fig. 1). Geographically, the district is next to Narial in the northeast, 

Magura in the northwest, Khulna in the south, and the Republic of India, particularly the state of 

West Bengal, in the west. The district has a total land area of 2545.32 square kilometers. It is 



 

 

surrounded by a multitude of water bodies, including the Bhairab, Teka, Hari, Sree, Aparbhadra, 

Harihar, Haribhadra, Chitra, Betna, Kopotakkho, and Mukteshwari rivers. 

 

Figure 1 Study area, the JashoreDistrict under Khulna Division in Bangladesh. 

Data Collection 

The present analysis is dependent on secondary data and incorporates a diverse range of 

geographic and non-spatial data sources. The geographic and temporal data employed in this 

work were the latest high-resolution satellite pictures, namely Landsat ETM+ 30m (year 2002) 

and OLI-TIRS 30m (year 2022), which have a row/path value of 44/138 with a resolution of 30 

meters. The photos were obtained from the publicly accessible Landsat imaging services 

accessible at https://earthexplorer.usgs.gov. Table 1 presents the characteristics of the Landsat 



 

 

data. Cloud-free and undesired shade-free photos were givenpriority during the image selection 

process. To avoid cloudsand expecting minimal variation in the period of capturing images, the 

study mostly used imagery data from the winter season (Uddin and Gurung 2008). The satellite 

images were georeferenced using the World Geodetic System (WGS) 84 coordinate system and 

the Universal Transverse Mercator (UTM) map projection in Zone 46 N datum. The shape file 

for the JashoreDistrictwas sourced from the Bangladesh Water Development Board (BWDB). 

The base maps of Jashore City were obtained from published papers by the Geological Survey of 

Bangladesh (GSB) for reference. 

Table 1: Information on Landsat Satellite data used. 

Satellite Sensor Row / 
Path Date Resolution Band 

information 
Wavelength 

(m) Data source 

Landsat-8 OLI-TIRS 44/138 2022-02-07 30 B2 (Blue) 0.45- 0.51 https://earthexplorer.usgs.gov/ 

     
B3 (Green) 0.53- 0.59  

     
B4 (Red) 0.64- 0.67  

     
B5 (NIR) 0.85-0.88  

     
B8 

((Panchromatic) 
0.50-0.68  

Landsat-7 ETM+ 44/138 2002-02-24 30 B1 (Blue) 0.45-0.51 https://earthexplorer.usgs.gov/ 

     
B2 (Green) 0.52- 0.60  

     
B3 (Red) 0.63- 0.69  

     
B4 (NIR) 0.77- 0.90  

     
B8 

((Panchromatic) 
0.50-0.68  

Pre-processing of Data 

The processes of stacking the Landsat imagery, combining them into multiband composite 

views, and focusing on the research region were imperative to optimize the quality and 

efficiency of the subsequent analyses. Using ArcGIS 10.8, the layer stacking process was carried 

out effectively, reducing the required bands into a small layer for the photos to be examined.To 

precisely align and synchronize the imageries used in this study, image registration was essential. 

In this case, the 2002 Landsat-7 imagery was registered against the Landsat-8 image from 2022 



 

 

(path 138, row 44) as the reference. After registration, the photos were put through several pre-

processing steps to remove any possible distortions or irregularities.The most important 

procedure among the pre-processing steps was atmospheric adjustment, which made sure that the 

accuracy of the data was not harmed by interference from gasses and other atmospheric particles. 

Furthermore, radiometric adjustments were applied to account for any anomalies or atmospheric 

noise, specifically tackling cloud-related issues. The thorough pre-processing procedures 

established a strong basis for the ensuing picture analysis, ensuringprecision and reliability in the 

results. 

Method of classification and change detection of LULC  

The LULC map was classified using the maximum likelihood method of the Image 

Classification tool in ArcGIS 10.8, which is a supervised classification procedure. The land use 

categorization has been based on the bands 1-4 and 8 of the Landsat-7 ETM+ aerial photography. 

Furthermore, the classification of land use has been based on bands 2-4 and band-8 of the 

Landsat-8 OLI images. To generate the LULC maps, the image analyzer tool inside the ArcGIS 

10.8 program was utilized to stack all the bands. The training sample management tool,with 

randomly chosen substantial quantity of training samples, was thereafter employed to determine 

the pixel signature. The flow chart in Figure 2 depicts the complete procedure of land use 

classification.  

 



 

 

 

Figure 2 Procedures for LULC classification. 

Method of accuracy assessment of LULC maps 

The accuracy assessment is necessary for both pre- and post-classified imagery. The 

confusion matrix or error matrix has been used to evaluate the study's reliability. The following 

equations were used to conduct the accuracy assessment in this study (Das et al. 2021): 

 



 

 

ݕܿܽݎݑܿܿܣ	݈݈ܽݎ݁ݒܱ = 

(݈ܽ݊݃ܽ݅ܦ)ݏ݈݁ݔ݅	݂݀݁݅݅ݏݏ݈ܽܥ	ݕ݈ݐܿ݁ݎݎܥ	݂	ݎܾ݁݉ݑܰ	݈ܽݐܶ
ݏ݈݁ݔ݅	݁ܿ݊݁ݎ݂ܴ݁݁	݂	ݎܾ݁݉ݑܰ	݈ܽݐܶ 	× 	100 … … … … … … … … (1) 

ݕܿܽݎݑܿܿܣ	ݎ݁ݏܷ = ே௨		௧௬	௦௦ௗ	௫௦			௧௬
்௧	ே௨		௦௦ௗ	௫		௧௧	௧௬(்	ோ௪	்௧)

	× 	100 … … … ..(2) 

ݕܿܽݎݑܿܿܣ	ݎ݁ܿݑ݀ݎܲ = 

ݕݎ݃݁ݐܽܿ	ℎܿܽ݁	݊݅	ݏ݈݁ݔ݅	݂݀݁݅݅ݏݏ݈ܽܥ	ݕ݈ݐܿ݁ݎݎܥ	݂	ݎܾ݁݉ݑܰ
(݈ܽݐܶ	݊݉ݑ݈ܥ	ℎ݁ܶ)ݕݎ݃݁ݐܽܿ	ݐℎܽݐ	݊݅	ݏ݈݁ݔ݅ܲ	݁ܿ݊݁ݎ݂ܴ݁݁	݂	ݎܾ݁݉ݑܰ	݈ܽݐܶ 	× 	100. . . . . . (3) 

(ܶ)	ݐ݂݂݊݁݅ܿ݅݁ܥ	ܽܽܭ = 

(ܵܥܶݔܵܶ)) − ݈ܽݐܶ	݊݉ݑ݈ܥ)ߑ × ((݈ܽݐܶ	ݓܴ
(ܶܵ ∧ 2− ݈ܽݐܶ	݊݉ݑ݈ܥ)ߑ × ((݈ܽݐܶ	ݓܴ 	× 	100. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . (4) 

Method for calculation of NDVI 

The present study has shown a correlation between the Normalized Difference Vegetation 

Index (NDVI) and Land Surface Temperature (LST). The NDVI is a vegetation index that 

measures the variation in reflectance characteristics across wavelengths in the near-infrared and 

red ranges. The quantity is determined by dividing the total of these two reflectance values. The 

NDVI extraction has been successfully achieved using the methodology provided by 

(Townshend and Justice 1986). 

ܫܸܦܰ = ൬
	ܴܫܰ − ܦܧܴ
	ܴܫܰ + ൰ܦܧܴ . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . … . . . . . . . . . . . . . . . . . . . . . . . . . . . (5) 

where, the acronym NIR denotes the near Infrared band, while RED designates the red band. 

NDVI was extracted using Landsat ETM+ band 3 and band 5, along with Landsat OLI band 4 

and band 5. Numerical NDVI values span from -1 (negative) to +1 (positive). NDVI readings 

that are negative provide evidence of water, whereas values that are positive suggest the 

existence of vegetation. 



 

 

Method of LST from the thermal band 

The thermal bands of Landsat-7 ETM+ (band 6) and Landsat-8 OLI (band 10) were used to 

calculate the ground surface temperature for the month of February, which correspond to the 

winter season. Yet, the approach of obtaining LST from Landsat ETM+ and Landsat OLI varies 

somewhat in terms of computing spectral radiance (Lλ). The methodologies for obtaining LST 

have been well explained in several research papers (Asgarian et al. 2014; Govind and Ramesh 

2019). The sequential procedure of obtaining LST from Landsat ETM+ and Landsat OLI images 

is depicted in Figure 3. Below is the detailed, step-by-step technique for calculating LST:  

Step-I: Conversion of the digital number (DN) to radiance or converting it to top of 

atmosphere (TOA) radiance (Lk). The thermal band, band 6of Landsat-7 ETM+ imagery has 

been utilized to compute the spectral radiance (Lλ) using the following equation. 

ߣܮ = ߣܰܫܯܮ
ߣݔܽ݉ܮ) − (ߣݔܽ݉ܮ

ݔܽ݉ܮܣܥܳ) − (݊݅݉ܮܣܥܳ 	× .ܮܣܥܳ	 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . (6) 

where, QCALmax and QCALmin are the maximum and minimum DN values (usually 255 and 

1, respectively); QCAL isthe Digital Number of each pixel; Lmaxλ and Lminλ are the spectral 

radiances for the band 6 at digital number.The value of Lmaxλ = 17.040 and Lminλ = 0.The 

thermal band for Landsat-8 OLI imagery is band 10. To calculate the spectral radiance (Lλ), the 

following equation 7 is used, 

	ߣܮ = 	ܮܯ	 × ܮܣܥܳ)	 + ܮܣ − ܱ݅). . . … … … … … … … … . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . (7) 

where,Lλisthe Spectral Radiance of top of the atmosphere; ML is the band- specific 

multiplicative rescaling factor (0.0003342); AL is the band-specific additive rescaling factor 

(0.1); QCAL isthe Quantized and Calibrated Standard Product Pixel value (band 10 image); Oi is 

the Correction for band-10(0.29). 



 

 

 

Figure 3 Procedures for LST calculation by using Landsat 7 ETM+ (A) and Landsat 8 OLI (B). 

Step-II: Conversion of spectral radiation to satellite-derived brightness temperatures (BT). 

Upon converting the digital number into radiance, the data has been transformed into brightness 

temperature (BT) using the thermal constant provided in the metadata file. The tool's algorithm 

uses the following equation to convert reflectance to BT [equation 8]. 

ܶܤ = (
2ܭ

1ܭ)]݊ܫ ⁄ (ߣܮ + 1]	))− 273.15. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . (8) 

where,BT isthe satellite-derived brightness temperatures; Lߣisthe TOA spectral radiance 

[equation (6)]; K1 isthe Band constant (shown in Table 2); K2 isthe Band constant 273.15 

(shown in Table 2), that helps to convert the temperature from Kelvin to Celsius. 

The image cannot be displayed. Your computer may not have enough memory to open the image, or the image may have been corrupted. Restart your computer, and then open the file again. If the red x still appears, you may have to delete the image and then insert it again.



 

 

Step III: Calculation of the proportion of vegetation (Pv). The NDVI is the primary metric 

used to determine the proportion of vegetation. The calculation was performed as follows 

[equation 9]. 

ݒܲ = (
ܫܸܦܰ − ݊݅݉ܫܸܦܰ

ݔܽ݉ܫܸܦܰ − .ଶ(݊݅݉ܫܸܦܰ . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . (9)  

where, NDVI is the Normalized difference vegetation index; NDVImin is the minimum value of 

NDVI; and NDVImax is the maximum value of NDVI. 

Step IV: Emissivity adjustment (ε). The emissivity (ε) can be adjusted by using the equation 

provided in equation 10. 

The land surface emissivity ߝ	 = 	0.004	× 	ܸܲ + 0.986. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . (10) 

Step-V: Calculation Land surface temperature (LST). 

ܶܵܮ =
ܶܤ

[1 + ߣ)} × ்
ఘ

) × [{ߝ݊ܫ
. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . (11) 

where,λ isthe wavelength of emitted radiance in meters (Markham and Barker, 1985); ρ = h×c/σ, 

which value is 1.438×10-2 mK; σ isthe Boltzmann constant (1.38×10-23 J/K); h is the Planck’s 

constant (6.626×10-34 Js); c is the velocity of light (2.998×10-8 m/s); andε is the emissivity 

ranging between 0.97 and 0.99. 

Table 2 Thermal Constants 

Sensor Year Band Band constant K1 Band constant K2 

Landsat ETM+ 2002 Band 6 666.09 1282.71 

Landsat OLI 2022 Band 10 777.8853 1321.0789 

The land use categories 

The land uses within the research region were categorized into four unique classifications, 

such as (i) Water Bodies, (ii) Vegetation, (iii) Build Up Area, (iv) Bare Soil (Table 3). After 



 

 

categorizing the photos based on the above land use categories, maps were generated with 

appropriate designs at a scale of 1cm = 5km (Figure 4). 

Result and discussion 

Land cover dynamics in the JashoreDistrict from the year 2002 to 2022  

The land use pattern for the year 2002 and 2022, consisting of four categories, is presented in 

Table 3 and visually shown in Figure 4. The land area of Jashorein 2002 was estimated to be 

2545.32 km2 by supervised image classification using ArcGIS 10.8. The land use classification 

conducted in 2002 served as the basis for visually interpreting the land use pattern in 2022. The 

sequence of highest areas of land use in 2002 was vegetation area > bare soil > water bodies > 

build-up area, whereas the sequence in 2022 was bare soil > build up area > vegetation > water 

bodies. Out of the four land use categories, two important categories i.e., bare soil and build up 

area had an increase of 15% and 20%, respectively in the year 2022 compared to the year 2002. 

In contrast, the areas of vegetation and water bodies decreased of 33% and 3%, respectively, in 

2022 (Table 3). 

Table 3 LULC change detection of Jashoredisctrict based on the time frame 2002-2022 

Land type 
classifications 

Description land use 
feature 

Land Use in 2002 Land Use in 2022 Changes of LULC over 20 years 

Area 
(km2) 

Land 
area 
(%) 

Area 
(km2) 

Land 
area 
(%) 

Changed 
area 

(km2) 

% of 
change 

Annual rate 
of change 

(%) 

Water Bodies River, lake and pond 100.12 4 28.16 1 (-) 74.64 (-) 2.93 (-) 3.73 

Vegetation Fruit tree and bush 1347.36 53 520.84 20 (-) 823.89 (-) 32.37 (-) 41.19 

Build Up Area Building area including 
industry and commercial area 

28.64 1 544.48 21 (+) 528.60 (+) 20.77 (+) 26.43 

Bare Soil Riverbank, landfill and 
barren land 

1068.87 42 1451.67 57 (+) 369.93 (+) 14.53 (+) 18.50 

 Total area 2545.32 100 2545.32 100  



 

 

 

 

Figure 4 LULC map of Jeshore District in the year 2002 (A) and in the year 2022 (B). 

The assessment of the changes in land use categories between 2002 and 2022 revealed a 

combination of positive and negative changes across different classes, as shown in Table 3. A 

total of approximately 824km2 of vegetation area had been reduced between the years 2002 and 

2022 with anannual reduction of 41%. The area of water bodies exhibited a decrease of 

approximately 75 km2 with a rate of 3.7% annually. During the period from 2002 to 2022, a total 

of approximately 529 km2 of land was used for commercial and settlement purpose, with a 

change rate of approximately 26% annually.Several previous studies of LULC changes also 

revealed thatcropland andwaterbody areas in Bangladesh had been declining rapidly (Kafy et al. 

2020; Morshed et al. 2021).This study illustrated that, a large area of land cover of forests and 

The image cannot be displayed. Your computer may not have enough memory to open the image, or the image may have been corrupted. Restart your computer, and then open the file again. If the red x still appears, you may have to delete the image and then insert it again.



 

 

vegetations in the study district has been used for widespread human settlement and development 

of commercial area over 20 years period.To cope up with population pressure and 

modernization, urbanization is rapidly changing the LULC across the world during the last few 

decades(Kafy et al. 2021). The result coincides the future LULC modeling of Jashore city by 

Morshed et al. (2023), who expected the urban area to be increased by 23.64%, whereas 

vegetation and water areas to be reduced by 5.47% and 7.73% respectively by the year 2050 

compared to 2020. However, the present study revealed an opposite trend in LULC change of 

bare soil category, as bare soil increased by approximately 15% in 2022 compared to 2002 

(Table 3). Morshed et al. (2023) predicted a reduce of bare land by 9.55% by the year 2050 

compared to 2020. He also reported that the urban areas would be increasing at the fastest rate 

during 2020–2030. Our study findings contribute to replan any decision about ecological and 

environmental development of the bare soil inJashoreDistrict. 

Evaluation of accuracy and calculation of kappa statistics 

Accuracy assessment is crucial in the analysis of remotely sensed data as it allows for the 

evaluation of the heterogeneity and validation of the classified images (Elkington 2007). The 

supervised classification of images yielded different levels of accuracy,which was evaluated by 

Kappa Statistics, a metric that quantifies the concordance between referred and user-observed 

categorized data. The results of Kappa coefficient were 0.80 for the 2022 classification and 0.65 

for the 2002 classification. Thus, the image taken in 2022 by Landsat OLI (Table 2) had the 

maximum accuracy of 80%, while the image taken by Landsat ETM+ (Table 2) in 2002 showed 

the accuracy of 65%. According toLandis and Koch (1977)Kappa coefficient values between 

0.61 and 0.80 indicatedthat the supervised classification had a significant level of 



 

 

concurrence.The accuracy of a classification is highly dependent on the version of satellite 

dataset (Haque and Basak 2017). Advanced version of satellite can produce more accurate result. 

Analysis of NDVI in JashoreDistrictbetweenthe years 2002 and 2022 

The measurement of the vegetation area of JashoreDistrict was carried out with the 

Normalized Difference Vegetation Index (NDVI), classifying measurements into three distinct 

categories: low, moderate, and high. The value of NDVI ranges from +1 to -1. Values close to +1 

indicates denser and greener vegetation, whereas those close to ‘0’ or less represents less green 

or other colored vegetation or dry leaf. The NDVI value ‘0’ characterizes no vegetation and ‘0 to 

1’ means other land cover types (Haque and Basak 2017).In 2002, the NDVI analysis indicated 

that around 30% of the whole map consisted of areas with low values ranging from -0.06 to -0.15 

(Figure 5A). After 20 years, in 2022, the low value -0.06 had risen to 36% as -0.11 (Figure 5B). 

This indicated a surge in the size of water bodies or areas devoid of vegetation throughout the 

time.The values close to zero are classified as mixed vegetation which might consist of 

settlement, water body, or any other land cover feature (Haque and Basak 2017). In 2002, 

approximately 53% of the land was covered by moderate NDVI values ranging from 0.16 to 0.22 

(Figure 5A). Notably, the image taken in 2022 exhibited substantial alterations with moderate 

values ranging from 0.12 to 0.21 encompassing 30% of the JashoreDistrict (Figure 5B). This 

indicated a reduction in the amount of moderate vegetation. 

In 2002, approximately 17% of the area was covered by high vegetation, identified by NDVI 

values ranging from 0.23 to 0.39 (Figure 5A). However, in 2022, the high value NDVI of ranged 

from 0.22 to 0.5 (Figure 5B), which indicated anincreasein high vegetation comprised of 34% of 

the land area. An incline in positive values indicating forested high land vegetation represented a 

notable increase in plant growth over the span of 20 years. NDVI is the most effective indicator 



 

 

for categorizing native forests, especially for places with medium to high vegetation density 

(Piyoosh and Ghosh 2022). Since NDVI is less affected by soil and atmosphere, it might be 

affected by the vegetation type andgrowth phase (Muradyan et al. 2019).NDVI is a useful metric 

to show a significant increase with a clear upwards trend, vegetation and canopy cover (Roy and 

Bari 2022).Thus, the present finding of the higher NDVI values of denser and greener vegetation 

area expanding by two times of its original size demonstrated major alterations of land use 

between 2002 and 2022, which might be due to high growth of planted vegetation with large 

volume of dense canopy cover. Now a days farmers throughout the country are following high 

yielding crop variety cultivation with huge number of chemical fertilizers. Bangladesh exhibited 

a small change in net national tree cover with significantly variable forest types (Islam and Ma 

2018).  
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Figure 5. Normalized Difference Vegetation Index (NDVI) of Jashore District in 2002 (A) and 

IN 2022 (B). 

Changes in land surface temperature (LST) 

A significant change in LSTin the month of February has been documented within a tenure of 20 

years from 2002 to 2022, as presented in Table 4 and Figure 6.  

Table 4 LST change over 20 years from 2002 to 2022 in JashoreDistrict, Bangladesh. 

Satellite Land Surface Temperature (LST) 
in the month of February 

Minimum Temp. 
(�) 

Maximum Temp. 
(�) 

Mean Temp. 
(�) 

Landsat 2002 20.78 32.18 24.53 

Landsat 2022 13.66 23.36 17.24 
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Figure 6. Land surface temperature (LST) showing the minimum and maximum temperature (�) 

on 7th Februaryin 2002 (A) and in 2022 (B). 

The trend of LST changes in this investigation signifies a discernible decline in the highest and 

lowest temperatures over 20 years. Differential composition of urban and rural LULC (Bala et al. 

2021; Roy and Bari 2022), natural vegetation cover (Yuan et al. 2017; Bari et al. 2021; Roy 

2021), vegetation types (Deng et al. 2018), heat conductivities of urban surfaces, anthropogenic 

discharges, and density of built-up areas are the contributors to LST intensity (Mathew et al. 

2016). Due to the roughness of different LULC and the surface reflectance, the LST of different 

surface areas varies prominently (Guanglei et al. 2009) in the studied years. Both of the water 

and vegetation areas contribute negatively to the urban heat island, whereas the built-up areas 

and barren grounds contribute positively to LST (Bala et al. 2021). However, built-up areas will 

show greater temperatures than barren grounds since they reflect more heat than the Earth's 

surface (Aslam et al. 2021). Although LST is a good indicator of heat-retaining or heat-reflecting 

surfaces, it is also strongly affected by air surface temperature, (Roy and Bari 2022), water 

body,altitude (Deng et al. 2018) and season (Sun and Kafatos 2007). The decline of the 

minimum, maximum and mean temperature of land surface in this investigation over a 20-years 

period (Table 4), associated with a decrease in vegetation and water body areas as well as an 

increase in build up and bare soil areas, reflected an integrated effects of different land cover 

types and their characteristics. Different types of vegetation such as woodland, grassland, and 

cultivated land are shown to affect LST in different ways (Deng et al. 2018; Ismal and Ma 2018). 

The order of high LST showed by different land use types is construction land > unused land > 

cultivated land > water body > grassland > woodland/forest land (Deng et al. 2018). To explore 



 

 

the effects of specific vegetation type on LST might explain better the reason of declining LST in 

the year 2022 than in 2002.  

Relationship betweenLST andNDVI 

To understand the variations in LST of the study years, whether the vegetation area affected 

on, the correlation between LST and NDVI was used (Guha and Govil 2021), although the 

relation might be very complex under the effects of various factors (Deng et al. 2018; Roy and 

Bari 2022). In a previous study by Deng et al. (2018), the relation between LST and NDVI 

showed an obtuse-angled triangle shape but a negative linear correlation after excluding the 

water body data. Sun and Kafatos (2007) found that the correlation between LST and NDVI was 

negative during warm seasons but positive during the winter. In this study, a negative correlation 

was observed between NDVI and LST values for both the years2002 and 2022, as shown in 

Figure 7. 

 

Figure 7. Relationship between LST and NDVI in the years 2002 (A) and 2022 (B). 

The correlation between greater LST and lower vegetation densities pointed to a pattern in which 

warmer climates are linked to less robust or decreased vegetation cover. Additionally, the 
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regression analysis the data sets showed that the slope of the linear line for the year 2002 is -

0.0154 (Figure 7A), which is greater than -0.0286 for the year 2022 (Figure 7B). Thus, a sharper 

decline of LST values with rising NDVI was observed in 2002 (R2 = 0.1548, Figure 7A) than 

2022 (R2 = 0.0333, Figure 7B). However, for a reduction in one unit of LST required a higher 

value of NDVI in case of the year 2022 (intercept value is 0.6558; Figure 7B) than the year 2002 

(intercept value is 0.5498; Figure 7A). The result might indicate a combined effects of all 

atmospheric and land type factors influencing the LST, prominently in the recent year 2022. 

Limitations and future concern 

In this study, recent changes in LULC were considered and estimated by four categories 

such as water bodies, vegetation, build up area and bare soil, and the relatitonship between LST 

and NDVI was analysed to understand the effects of LULC changes on LST. Along with 

important findings that show remarkable changes in LULC and LST over a period of 20 years in 

Jashore District in Bangladesh, a robust study including other atmospheric parameters such as air 

temperature, precipitation, type of vegetation cover, albedo, and soil moisture (Guan et al. 2009; 

Li et al. 2018; Ismal and Ma 2018) is required. Future studies, including other factors that 

influence LST, may increase our understanding of the the relationship of LST and vegetation 

dynamics for concluding the specific effects of LULC on LST and elucidating the relative 

influence on the other ecological parameters. Such a study is necessary for continuous 

observation for global trends of urban expansion and environmental modification for ecosystem 

preservation and reducing the effects of human activity on the environment. 



 

 

Conclusion 

This study provides insightful information about the dynamic changes in land use and land 

cover in Jashore District of Bangladesh over a period of 20 years from 2002 to 2022 using 

remote sensing and GIS based data obtained from Landsat satellites. The land use classification 

analysis showed notable increase in bare soil and built-up areas and decrease in water bodies and 

vegetation cover. The reliability of the classification process is validated by the accuracy 

evaluation through the Kappa statistics, which validates the interpretation of land cover patterns. 

The results are further justified by the application of NDVI analysis, which provides an overall 

view of vegetation changes. Furthermore, the examination of land surface temperature (LST) has 

revealed significant temperature changes during the research period mainly due to changes in 

vegetation types and covered area. The impact of urbanization and changes in land cover, 

especially vegetation, on regional climate conditions could be justified by the association 

between LST and NDVI. Findings of this study could be important to Bangladeshi policymakers, 

urban planners, and environmental conservationists for the development of sustainable land 

management strategies in the studied area.Continuous studying and monitoring on LULC 

changes is essential to handle aftereffects of the changes on ecology and environment. 
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