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Abstract

In Bangladesh, rising temperatures are increasingly recognized as a major man-made environmental threat.
Chuadanga District, a rapidly developing urban region, is particularly vulnerable to intensifying heat stress driven
by land use changes. This study investigates the relationship between minimum winter Land Surface Temperature
(LST) and Land Use/Land Cover (LULC) dynamics in Chuadanga from 2015 to 2023. Utilizing thermal data from
Landsat 8/9 and employing Random Forest classification in the Google Earth Engine platform, the research maps
LULC patterns and correlates them with seasonal LST variations. The analysis reveals that winter LST ranged
from 19.2°C to 21.7°C (minimum) and 28.7°C to 33°C (maximum), with built-up areas consistently exhibiting
higher temperatures, while vegetated areas—ranging from 200 to 290 sq. km—remained significantly cooler. A
strong negative correlation (r = —0.697, p < 0.05) was observed between vegetation cover and minimum winter
LST, underscoring vegetation’s critical role in reducing surface temperatures during colder months. Other LULC
classes, such as barren land and water bodies, demonstrated weaker or statistically insignificant associations with
winter LST. These findings emphasize the importance of sustaining green cover to buffer seasonal temperature
extremes.
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1 Introduction

Land use land cover refers to the classification of land based on its use and cover. LULC is essential for
understanding various elements such as urban development, agricultural particles and environmental management
(Li et al., 2022). Land surface temperature is a critical variable in the earth climates system, representing how
warm or cold the surfaces on earth are. Rises in LST are significantly impacted by land use/land cover changes.
The increase in LST massively impacted the urban biodiversity, ecosystem and population health (Abdulla et al.,
2021). With increasing urbanization and climate change, understanding the interaction between LULC and
temperature LST has become crucial in urban planning and environmental sustainability (Debnath et al., 2025). In
the USGS LULC classification, vegetation areas encompass natural and managed lands covered by plant life,
including forests, croplands, and grassland, each playing a key role in surface energy exchange and temperature
regulation (USGS, 2013). Land surface temperature has a significant impact on vegetation area. Various human
activities like deforestation, industrial activities, agricultural practices cause increase in LST (Neog, 2023). A
strong negative correlation has been observed between land surface temperature and vegetation area in recent
studies. Salam et al. (2024) concluded that the areas with less vegetation have higher Land surface temperatures
and vice versa. Additionally, built-up regions, especially those containing heavy industries, have a considerable
influence on LST, according to research conducted in Bangladesh's Narayanganj city by Rashid et al. (2022). From
2011 to 2019, the mean LST ascended by 1.86 °C. Green cover reduces the urban temperature effect, according to
the study, which finds a negative association between LST and normalized difference vegetation index (NDVI).
Urbanization is developing, and understanding the shifting pattern of vegetation and LST in Bangladeshi cities is
critical for ensuring sustainable land and vegetation conservation. While multiple studies have investigated LST
and LULC in major Bangladeshi cities (Bari et al., 2021; Roy et al., 2021; Imran et al., 2021; Leya et al., 2022),
there is a significant gap for investigation in the Chuadanga region.

The purpose of this study is to examine and measure the connection between Chuadanga District's vegetation area
change and winter LST. This study used Landsat 8 data for the LULC map and Landsat 8-9 data for LST retrieval
in order to achieve the research goal. Both the LULC classification and the LST computation from Landsat data
are performed using the Google Earth Engine platform. In order to examine the geographical fluctuation of the
surface temperature for vegetation change, NDVI and LST values were calculated and analyzed using Landsat 8
satellite image data from 2015 to 2023. The results of this research will assist legislators, designers, planners of
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cities, and climatologists in creating climate-resilient frameworks, rules, and choices that balance urban green areas
for a healthy urban environment.

2 Study Area

The study area, Chuadanga, is located in southern Bangladesh, which is situated in the Khulna division (Figure 1).
Its geographic coordinates are 22.911°N latitude and 89.280°E longitude. The area of study is characterized by a
combination of agricultural lands, urban areas, and natural attributes, representing a good setting for the
investigation of the effect of LULC changes on LST.
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Figure 1. Map of the research region.

3 Methodology

3.1 Data Collection

The satellite images, such as Landsat 8 and 9, used in this study were collected from USGS Earth Explorer for the
period 2015-2023. Landsat images were 30 m resolution, which is sufficient to observe local land cover and
temperature patterns with a cloud coverage of less than 20 %.

3.2 Calculation of LULC

Random forest in Google Earth Engine was utilized to classify the LULC based on the Landsat 8 image for
Chuadanga district. Landsat 8 image composites, filtered by date and cloud cover (<10%), underwent median
filtering for atmospheric correction and were then cropped to the region of interest (ROI). Training samples for
multiple land cover classes (e.g., water, vegetation, man-made surfaces) were constructed by manually selecting
ground truth points and buffering each by 30 meters. Image bands B1-B11 were then extracted, and a random
forest classifier was trained (using 80% of the samples for training and 20% for testing). Cloud masking was
applied during preprocessing to ensure data quality. Classification accuracy was quantified using overall accuracy,
and the Kappa coefficient. The methodological workflow is depicted in Figure 2.

3.3 Retrieval of Land Surface Temperature

In this study, Landsat 8/Landsat 9 Collection 2 Tier 1 raw scenes were first acquired for analysis. The top of the
atmosphere image was converted into top of the atmosphere radiance (L,) using band-specific rescaling factors
from the image metadata. These radiance values were then converted to top of the atmosphere brightness
temperature (TB) using the appropriate calibration constants. The NDVI was calculated from the reflectance
values, with near-infrared (NIR) and the red bands (R) corresponding to B5/B4 in Landsat 8/9. The proportional
vegetation (Pv) was determined based on the NDVI range, followed by the estimation of surface emissivity (g)
using the empirical method of Sobrino et al. (2004). Finally, LST was computed utilizing the derived brightness
temperature and surface emissivity with the equation incorporating physical constants including the central
wavelength of emitted radiance, Planck’s constant, and the Boltzmann constant. The methodological workflow is
depicted in Figure 3.
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Figure 2. Flowchart for the preparation of the LULC map.
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Figure 3. Flowchart represents the step-by-step procedure for estimating land surface temperature.

3.4 Area Calculation of Different LULC Classes

Calculations of the area of various LULC classes were done using the Zonal Statistics tool in ArcGIS Pro. Both
the LULC map (classified raster) and the polygon shapefile (representing the zones) were added in ArcGIS Pro.
The LULC raster ensured that the amount (area) of each LULC class was correctly calculated to the zone polygon
shapefile. The SUM statistic was used to aggregate all pixel counts of all LULC classes within the zones. The
resulting value was multiplied by the pixel area (e.g., 30 m x 30 m = 900 m?) to calculate the area in m2. The sum
of pixels from different classes was computed and converted into an area with the pixel size. The final table
consisted of the total area for every LULC class in each zone.

3.5 Retrieval’s of Pearson Co-efficient

LULC classification was performed using Landsat 8 imagery, and NDVI was calculated to estimate vegetation
cover across the study area. Minimum winter LST values for the years 2015-2023 were derived from the thermal
infrared band (Band 10) of Landsat 8/9. Pearson’s correlation coefficient was then calculated using equation 1.

LX-X)(Y-Y)

s syiass @

The p-value was computed to assess statistical significance, with a threshold of p < 0.05 confirming the correlation.

4 Result and Discussions

4.1 Accuracy Assessment of Classified Image

The major land cover classes in Chuadanga City were analyzed to identify the prevailing land cover types based
on their corresponding area. Five major land cover classes were water bodies, vegetation area, built-up area,
agricultural land, and barren land. Due to classification techniques, some errors occurred in the land cover maps.
The overall accuracies of the land cover map of 2015, 2016, 2019, and 2023 were found to be 89%, 93%, 94%,
and 92%, respectively, and the kappa coefficients were 86%, 91%, 93%, and 90%, respectively. Accuracies of the
classified images were higher, as the collected data was from recent years and high-resolution reference images
were available. Figure 4 illustrates all the land cover types, such as built-up, water body, vegetation, barren land,
and agricultural land for the years 2015, 2016, 2019, and 2023.
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Spatial LULC Dynamics (2015-2023)

SE0'E, BEAST BOAOE RRUSE RESIE BOSSE §O°F 8995, BLOE BEISE RPAE BRUSE SRR SRMSE BRCSIR RESSE ROCK BESE BSIE SISE

23°50°N
1
T
23550

23°50°N

) 2015 . 2016
r 3 z z 4‘
£ N R < 15
& ioa N g
’ . 7 ] .
5 i b
Legend Legend ? ’
£ é Il Water body |

23°30°N

Bl Water_body

25030

B Vegelation_arca

Agricultural_land
I Builtup area
: [ Barren_land

Agricultural land
B Builtup arca
Barren_land

2SN
23°28N
23N
T
225N

5 10 20 Km

£ T T T T T T T
S82S'F SRO30E BSSIS'E O SNUO'E BSUS'E SRCSO'E SROSS'E SO SO9R'E ROIE SO°1S'E
BISE IO SSUSIE SEUE SSMSE SWSIE eSS 807K SSE S0L0E $9IS'E

g
=
2
=
2
2+
L]
IPEIN 23020\

23550°N
235N

28°50N

z 2019 £ i 2023 ¢
Z 2 g F#
z , oz ;
5 N . N B
H iR i
z z z
% ;
. Legend ) P Legend ‘
H Water_body s = L5
g | Y |1L|71?nd) z g I \Water_body b4
B Vegctation arca 5 I Vegetation_area
z Agricultural_land lem=5.7Km z Agricultural_land z
: 3 £ K e
& I Builtup arca P 55 11 22 Km 2 R I Builtup_area 0 5 10 20 Km R
[ BRarren_land 5 . (O O L R A vl P Barren_land e Lyl

Figure 4. LULC map of Chuadanga district for 2015, 2016, 2019 and 2024.

4.2 Changes in land use/land cover

The final classified map displayed various land cover types over the years 2015 to 2023. The largest changes in
the LULC between 2015 and 2023 in Chuadanga district were related to the significant reduction in vegetation
cover. The vegetation area increased from an estimated 200.48 sq km in 2015 to 219.6 sq km in 2016 and reached
its maximum area of 286.43 sq km in 2019, as an indication of an eruption that has gone through a temporary
reforestation or natural recolonization process. But this was only a short-lived trend, and a drastic reversal
followed, vegetation coverage falling to only 151.18 sq km in 2022 and barely rebounding to 161.17 sq km in
2023. This disturbing loss reveals a pattern of deforestation, changes in land use and degradation from plantation
regimes, and intensified use of land for settlement, with associated modifications in land management. Although
other land cover classes are changed as well, the substantial loss of vegetative coverage is a severe risk to the
ecological equilibrium and biodiversity, as well as the future sustainability of the natural resources, in the region.
These are urgent issues that require immediate attention. At the same time, the built-up area grew from 157.68 to
249.34 sq. km, demonstrating rapid urbanization, and water bodies continued to decrease from 195.23 to 64.16 sq.
km. Although barren land varied and was possibly degraded.

4.3 Variation of LST

The LST was computed by applying the radiative transfer equation, ensuring accurate and spatially consistent
surface temperature mapping at the scene level. The analysis for Chuadanga, focusing on winter seasons in 2015,
2016, 2019, and 2023, indicates significant variations (Figure 5). The minimum winter LST saw slight fluctuations,
starting from 20.48°C in 2015, dipping to 19.22°C in 2016, then slightly increasing to 19.81°C in 2019, and rising
t0 21.21°C in 2023. Meanwhile, the maximum winter LST showed a general increase over these years: 30.86°C in
2015, 28.70°C in 2016, increasing to 32.62°C in 2019, and then 32.99°C in 2023 (Table 1). The data indicates a
subtle warming trend in winter temperatures, potentially linked to changes in land cover and regional climate shifts.
These variations may influence agricultural practices, water resource management, and public health by increasing
exposure to warmer winter conditions. Addressing these impacts requires adaptive strategies to mitigate adverse
effects on the community and environment.
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Figure 5. LST map of Chuadanga district for 2015, 2016, 2019 and 2024.

4.4 Correlation between Land Surface Temperature and Vegetation Area

Pearson’s correlation analysis between LST and vegetation area during 2015-2023 indicates a significantly high
negative correlation relationship between the two variables, with the correlation coefficient (r) = —0.697 and p-

value < 0.05 (Figure 6).
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That is, when the vegetation area is in a decreasing trend, the LST increases in a regular and quantifiable manner.
The inverse relationship is the result of vegetation’s cooling effect, which reduces surface temperatures via
mechanisms such as evapotranspiration and canopy shading. The trend in the difference is consistent with the
detected difference and thus supports the observed trend that years with a lower amount of vegetation (e.g., 2022,
with the lowest vegetation extent at 151.18 sq. km) and moderate winter LST (21.21°C) correspond to warmer
surface temperatures. On the other hand, years of more abundant vegetation, such as the year 2019 (286.43 sq.
km), generally demonstrate the lowest LST values in winter (19.82°C). This finding highlights the impact of
vegetative land cover on the thermal environment in the Chuadanga region. Table 1 presents the winter minimum
and maximum LST change with the vegetation for each year from 2015 to 2023.
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Table 1. Minimum and maximum LST change with the vegetation for each year from 2015 to 2023.

Year Min Winter LST(°C) Max Winter LST(°C) Vegetation Area (sg.km)
2015 20.48133132 30.86186689 200.478539
2016 19.20206521 28.70395515 219.590146
2017 21.64735699 32.16527437 231.403359
2018 20.16459242 29.47642973 264.494928
2019 19.81641009 30.04381997 286.433988
2020 21.61155637 32.62214852 230.962889
2021 20.21495212 29.6992841 238.77544
2022 20.09053871 28.54037737 151.176507
2023 21.2082285 32.99992221 161.17071

5 Conclusion

The present study evaluated the LULC variation for Chuadanga District and the relationship between the winter
LST change for 2015 to 2023. It was found that LST vary directly, and significantly with variation of LULC in
Chuadanga district during the period 2015 to 2023. Through the combination of Landsat satellite images, satellite
remote sensing techniques, and statistical analysis, the study revealed that marked decreases in vegetation cover
have occurred in recent years, especially after 2019. Meanwhile, the LST values showed that the temperature was
gradually warming up. The negative, strong relationship (r = —0.697 p < 0.05) of the vegetation area with LST
further demonstrates the importance of vegetation in modulating local climate. This negative relationship suggests
that vegetative surfaces tend to reduce urban heat by cooling processes such as evapotranspiration and surface
shading. This study demonstrated the significance of green infrastructure and vegetated landscape intervention in
the urban planning for mitigation of Urban Heat Island (UHI) and environmental resilience.
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