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Abstract 
This research aims to explore changes in Land Use and Land Cover (LULC) 
and how LULC have an influence on the Land Surface Temperature (LST) in 
Rupandehi district. Multiple Landsat imagery across the two decades was uti-
lized, particularly Landsat 7 ETM+ for 2003 and 2013, and Landsat 8 OLI/TIRS 
for 2023. Both QGIS and ArcGIS Pro were used for spectral indexing. LULC 
classification was performed in R using Random Forest, where 5 major classes 
were categorized. A confusion matrix that was also performed in R for all the 
years yielded above 91% accuracy with not higher than 9% Out-Of-Bag (OOB) 
error rate. Categorical change detection that was performed in ArcGIS Pro re-
vealed a significant expansion of urban areas, where larger portions were gained 
from agricultural and forest areas. Normalized Difference Vegetation Index 
(NDVI) and Normalized Difference Built-up Index (NDBI) were calculated to 
account for vegetation and urban features. The single-channel algorithm and 
thermal bands (Band 10 for Landsat 8 and Band 6 for Landsat 7) were used to 
compute LST. Regression analysis across the years for the NDVI and LST shows 
a negative correlation, while a positive correlation is observed between NDBI 
and LST. The outcomes of this analysis highlighted that the expansion of urban 
features has a substantial impact on increasing LST, which can lead to the Ur-
ban Heat Island (UHI) effect. In contrast, loss of vegetation also contributes to 
increasing surface temperatures. These results emphasize the importance of stra-
tegic urban planning and sustainable land management policy in the rapidly 
urbanizing district like Rupandehi. 
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1. Introduction 

Land cover refers to the physical materials present on the Earth’s surface, such as 
natural or cultivated vegetation and built structures. Land use describes how peo-
ple utilize these land cover types through various activities, arrangements, and 
inputs to develop, modify, or sustain them [1]. Land cover has been an important 
variable for various studies related to food security, climate change, environmen-
tal studies, conservation strategies, hydrology, and landscape planning [2]. The 
studies related to LULC change provide handy information related to current 
LULC trends, previous practices, and future LULC trends [3] [4]. LULC changes 
have the potential to have a notable environmental impact, changing the urban 
climate [5]. Land Use Land Cover is altered dramatically by a quickly growing 
urban population [6]. Due to rapid urbanization and infrastructure development, 
most of the vegetation and farmland have been converted into urban centers, es-
calating the land surface temperature [7]. Land Surface Temperature (LST) is the 
radiative skin temperature of the land as determined by solar radiation [8]. Nu-
merous studies found that LULC has a significant impact on surface temperature 
and that, particularly in metropolitan areas, LULC variation determines the rela-
tive increase in LST [9] [10]. The LST rises as a result of LULC changes, creating 
Urban Heat Islands (UHI), which are directly linked to high energy use, air pol-
lution, and health hazards [11]-[13]. 

The LULC of urban expansion and improvement has been extensively studied 
in both developed and developing countries, with developing countries seeming 
to have more complex spatial expansion [14]. Several recent studies related to 
LULC change and LST have been done in South Asian countries like India [15], 
Bangladesh [16] and Pakistan [17]. In Nepal, research related to LULC and LST 
has been done in various regions, such as the Phewa Watershed [18], Kathmandu 
valley [19] [20] and the Central Himalayan region by ICIMOD [21]. However, a 
similar study has not been done for the Rupandehi district. Though [22] has done 
work on land cover and its impact on ecosystem services, it has rarely touched on 
the urban heat islands. 

Rupandehi is one of the rapidly growing districts; land cover has changed a lot 
over the years. Rupandehi consistently falls under the top five populated districts 
of Nepal, where the annual population growth is 2.33% [23]. It is observed that 
the built-up area has been increasing over the years in Rupandehi and is centered 
more in Butwal and Bhairahawa cities [22]. Since Urban areas exhibit a signifi-
cantly higher level of LST than other LCs, this indicates that LST can exhibit both 
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temporal and spatial variability [24]. 
Conventional studies that rely on fieldwork are costly, time-consuming, and in-

applicable to large-scale investigations [25]. The combination of GIS and Remote 
Sensing technology is efficient in assessing, detecting, and modeling LULC and 
LST changes [26] [27]. Geographic Information Systems and Remote Sensing are 
effective tools for analyzing LULC and LST changes [28]. A lot of studies have 
been done to analyze the relationship between LULC and LST with GIS and Re-
mote sensing techniques using multi-temporal Landsat imagery [29] [30]. This 
study analyzes the change in LULC and its effect on LST over the years 2003, 2013, 
and 2023, applying a GIS/Remote Sensing tool using multi-spectral Landsat 7, 8 
data. Similarly, the relationships between LST, Normalized Difference Built-up 
Index (NDBI), and Normalized Difference Vegetation Index (NDVI) were ana-
lyzed using linear regression as done by studies like [31] [32]. 

This study has three major objectives: 1) To assess the spatial and temporal changes 
in Land Use and Land Cover (LULC) in Rupandehi District between 2003 and 
2023. 2) To examine the connection between Land Surface Temperature (LST) 
and LULC dynamics during the study period. 3) To assess how LST and biophys-
ical indices, such as NDVI and NDBI, correlate. LULC classification was done 
using Random Forest in R and raster packages. For the LST calculation, thermal 
bands have been used with formulas as provided in the USGS manual. This study 
shows how changes in land cover, especially the transition of agricultural land and 
forest areas to impervious surfaces, influence the surface temperatures. Rupandehi 
is one of the rapidly growing districts; therefore, this area is more vulnerable to 
climate-related stresses. The outcomes of this research will provide crucial infor-
mation regarding strategic urban planning techniques to minimize the risk asso-
ciated with increasing surface temperatures in Rupandehi, alongside promoting 
green city development. 

2. Materials and Methods 
2.1. Study Area 

Rupandehi district comes under Lumbini province of Nepal, which is located at 
27˚35'32.64'' (see Figure 1) North longitude and 83˚26'46.68'' East latitude close 
to the Chure range. The total area of this district is 1360 square kilometers, with 
an altitude ranging from 95 m to 1219 m above sea level. The highest temperature 
reaches up to 43.4˚C around May-June, while the minimum mean temperature of 
the area is 18.2˚C. The district has varied terrain, where the majority of the area is 
covered with plains, and some of the northern regions are covered with Chure hills. 
There are three major rivers in the district, namely Tinau, Danab, and Siyari, along 
with 289 lakes and numerous water reservoirs [33]. 

Siddhartha Highway and Mahendra Highway are two major roads that link Ru-
pandehi to the country’s hill and eastern-western part, respectively. The only in-
ternational airport of Lumbini province, Gautam Buddha International Airport, 
is also located in this district. Huge areas of flat, fertile plains, plenty of monsoon 
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rainfall, and accessible irrigation from abundant water resources, as well as prox-
imity to India, make this district a good place for agriculture and settlement. Ru-
pandehi has become an economic and social hub of western Nepal, attracting lots 
of domestic immigrants from the hilly district and rural areas in cities like Butwal 
and Bhairahawa, with Tilottama. The district has consistently been the third most 
populous district since the census years 2001, 2011, and 2021, with population 
sizes of 3.06%, 3.32% and 3.86% respectively [34]. This increasing population with 
rapid urbanization and changing land use and land cover has made this area fa-
vorable for the study of LULC, LST, and other parameters. 
 

 
Figure 1. Map showing the study area of Rupandehi district. (Source: authors) 

2.2. Dataset Required 

This study has used multi-temporal satellite imagery from Landsat 7 Enhanced 
Thematic Mapper Plus (ETM+) and Landsat 8 Operational Land Imager (OLI). 
These imageries were downloaded from the United States Geological Survey (USGS) 
Earth Explorer website. Years 2003, 2013, and 2023 were selected to do classifica-
tion across the two decadal Land Use and Land Cover (LULC) changes in Ru-
pandehi District. To ensure temporal stability and lower phenological variability, 
images were acquired in the same month (March) for all three years. Cloud cover 
was lower compared to other months, which contributed to the desired accuracy 
of classification. (Table 1) 

2.3. Data Processing 

A series of preprocessing steps was carried out to ensure the accuracy and con-
sistency of the satellite imagery throughout the three years. All Landsat imagery, 
both Landsat 8 OLI/TIRS and Landsat 7 ETM+ of respective years, was 
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Table 1. The details of the acquired imagery were extracted from the corresponding metadata 
(MTL) files. 

Satellite Year Acquisition date Path/Row Resolution 
Cloud 

Cover (%) 

Landsat 7 2003 2003-03-11 142/041 30 m 0 

Landsat 7 2013 2013-03-22 142/041 30 m 1 

Landsat 8 2023 2023-03-10 142/041 30 m 0.24 

 
atmospherically corrected using the Dark Object Subtraction (DOS) technique us-
ing the QGIS Semi-Automatic Classification Plugin (SCP). This technique helps 
to remove atmospheric haze and scattering effects. Since the downloaded images 
were already georeferenced to WGS 84 UTM Zone 44N, no changes were made to 
them, and they were kept at the default. 

Landsat 7 ETM+ imagery had a scan line error because of a sensor defect in Land-
sat after May 2003. To remove the scanline error, the image was processed using 
the tool in QGIS named “Fill NoData”, which calculates the missing pixel values 
using the neighboring pixels. Additionally, a visual inspection was done to confirm 
that the major land cover features were not twisted by the interpolation. 

After these correction steps, images for all the years were layer-stacked, which 
were further clipped to the Rupandehi District. The images were combined with 
natural color (4, 3, 2) for Landsat 8 and (3, 2, 1) for Landsat 7 for visualization. 

2.4. LST Derivation 

LST was derived from the Landsat 7 ETM+ band 6_1 for the years 2003 and 2013, 
and for the year 2024, band 10 of Landsat 8 OLI/TIRS was used. A single-channel 
algorithm was applied to derive the LST for all the years, where specific parame-
ters were utilized from MTL files. All the calculations were performed on QGIS 
using the Raster calculator, where the methodologies mentioned in the following 
articles were used [35]-[37]. LST is sensitive to vegetation phenology and surface 
moisture, so we used imagery acquired from the same month of the year to stand-
ardize imagery. 

2.5. LST Derivation from Landsat 8 (2023) 

For the year 2023, Landsat 8 thermal band 10 (TIRS) was utilized to derive the 
LST. The following steps were performed. 

Step 1: Top of Atmosphere (TOA) Spectral Radiance 
Lλ = ML × Qcal + AL 

where: 
Lλ = TOA spectral radiance, Qcal = Digital Number of Band 10 
ML = 0.00003342 (RADIANCE_MULT_BAND_10), 
AL = 0.1 (RADIANCE_ADD_BAND_10) 
Step 2: Brightness Temperature (in Kelvin) 
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BT = K2/{ln(K1/Lλ) + 1} 

where: 
K1 = 774.8853, K2 = 1321.0789, BT = Brightness Temperature (Kelvin) 
Step 3: NDVI Calculation 

NDVI = (NIR − Red)/(NIR + Red) 

where: 
NIR = Band 5, Red = Band 4 (All bands atmospherically corrected) 
Step 4: Proportion of Vegetation (Pv) [38] 

Pv = {(NDVI − NDVImin)/(NDVImax − NDVImin)}2 

where NDVImin and NDVImax are the lowest and highest NDVI values of the study 
area, which were extracted from the image histogram, considering standard prac-
tice [39]. 

Step 5: Land Surface Emissivity (ε) [40] 

ε = 0.004*Pv + 0.986 

The LST output value is more affected, especially by daytime than nighttime, 
with the uncertainties in parameters like NDVImin, NDVImax, and land surface 
emissivity [41] so great care was given to derive these values. 

Step 6: Final LST Calculation (in °C) 

LST(°C) = [BT/{1 + (λ*BT/ρ) + *ln(ε)}] − 273.15 

where: 
λ = 10.895 μm (wavelength of Band 10), ρ = 14380 (constant). 

2.6. LST Derivation from Landsat 7 ETM+ (2003 & 2013) 

To derive the LST from Landsat 7 ETM+, thermal band 6 was used. The following 
steps were followed: 

Step 1: TOA Radiance Conversion 

Lλ = ((LMAX – LMIN)/(QCALMAX – QCALMIN)) × (DN – QCALMIN) + LMIN 

where, 
LMAX, LMIN = Maximum and minimum spectral radiance (from MTL file) 
QCALMAX – QCALMIN = Maximum and minimum quantized calibrated pixel 

values (commonly 255 and 1) 
Step 2: Brightness Temperature (LST in °C) 

LST(°C) = {K2/(ln((K1/Lλ) + 1)} – 273.15 

where, 
K1, K2 = Calibration constants from the MTL file (typical values: K1 = 666.09, 

K2 = 1282.71). 

2.7. Spectral Index Computation (NDVI and NDBI) 

Two spectral indices were calculated from corrected imagery to analyze the vege-
tation cover and built-up area distribution over time. 
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The Normalized Difference Vegetation Index (NDVI) is one of the most com-
monly used vegetation indicators [42]. This index is calculated using the Near In-
frared (NIR) and red bands. For the year 2023, Bands 5 and 4 of Landsat 8 were 
used, whereas for years 2003 and 2013, Bands 4 and 3 were used. 

NDVI = (NIR − Red)/(NIR + Red) 

To identify how built-up areas and urban sprawl occur, the Normalized Differ-
ence Built-up Index (NDBI) was calculated using the Shortwave Infrared (SWIR) 
and Near Infrared (NIR) bands [43]. Band 6 (SWIR) and Band 5 (NIR) were used 
for the year 2023, while for the years 2003 and 2013, Band 5 and Band 4 of Landsat 
7 were utilized.  

NDBI = (SWIR − NIR)/(SWIR + NIR) 

2.8. Land Use Land Cover (LULC) Classification 

Land Use and Land Cover (LULC) classification was done using the Landsat im-
agery directly downloaded from the USGS Earth Explorer for all three years, 2003, 
2013, and 2023. LULC classification was carried out in R using the Random Forest 
(RF) algorithm and raster packages. RF is one of the most used ensemble learning 
approaches that performs with high accuracy and tackles high-dimensional re-
mote sensing data [44]. 

All the imagery that was preprocessed and layer-stacked was loaded into R. 
Training samples were selected in QGIS and loaded into R as a shapefile. Five 
major classes were defined for this classification: agricultural land, built-up land, 
forest, barren land, and water bodies. In total, approximately 350 - 500 training 
samples were selected for each year, whereas for each class, 60 - 100 training sam-
ples were selected based on the spatial variability of the land. To capture the spatial 
heterogeneity, training samples were stratified across the district. Due to its en-
semble-based learning, the Random Forest algorithm has been shown to yield ro-
bust and consistent results, even when trained on as few as 50 samples per class 
[45].  

The labeled samples were used in a Random Forest model, where 600 trees were 
configured in the model. This model was then applied to classify the LULC map 
for each year. A confusion matrix was generated for each year to calculate the accu-
racy of the LULC classification. Statistics like overall accuracy, user’s accuracy, and 
kappa coefficients were calculated for each year. Furthermore, the Out-Of-Bag 
(OOB) error rate is an internal cross-validation technique intrinsic to Random 
Forest [46]. 

2.9. Change Detection Analysis 

Change detection for Land Use and Land Cover (LULC) was performed in ArcGIS 
Pro, using a categorical change detection method. The categorical change detec-
tion method contrasts raster imagery of two distinct periods, comparing each 
pixel to identify transitions in land cover classes [47].  
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In the change detection wizard, classified maps that were generated from a ran-
dom forest in R were used to generate change detection for two time frames: 2003 
to 2013 and 2013 to 2023. After running the categorical change tool in ArcGIS 
Pro, it produced a change map and transition table for each class. That land cover 
transition table was later used to evaluate changes in area for each class. The iden-
tification of precise land cover transformation, from agricultural to built-up and 
forest to barren land, was easily noticeable from the map and the conversion table, 
which allows for the quantification of net gain and loss of each land cover. Fur-
thermore, change detection output highlighted major land cover conversion and 
spatial trends like urban expansion and deforestation areas. These statistics and 
spatial maps, together with NDVI, NDBI, and LST, were used to interpret the re-
sults and discussion in the Results and Discussion part. Figure 2 shows the work-
ing flow diagram of this study. 
 

 
Figure 2. Workflow of the methodology used in this study. 

3. Results and Discussion 
3.1. Land Use Land Cover 

The Land Use and Land Cover (LULC) maps of the Rupandehi District for 2 dec-
ades, from 2003 to 2023 (Figures 3-5), reveal a clear pattern of urban expansion 
and land transformation around the study area. The district was primarily domi-
nated by a vast stretch of continuous agricultural land from the central and south-
ern parts. Overall, 942.14 km2 or 69.28% of the area was covered by agricultural 
land. In the northern region of the district, dense forest largely covered the area, 
specifically along the Siwalik Hills. In total, the forest area accounted for 23.99% 
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or 326.34 km2 of the whole area. At that time, built-up areas were sparsely popu-
lated, mostly concentrated in core urban centers like Butwal and Bhairahawa, cov-
ering 42.38 km2 (3.12%). Similarly, barren land covered 36.33 km2 (2.67%) in total, 
while 12.81 km2 (0.94%) were water bodies. 

By 2013, a noticeable shift began to emerge. Looking at Table 2, the built-up 
area had expanded by more than double in 10 years from 2003 to 2013, reaching 
97.12 km2 (7.14%) and expanding outward mostly along the roadways and rivers 
around Butwal and the Bhairahawa corridor. The spread of urban areas caused 
adjacent agricultural land to decrease slightly to 930.99 km2 (68.46%). Similarly, 
the forest area also showed a minimal decrease in area to 297.48 km2 (21.87%). In 
the LULC 2013 map forest area seems still similar to what was observed in the 
year 2003, but some of the areas that were close to the urban centers seem frag-
mented. The LULC map of 2013 shows more blue colored areas in the central por-
tion of the district, which represents an upward trend in the water bodies (16.05 
km2). Barren, on the other hand, declined to 18.34 km2 (1.35%), possibly suggest-
ing urban sprawl close to the riverbank. (See Figure 6) 

Coming towards the end of 2023, the built-up area expanded significantly up to 
218.57 km2 (16.07%), suggesting a fivefold increase in comparison to 2003. With 
this vast urban sprawl, large portions of agricultural land are consumed, resulting 
in a reduction of 736.00 km2 (54.12%). Looking at the LUCL map of 2023, urban 
expansion occurred throughout the district but mostly concentrated on the East-
West highway and the Butwal and Bhairahawa corridor. Interestingly, the forest 
area increased to 365.96 km2 (26.91%); the major reason behind this could be af-
forestation and conservation practices. Water bodies are continuously showing an 
upward trend (26.01 km2, 1.91%), mostly around the central portion of the dis-
trict; meanwhile, barren land continued to shrink, but by a fraction, to 13.46 km2 
(0.99%). 

Both the maps and statistical tables, and the graphs indicate that a strong urban 
sprawl in the Rupandehi District, which was primarily an agrarian district in 2003, 
but in the next two decades landscape changed to a more urbanized one. These 
findings are supported by both the statistical table and the graphs. Table 2 pro-
vides a comprehensive overview of land transformation, while maps showcase the 
visuals of land use and land cover changes.  
 
Table 2. Land use and land cover area statistics for Rupandehi District (2003, 2013, and 
2023). 

Class 
Area 2003 
(Sq∙km) 

2003% 
Area 2013 
(Sq∙km) 

2013% 
Area 2023 
(Sq∙km) 

2023% 

Agricultural 
Land 

942.14 69.28 930.99 68.46 736.00 54.12 

Built-up Land 42.38 3.12 97.12 7.14 218.57 16.07 

Barren Land 36.33 2.67 18.34 1.35 13.46 0.99 

Forest 326.34 23.99 297.48 21.87 365.96 26.91 

Water Bodies 12.81 0.94 16.05 1.18 26.01 1.91 
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Figure 3. Land Use and Land Cover maps of Rupandehi District for the year 2003. (Source: 
authors) 

 

 
Figure 4. Land Use and Land Cover maps of Rupandehi District for the year 2013. (Source: 
authors) 

3.2. Land Use and Land Cover Change Detection (2003-2023) 

The change detection analysis reveals a dynamic transition in land use, where ur-
ban transformation became the most noticeable between 2003-2013, and 2013-
2023. Analyzing land cover transitions, along with land use change matrices for 
each class, demonstrates the scale and direction of land conversion in the district. 

During the year from 2003 to 2013, the most prominent change was from forest 
to agricultural land, with 31.42 km2 of forest area transformed into agricultural 
land (Table 3). At the same time, 23.59 km2 of forest area was transformed into 
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Figure 5. Land Use and Land Cover maps of Rupandehi District for the year 2023. (Source: 
authors) 

 

 
Figure 6. Bar chart showing the area (in square kilometers) of each LULC class across 2003, 
2013, and 2023. 

 
built-up area, which was likely to occur due to urban development around the 
Butwal and Siddhartha Nagar area. 13.53 km2 of the farmland was lost to barren 
areas, which could be either because of soil degradation or loss of fertility of un-
cultivated land. In this period, the built-up area expanded by 17.61 km2, gaining 
from agricultural areas and 15.96 km2 from barren areas. Water bodies also gained 
some areas in that duration, 5.43 km2 from the arable land, which suggests some 
development in irrigation infrastructure. Between 2003 and 2013, 1201.30 km2 of 
land remained unchanged, while roughly 12% of the district area underwent trans-
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formation. 
In the next decade (2013-2023), land cover change intensity and pace continued 

to be more substantial. Transition from the agricultural area to built-up land, in 
total 102.13 km2, was the largest, nearly Rupandehi had seen three times the urban 
growth as in the previous decade. Figure 7 clearly shows this transition with the 
dense purple zones, particularly in Butwal, Tilottama, Bhairahawa, and some new 
emerging towns alongside the major highways. Interestingly, forest land gained 
93.36 km2 of the area from the agricultural land, which suggests either conserva-
tion practices or reclassification of fallow fields. Around 7.65 km2 of arable land 
was converted into water bodies, and 6.22 km2 into barren land. These changes 
altogether highlight that agricultural land was the most vulnerable land type in 
Rupandehi district. (See Figure 8) 

Urban area gained a noticeable amount of land from the other classes, like 24.40 
km2 from barren land, 14.31 km2 of the forest area, and also changed to built-up 
land, and 3.74 km2 of water bodies converted to built-up area. This combined 
transition exhibits the aggressive nature of urban encroachment into all kinds of 
land classes. During this period, nearly 26% of the district land experienced trans-
formation, meaning 1005.41 km2 of the land remained unchanged between 2013 
and 2023. 

In summary, the spatial change map and tabulated data highlighted that be-
tween 2003 and 2023, there was a moderate change, which includes gradual urban 
expansion mostly concentrated in the urban centers. On the contrary, the follow-
ing decade experienced more intense and clustered transitions, particularly urban 
expansion in the form of some new emerging towns, agricultural fragmentation, 
and forest alternation. These changes not only suggest expansion of built-up areas 
around the major cities of the district, but also indicate urban sprawl in the whole 
district. 
 

Table 3. Land cover transitions in Rupandehi District between 2003-2013 and 2013-2023 (in square kilometers). 

Transition Area 2003-2013 (km2) Area 2013-2023 (km2) 

Agricultural Land-> Built-up Land 17.60954 102.1321672 

Agricultural Land-> Barren Land 5.63565 6.215077341 

Agricultural Land-> Forest 18.82065 93.35772082 

Agricultural Land-> Water Bodies 5.427579 7.645450192 

Built-up Land-> Agricultural Land 3.203177 24.40217951 

Built-up Land-> Barren Land 1.177515 3.161189315 

Built-up Land-> Forest 2.193612 14.31119295 

Built-up Land-> Water Bodies 1.265222 3.74808072 

Barren Land-> Agricultural Land 13.53396 7.77607785 

Barren Land-> Built-up Land 15.9599 9.369735273 

Barren Land-> Forest 1.181247 1.800795566 

Barren Land-> Water Bodies 1.077678 0.78656511 

Forest-> Agricultural Land 31.41782 43.43183006 
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Continued 

Forest-> Built-up Land 23.58576 11.8880499 

Forest-> Barren Land 1.167251 0.742711539 

Forest-> Water Bodies 4.404951 9.286693405 

Water Bodies-> Agricultural Land 3.492424 6.861684246 

Water Bodies-> Built-up Land 5.383726 4.096110122 

Water Bodies-> Barren Land 0.682063 0.732447938 

Water Bodies-> Forest 1.478892 2.842084609 

No Change 1201.301 1005.412156 

 

 
Figure 7. Land Use and Land Cover change detection maps of Rupandehi Dis-
trict between 2003-2013. (Source: authors) 

 

 
Figure 8. Land Use and Land Cover change detection maps of Rupandehi Dis-
trict between 2013-2023. (Source: authors) 
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3.3. Classification Accuracy Assessment 

Out-Of-Bag (OOB) error estimates and confusion matrices were used to evaluate 
the accuracy of the LULC classifications for the years 2003, 2013, and 2023. A 
random forest classifier was used to derive the LULC classifications and error ma-
trices. As per the accuracy assessment result, in 2003, the OOB error rate was 8.36% 
in total, which comes to approximately 91.64% of overall accuracy. Among all the 
land cover classes, built-up shows some confusion; besides that, all the classes were 
identified with high precision. Particularly, 9 occasions, barren land, and 5 times 
forest were misidentified, contributing to a high-class error of 22.06% for built-up 
land. In general, other classes like agricultural land (4.12%), water bodies (5.56%), 
and forest (4.0%) excelled in classification. 

Interestingly, the LULC classification accuracy of the year 2013 was highest 
among the three years, where the OOB error rate was just 4.45%. This year, the 
random forest algorithm worked exceptionally well, resulting in low class-wise 
errors, specifically, the forest with 2.2%, 2.82% in barren land, 4.23% in water bod-
ies, and 5.78% in agricultural land. Though Built-up land showed a little bit of 
confusion in identifying both barren and forest classes, it was still able to achieve 
a class error of 6.32%. In comparison 2023 OOB error was slightly higher than the 
previous decade but still succeeded in achieving an accuracy of 91.61%. Surpris-
ingly, the algorithm was able to identify the built-up area more accurately than in 
the previous two years, with an error of 6.06% only. 14 pixels of forest were mis-
classified as agricultural land, which contributed to a higher error for the forest 
class (14.74%). Similarly, agricultural land also showed a moderate decrease in 
classification effectiveness, with a class error of 12.24%, which is primarily due to 
overlap with forest. Barren land and water bodies also continued to be well-clas-
sified with a class error of 4.11% and 2.63% respectively.  

On the whole, the classification accuracy achieved from the random forest was 
acceptable for all the years for LULC classification. There was a slight decrease in 
accuracy in 2023 as compared to 2013, which could be a reflection of confusion in 
the spectral value in transition zones. Particularly, forest-agriculture confusion 
was one of the dominant reasons for slightly lower accuracy in later years. (Table 
4 and Table 5) 
 

Table 4. Confusion matrices and OOB error estimates for 2003 LULC classifications in Rupandehi District. 

 
Agricultural 

Land 
Built-up Land Barren Land Forest Water Bodies Class.Error 

Agricultural Land 93 2 0 1 1 0.04123711 

Built-up Land 0 53 9 5 1 0.22058824 

Barren Land 2 4 58 0 0 0.09375 

Forest 3 1 0 96 0 0.04 

Water Bodies 0 2 1 0 51 0.05555556 

OOB estimate of error rate 8.36%      
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Table 5. Confusion matrices and OOB error estimates for 2013 LULC classifications in Rupandehi District. 

 Agricultural Land Built-up Land Barren Land Forest Water Bodies Class.Error 

Agricultural Land 114 3 1 3 0 0.05785124 

Built-up Land 1 89 2 2 1 0.06315789 

Barren Land 0 2 69 0 0 0.02816901 

Forest 2 0 0 89 0 0.02197802 

Water Bodies 0 3 0 0 68 0.04225352 

OOB estimate of error rate 4.45%      

 
Table 6. Confusion matrices and OOB error estimates for 2023 LULC classifications in Rupandehi District. 

 Agricultural Land Built-up Land Barren Land Forest Water Bodies Class.Error 

Agricultural Land 86 3 0 9 0 0.05785124 

Built-up Land 1 93 4 1 0 0.06315789 

Barren Land 0 3 74 0 0 0.02816901 

Forest 14 0 0 81 0 0.02197802 

Water Bodies 0 2 0 0 74 0.04225352 

OOB estimate of error rate 8.39%      

3.4. Relationship between Vegetation, Built-Up Areas, and Land 
Surface Temperature 

To understand the impact of the vegetation and built-up areas on the Land Surface 
Temperature (LST), linear regression analyses were conducted for the years 2003, 
2013, and 2023, correlating LST with both NDVI as a vegetation metric and NDBI 
as a built-up metric. Both regression analyses supported the urban sprawl pattern 
in the Rupandehi district, which was noted in LULC classification, where the re-
gression line manifests strong and predictable trends. 

In all three years, a strong negative correlation was noticed between LST and 
NDVI, which affirms that a higher concentration of vegetation leads to lower land 
surface temperature, because of cooling effects like evapotranspiration and shad-
ing. R2 value of 0.34 was observed for NDVI-LST in 2003, with the regression 
equation Y = −8.78X + 23.79, which indicates a modest opposite trend. In the year 
2013, the relationship became slightly stronger, reaching R2 = 0.43 and a steeper 
slope (Y = −16.65X + 29.48). This highlights the increasing influence of vegetation 
as a cooling agent while urban areas continue to grow. The correlation value 
dropped slightly in the year 2023 (R2 = 0.32), which could have been caused by 
more land cover fragmentation and spectral mixing in peri-urban areas. 

On the other hand, the NDBI (built-up index) and the LST interrelationship 
were positive and strong for all three years. This correlation highlights that urban 
infrastructure contributed a significant portion to the land surface heating. In the 
year 2003, the regression analysis indicated a noticeable contribution of impervi-
ous surfaces to retaining heat, where the R2 value was 0.53 and the slope was 9.6. 
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The contribution of urban infrastructure to the land surface temperature intensi-
fied more in 2003 than in the previous decade, which was clearly supported by the 
regression analysis, where R2 = 0.68 and Y = 15.99X + 26.87. In 2023, the strong 
relationship continued (R2 = 0.54, Y = 22.32X + 30.34), supporting that urban 
features were determinant in retaining heat.  

These regression analysis results clearly support the land cover change patterns 
that were observed from random forest classification, illustrating that when vege-
tation is replaced by impervious surfaces, the capacity to retain heat by the land 
increases. The regression analysis parameters, both the R2 value and the slope 
across the 3 years, demonstrated that the influence of vegetation on the cooling 
and heating of impervious surfaces has become equally prominent over time. (See 
Figure 9 and Figure 10) 
 

 
Figure 9. NDVI vs Land Surface Temperature (LST) Regression Plots (2003, 2013, 2023). 

 

 
Figure 10. NDBI vs Land Surface Temperature (LST) Regression Plots (2003, 2013, 2023). 

3.5. Discussion 

This study’s findings show a clear pattern of land transition in Rupandehi District 
over two decades (2003-2023). This transformation was prominently supported 
by rapid urban growth, which also led to a change in environmental conditions. 
In Nepal, the Terai district, which includes major cities like Butwal, has seen sig-
nificant changes in the landscape due to rapid migration from neighboring hilly 
districts in the search for education, agriculture, health, and convenience [48]. The 
steady growth in the urban landscape and decreasing agricultural areas show that 
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the district is transforming into a more urbanized area, which was primarily an 
agrarian territory. A similar trend was observed in other rapidly growing urban 
zones of Nepal, where infrastructure and impervious surface development changed 
the peri-urban landscape [49] [50]. 

The most noticeable change that occurred in the transitional zone was a loss of 
arable land, which occurred along the major highways and in close proximity to 
Butwal, Tilottama, and Bhairahawa. Corridor-based urbanization pattern is very 
common in Nepal because they provide easy accessibility, transport infrastruc-
ture, and usually connects marketable centers with nearby residential and rural 
areas [51]. Similarly, the regression analysis between NDBI and LST has pointed 
out that growth in built-up land has contributed to increasing Land surface tem-
perature. The findings documented in this study are consistent with the urban 
heat island effect, which is a well-documented and studied effect [52] [53]. In 
comparison to other surfaces like vegetation, barren land, water bodies, etc., im-
pervious surfaces such as concrete and asphalt are more capable of holding heat 
[54].  

In contrast, vegetation exhibits an opposite relation to surface temperature across 
the study timeline, where the correlation plot has shown an inverse relationship 
between NDVI and LST. This similar pattern has been studied throughout the 
major cities of Nepal, like Kathmandu and Pokhara [55] [56]. During the first 
decade of this study, the forest area was in a declining trend; interestingly, it ex-
hibited a sign of recovery in the later years. This effect is a result of conservation 
practices and restoration programs initiated throughout Nepal, where environ-
mental protection programs, such as a participatory approach, have reclaimed a 
larger portion of the country’s forest area [57]. 

Agricultural land was the most vulnerable land cover class, consistently transi-
tioning into built-up land or returning to forest. This high degree of land instabil-
ity is a result of two major factors: land demand because of urban growth, and 
marginal agricultural yields, which are observed across the Terai zone [58]. Long-
term food security, uncontrolled and chaotic urban growth, and intense UHI in 
urban centers are some of the potential risks that could arise because of these changes 
[59]. The moderate yet noticeable growth of water bodies, somewhat through the 
transformation of agricultural land, could be related to the development of irriga-
tion infrastructure and pond construction for fisheries [60].  

However, selecting only the March scenes was one of the limitations of this 
study. These results show that LST patterns showcase late dry-season conditions 
instead of the whole annual cycle. Furthermore, considering only one month of 
data limits the seasonal pattern of phenology and the temperature, since vegeta-
tion-temperature coupling may differ in the monsoon and the winter period. Even 
though gap-filling in Landsat 7 ETM+ was corrected, it may still introduce inac-
curacies. To ensure the reliability of our findings, we lowered these effects by not 
including the filled areas for the training samples and also inspected the area vis-
ually. 
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The collective evidence, both spatially and statistically, suggests a strong rela-
tionship between land cover transformation and thermal dynamics. This finding 
emphasizes the need for urban planners to incorporate environmental indicators 
into urban and regional planning strategies. Failing to incorporate policies like 
green zoning, infrastructure, and vegetation preservation could worsen ecological 
stress and urban heat island effects [61]. This would make the district, precisely 
the urban centers, more vulnerable to extreme climate events. 

4. Conclusions 

This study analyzed two decades of land use changes in Rupandehi District (2003-
2023) to understand their influence on vegetation, urban expansion, and Land Sur-
face Temperature (LST). The outcome of the study indicated that built-up areas 
have increased by more than five times in two decades, mainly by replacing agri-
cultural land. The urban sprawl was clustered around the major towns of the dis-
trict, like Butwal, Bhairahawa, and major road networks. The regression analysis 
of NDVI-LST suggested that vegetation and land surface temperatures are posi-
tively correlated, where vegetation helps to lower the surface temperature. Simi-
larly, NDBI-LST regression analysis shows that an increase in impervious surfaces 
intensifies land surface temperature, amplifying urban heat island effects.  

The random forest classification that is used for land use and land cover classi-
fication has achieved more than 91% accuracy, ensuring the validity of these find-
ings. The findings of this study suggested the need for green infrastructure and 
strategic land use planning to combat rising land surface temperatures and main-
tain ecological balance. Future research should focus on implementing socio-eco-
nomic data, predictive models for future land cover scenarios, and exploring the 
impacts of climate variability to guide sustainable land use planning and climate 
adaptation strategies. 
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