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Abstract 
 

Bangladesh lies within one of the world’s most vulnerable regions to climate change. Monitoring land use and land 

cover change (LULCC) at the regional scale is essential for assessing the environmental impact of anthropogenic 

activities. Northern Bangladesh has already been experiencing severe climatic phenomena, including prolonged 

droughts, reduced overall rainfall, increased instances of high-intensity precipitation, and extreme winter 

temperatures. The Baral River, flowing through northwest Bangladesh, plays a vital role in shaping the surrounding 

ecosystem. This study assessed LULC changes along its banks for the years 2003, 2013, and 2023. Landsat satellite 

imagery, obtained from the USGS Earth Explorer platform, was used to map temporal changes. A set of biophysical 

indices—Normalized Difference Vegetation Index (NDVI), Soil Adjusted Vegetation Index (SAVI), Normalized 

Difference Water Index (NDWI), Modified Normalized Difference Water Index (MNDWI), Normalized 

Difference Bareness Index (NDBaI), Normalized Difference Built Up Index (NDBI) and Land Surface 

Temperature (LST) were computed to evaluate dynamic landscape transformations. Statistical correlations 

between the indices and LST were examined using Pearson’s correlation coefficient, Generalized Multiple Linear 

Regression (GMLR), and Multiple Linear Regression (MLR) models. The results highlight pronounced land cover 

transitions, notably the reduction of water bodies and vegetation, alongside the expansion of barren land and 

settlements. The observed trends in NDVI, SAVI, and other indices exhibit strong influence on LST. These 

findings provide a basis for informed environmental management, climate adaptation strategies, and sustainable 

development planning at the regional level. 
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1 Introduction 
 

Land Use and Land Cover (LULC) mapping is essential 

for understanding the spatial distribution and temporal 

evolution of natural and anthropogenic landscapes. 

Land use refers to human activities like agriculture, 

urbanization, or forestry, whereas land cover indicates 

the physical surface features, such as vegetation, water 

bodies, or bare land (Anderson et al., 1976). Recent 

advancements in remote sensing and Geographic 

Information Systems have significantly improved the 

accuracy of LULC mapping, allowing for detailed 

environmental monitoring and sustainable land 

management (Rawat & Kumar, 2015). 

LULC changes have notable effects on the biophysical 

environment. The transformation of forests and 

wetlands into urban or agricultural land often results in 

increased surface runoff, reduced groundwater 

recharge, and loss of habitat (Foley et al., 2005). These 

alterations contribute to regional climate change by 

reducing vegetation cover and carbon sequestration 

potential (Lambin et al., 2001). In riverine ecosystems, 

in the Baral River catchment. These data are integrated 

with biophysical indices such as the NDVI, SAVI, 

NDWI,  MNDWI, NDBI, and NDBaI, alongside LST. 

These indices are widely applied for detecting 

vegetation stress, water body shrinkage, urban 

like the Baral River basin, LULC dynamics impact 

sediment flow, water quality, and flood regulation 

(Islam et al., 2019). 

The Baral River catchment, a significant part of 

Bangladesh’s agro-ecological region, is experiencing 

rapid landscape transformation driven by population 

growth, agricultural expansion, and infrastructural 

development. (Rahman & Islam, 2021; Hassan & 

Nazem, 2016). These changes are compounded by 

climate-induced stresses, including extreme droughts, 

erratic rainfall patterns, and increased cold waves. 

Accurate LULC mapping is crucial in this region for 

sustainable water resource management and 

ecological resilience (Ahmad & Goparaju, 2017). 

Nurullah (2024) reported human-induced degradation 

in Chalan Beel, leading to shrinking wetlands and 

livelihood disruptions.  

This study uses multi-temporal Landsat satellite 

imagery (1988, 2003, 2013, and 2023), sourced from 

the USGS Earth Explorer, to analyze LULC changes 

(MLR), and Generalized Multiple Linear Regression 

(GMLR) models are applied (Mallick & Rudra, 2021; 

Zhao et al., 2020). While past studies have explored 

adjacent rivers and wetland systems, the Baral River 

catchment remains largely unexamined. This research 

aims to bridge that gap, offering spatially and 
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expansion, and heat island effects (Xu, 2006; Huete, 

1988; Roy et al., 2021; Weng et al., 2004). 

To assess relationships among these parameters, 

Pearson’s correlation, Multiple Linear Regression  

temporally grounded insights into LULC dynamics 

and their environmental implications  

 

2 Study Area 

 

The study was conducted on the thanas that 

contained the catchment of the Baral River. The 

Baral River originates as a distributary of the Padma 

River in the Pabna District, Bangladesh (Haque et al., 

2023). It flows through the Rajshahi and Natore 

districts, playing a vital role in the hydrology of 

Chalan Beel (Hossain & Nahiduzzaman, 2009). The 

river eventually rejoins the Atrai River, contributing 

to the overall drainage system of the northwest 

region (Hossain & Moula, 2023). The present study 

found the catchment area to be situated in Thanas that 

are spanned in 5 districts, Pabna, Bogra, Natore, 

Shirajgonj, Rajshahi. The study area is bounded by 

latitudes 23057’N and 250 N, within longitudes 890 

48’E and 880 41’E. The average elevation for the 

study area is between 7 to 25 meters above sea 

level.The study area lies in a Humid subtropical area 

(hot summer, mild winter). The annual rainfall 

ranges between 1600 and 1800 mm. The study area 

lies entirely in a rural region. Most of the land is used 

for agriculture with a minimum presence of 

urbanization. The dominating crops of this area are 

rice, jute, sugarcane, and mustard, with mango 

cultivation in Rajshahi & Natore. Economic 

Activities: Farming, dairy, transport, and fisheries 

dominate, while pottery & handicrafts are notable in 

some areas. 

 
Figure 1 Study area map 

 

3 Materials and Methods 

 

3.1 Data Collection 

 

The dataset for this analysis comprises Landsat time-series images captured by the Landsat TM, Landsat ETM+, 

and Landsat OLI/TIRS sensors. These images, which are detailed in Table 1, were selected to be cloud-free for 

accuracy.  To maintain consistency and minimize seasonal variations, satellite images were acquired at a 10-year 

interval, specifically during the dry season. 

In this study, radiometric calibration and atmospheric preprocessing were applied to ensure accurate surface 

reflectance extraction from the Landsat imagery.  

 
Table 1   Details of the Landsat Imegery collected 

Year Satellite Resolution Referencing system 

2003 Landsat-7 ETM 30X30 m UTM and WGS84 

2013 Landsat-8 ETM 30X30 m UTM and WGS84 

2023 Landsat-8 OLI and TIRS 30X30 m UTM and WGS84 

 

3.2 Determination of Biophysical Indices 

 

To understand the environmental shifts accompanying 

LULC changes, multiple indices were computed from 

satellite data. 

                         𝐍𝐃𝐁𝐚𝐈 =
𝐒𝐖𝐈𝐑−𝐓𝐈𝐑

𝐒𝐖𝐈𝐑+𝐓𝐈𝐑
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i. NDVI is a key remote sensing indicator for assessing 

vegetation health, density, and land surface change. 

Analyzing NDVI trends over multiple decades offers 

insight into environmental transformation, land-use 

intensity, and ecological stability. In this work, the 

method applied by Townshend and Justice (1986) is 

used for calculating NDVI from satellite imagery-  

 

𝐍𝐃𝐕𝐈 =
𝐍𝐈𝐑 − 𝐑𝐄𝐃

𝐍𝐈𝐑 + 𝐑𝐄𝐃
 

 

ii. Normalized difference water index (NDWI) 

The Normalized Difference Water Index (NDWI) is 

widely used for the detection and monitoring of 

surface water bodies and to some extent, water content 

in vegetation. In the context of this study, NDWI plays 

a crucial role in identifying the spatio-temporal 

variation of surface water distribution within the Baral 

River catchment, particularly to evaluate the drying 

trends of channels, wetlands, and beel systems. 

The NDWI was originally proposed by McFeeters 

(1996) to enhance the presence of water features in 

remotely sensed imagery by suppressing built-up land 

and vegetation noise 

 

𝐍𝐃𝐖𝐈 =
𝐆𝐑𝐄𝐄𝐍 − 𝐍𝐈𝐑

𝐆𝐑𝐄𝐄𝐍 + 𝐍𝐈𝐑
 

. 

iii. Modified Normalized Difference Water Index 

(MNDWI)  

The Modified Normalized Difference Water Index 

(MNDWI) is applied to enhance the detection of water 

bodies by minimizing spectral confusion from built-up 

areas and vegetation. It was proposed by Xu (2006) as 

an improvement over the original NDWI, particularly 

for urban and complex environments. In this study, 

MNDWI is used for the clear identification of water 

bodies and their temporal changes within the Baral 

River catchment. 

 

                         𝐌𝐍𝐃𝐖𝐈 =
𝐆𝐑𝐄𝐄𝐍−𝐌𝐈𝐑

𝐆𝐑𝐄𝐄𝐍+𝐌𝐈𝐑
   

 

iv.  Normalized difference bareness index (NDBaI) 

The Normalized Difference Bareness Index (NDBaI) 

is an effective biophysical indicator for detecting bare 

soil or exposed surfaces, especially in regions 

experiencing urban expansion or vegetation loss. The 

concept was introduced by Chen et al. (2006) to 

improve the spectral separation of bare land from 

vegetated and moist surfaces. 

 

This index is useful in distinguishing urban bare 

surfaces from natural vegetative or water features, 

making it relevant for change detection studies in 

semi-urban and peri-urban catchments such as the 

Baral River region. 

 

v. Normalized Difference Built-up Index (NDBI) 

The Normalized Difference Built-up Index (NDBI) is 

a widely used remote sensing index for extracting 

built-up or impervious areas from satellite imagery. It 

was first introduced by Zha et al. (2003) and later 

supported by Chen et al. (2006) as a reliable method 

for urban feature detection. 

The NDBI utilizes the middle infrared (MIR) and near-

infrared (NIR) bands and is calculated using the 

following equation: 

 

                       𝐍𝐃𝐁𝐈 =
𝐌𝐈𝐑−𝐍𝐈𝐑

𝐌𝐈𝐑+𝐍𝐈𝐑
  

    

vi. Soil Adjusted Vegetation Index (SAVI) 

The Soil Adjusted Vegetation Index (SAVI) is a 

modified version of NDVI developed to minimize the 

influence of soil brightness in areas with sparse 

vegetation. Proposed by Huete (1988), SAVI 

introduces a correction factor (L) that stabilizes 

reflectance differences caused by exposed soil, 

making it particularly suitable for semi-arid zones or 

mixed land cover conditions. 

The equation for SAVI is: 

 

                       𝐒𝐀𝐕𝐈 =
𝐍𝐈𝐑−𝐑𝐄𝐃

𝐍𝐈𝐑+𝐑𝐄𝐃 𝐋
 (𝟏 + 𝑳)       

   

L was set to 0.5 based on Huete (1988), which 

recommends this value for moderate vegetation zones 

— appropriate for the agricultural and floodplain 

characteristics of the Baral River region.  

 

vii. Land Surface Temperature (LST) 

Land Surface Temperature (LST) was estimated using 

the single-channel algorithm, which is widely adopted 

for processing Landsat thermal data due to its 

accuracy, scalability, and relatively simple 

computational requirements.  

 

LST = TB/[1+(λTB/ρ)*ln(ε)] 
 

Where,   λ = Central wavelength of the thermal band 

(10.895 μm for Landsat 8) 

               ε = Land surface emissivity 

               ρ= hc/σ =1.438×10−2 m.K 
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4 Result and Analysis 

 

 

 
Figure 2 LULC map for years 2003, 2013 and 2023 

 
Figure 3  NDVI for  years of 2003, 2013 and 2023 

 
Figure 4   NDWI for  years of 2003, 2013 and 2023 

 
Figure 5   MNDWI  for years of 2003, 2013 and 2023 

 
Figure 6  NDBI for  years of 2003, 2013 and 2023 

 

The LULC map of the mentioned 

years show a significant decrease in 

vegetation over time. The presence 

of sparse vegetation indicates the 

rise in agricultural lands. The water 

bodies became constricted to a 

specific region. This indicates the 

change in flow of the Baral river 

due to changes in the upstream 

rivers. 

 

In 2003, NDVI values were 

relatively high across the region, 

indicating dense vegetation, 

particularly along the floodplains. 

However, by 2023, there is a clear 

decline in NDVI, especially in 

peripheral zones, signifying 

vegetation loss. The trend is 

consistent in Figure 7 (SAVI), 

which adjusts for soil background 

and confirms declining vegetation 

health and cover. This drop 

correlates with land conversion to 

settlements and barren zones. 

 

Water body representation through 

NDWI (Figure 3) and MNDWI 

(Figure 4) shows significant 

reduction from 2003 to 2023. In 

2003, water indices depicted 

substantial water coverage, 

primarily in the center and southern 

catchment zones. However, by 

2023, water bodies have 

fragmented, with lower index 

values suggesting drying or 

encroachment.  

MNDWI, being more sensitive to 

built-up interference, provides a 

sharper contrast in the later years, 

especially in urban-expanding 

regions. 

 

Figure 5 (NDBI) and Figure 6 

(NDBaI) illustrate the rapid 

increase in built-up and bare land 

areas. From 2003 to 2023, NDBI 

values have grown, particularly 

around settlements, confirming 

urban expansion. Simultaneously, 

NDBaI highlights growing barren 

surfaces—likely due to 

deforestation, agricultural 

abandonment, or riverbank erosion. 

Together, these indices  
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Figure 7  NDBaI  for  years of 2003, 2013 and 2023 

 
Figure 8 SAVI for years of 2003, 2013 and 2023 

demonstrate the shift from vegetated 

and water-covered areas to impervious 

surfaces and exposed soils. 

 

Figure 8 shows LST variation across 

the study period. The 2003 map 

displays cooler temperatures aligned 

with vegetated and water-rich zones. 

In contrast, 2023 exhibits notable 

thermal hotspots, especially in built-up 

and bare zones. The rise in LST is 

consistent with the decline in 

NDVI/SAVI and the rise in 

NDBI/NDBaI, indicating that land 

cover changes are intensifying surface 

warming, a key symptom of the urban 

heat island effect. The LST (in °C) 

went up significantly over the years. In 

2003 it was found to be 26.3°C, which 

jumped to 29.4°C in 2013. Finally, the 

LST was found to be 32.6°C in 2023. 

 
 

                    LST=β0+β1(NDVI)+β2(SAVI)+β3(NDWI)+β4(MNDWI)+β5(NDBI)+β6(NDBaI)+ε 

 
Figure 9 LST for years 2003, 2013 and 2023 

The multi-index analysis confirms a clear trend: vegetation and water 

bodies are decreasing, while bare lands, settlements, and surface 

temperature are increasing. These changes reflect anthropogenic 

pressures, including urbanization, reduced irrigation flows, and land 

mismanagement. Moreover, the inter-index dynamics (e.g., NDVI 

vs. LST, NDBI vs. MNDWI) underscore the strong biophysical 

interdependence driving landscape transformation in the Baral River 

catchment. 

Pearson’s correlation provided insight into the direction and strength 

of the linear relationships between LST and the respective 

indices.NDVI and SAVI showed a strong negative correlation with 

LST (r ranging from -0.65 to -0.78), implying that vegetation cover 

plays a substantial role in cooling the land surface through 

evapotranspiration and shading.NDWI and MNDWI also exhibited 

moderate to strong negative correlations with LST (r ≈ -0.55 to -

0.70), reaffirming that areas with higher surface water presence tend 

to maintain lower temperatures due to the water’s thermal inertia. 

Conversely, NDBI and NDBaI demonstrated strong positive 

correlations with LST (r ≈ +0.60 to +0.81), indicating that built-up 

and bare soil surfaces significantly contribute to increased surface 

heating, likely due to impervious surfaces and soil exposure that 

retain more heat. 

An MLR model was developed to determine how well the combined 

indices predict LST. The general form of the regression model is: 

The R² values ranged between 0.72 and 

0.84 across the three years, suggesting a 

strong predictive ability of the 

model.The standardized beta 

coefficients indicated that NDBI and 

NDBaI had the highest positive 

influence, while NDVI and SAVI had 

the most significant negative effects on 

LST. This model confirms that the 

increase in non-vegetative surfaces, 

particularly urban sprawl and barren 

lands, has been a primary driver of the 

rising surface temperature in the study 

area. 

The GMLR model accounted for 

heteroscedasticity and non-linear 

relationships, providing a more flexible 

framework for understanding the impact 

of LULC components on LST.The 

GMLR results corroborated the findings 

from the MLR model but revealed 

slightly stronger relationships in years 

with greater land cover heterogeneity 

(notably 2023). In GMLR outputs, 

interaction effects between indices (e.g., 

NDVI × NDBI) emerged as statistically 

significant, hinting at compound effects 

of vegetation loss and built-up 

expansion on local temperature rise. 

Residual diagnostics confirmed that 

GMLR provided a better fit than MLR 

for the recent datasets, especially in 

2023, where complex land transitions 

were evident. 
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5 Conclusion 

The primary objective of this study is to propose a 

conceptual structure for subsequent, more 

comprehensive studies in the highly vulnerable region 

of Baral river.  

The statistical results strongly support the hypothesis 

that biophysical indices have measurable and 

significant relationships with LST, and that these 

relationships have intensified over time due to ongoing 

and climate-sensitive development policies in the land 

cover changes. Particularly, vegetation and water 

bodies mitigate surface heating, while urbanization 

and land degradation accelerate it. Thus, these findings 

highlight the necessity for integrated land planning. 

Similar studies carried out in the grater Padma region 

also showed how the water bodies had lost proportions 

with respect to vegetation, which again was shortened 

by the increased urbanization. 

The analysis relied exclusively on Landsat imagery  

(30 m resolution). While adequate for regional-scale 

mapping, it may overlook fine-scale land cover 

heterogeneity such as small water bodies, rural 

settlements, or fragmented vegetation patches. 

Despite reflectance and radiometric corrections, 

residual atmospheric effects and sensor calibration 

issues may influence index values. 

Most analyses in this research, were carried out with 

readily available tools, therefore, the results are 

expected to include significant error. 

The study provides a foundational baseline for guiding 

ecosystem-sensitive land use, river catchment 

conservation, and sustainable settlement planning. It 

highlights the need for future research to incorporate 

high-resolution satellite imagery, hydrological 

modeling, and socioeconomic data. Such integration 

would enable a more comprehensive understanding of 

human–environment dynamics.  
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