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Abstract

Global climate change and rapid urbanization are transforming land use and thermal environments, particularly in devel-
oping megacities, impacting regional climate and sustainable development. In cities like Dhaka, Bangladesh, urbanization
has significantly altered land use and land cover (LULC), directly affecting urban climate and land surface temperature
(LST).This study investigates the impacts of rapid urbanization on LULC changes and LST in Dhaka, Bangladesh, using
multi-temporal satellite imagery from Landsat 5, 7, and 8 from 2009 to 2023. The classification analysis was conducted
using Support Vector Machine classification and Random Forest (RF) modeling in Google Earth Engine to predict future
LST. The classification achieved high accuracy, with kappa values over 80%. Results found that, due to the Dhaka Metro-
politan Development Plan (DMDP) urban settlements expanded by 139.52 km?, and vegetation and water bodies declined
by 16.71% and 51.71% respectively. The study also found a 4 °C increase in LST (from 34 °C in 2009 to 38 °C in 2023),
with predictions indicating further increases up to 41 °C by 2030. Statistical analysis revealed strong correlations between
LST and LULC indices, with R? values of 0.42 and — 0.68 for NDVI and NDWTI (negative correlations), and 0.04 and
0.26 for NDBI (positive correlation). The RF model, with an R? of 0.953 between observed and predicted values, further
predicts a 3 °C rise in LST over the next decade. Spatial analysis revealed the highest urban expansion occurred in the
northeastern and southeastern regions of the city. This study demonstrates the utility of integrating multi-temporal satel-
lite data, machine learning, and spatial modeling to quantify urban growth patterns, associated land cover changes, and
thermal impacts. The findings highlight the need for climate-adaptive urban planning in rapidly developing megacities to
mitigate rising urban temperatures and associated environmental and health risks. The modeling approach presented can
support evidence-based policymaking for sustainable urban development and climate change adaptation in Dhaka and
similar urban contexts globally.
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1 Introduction

Global scientific advancements are accelerating urbaniza-
tion, impacting over 54% of the global population and sur-
rounding areas, leading to economic growth (A.-A. Kafy,
M. N. H. Naim, et al., 2021; Ullah et al. 2019). Urbaniza-
tion, although promoting economic growth, has detrimen-
tal effects on cities in both the immediate and long-term
(Abdullah et al. 2019; Faruque et al. 2022; A.-A. Kafy, M.
N. H. Naim, et al., 2021; Rahman et al. 2020). Land use
shifts highlight the impact of urbanization on ecological
sustainability, transforming natural landscapes into devel-
oped areas, and affecting vegetation and water resources by
reducing them (A.-A. Kafy, M. Islam, Kafy etal. 2021a, b, c,
d, e; Lietal. 2017a, b; Tadese et al. 2020; Ullah et al. 2019;
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Xu et al. 2020; Yirsaw et al. 2017). Human colonies have
inhabited 1-6% of the surface of the universe, and during
the last three centuries since 1900, there has been a global
decline of 19% in forests and 8% in grasslands (Ahmed et
al. 2019, 2021; Rahman et al. 2020; Reis 2008; Tadese et al.
2020; Ullah et al. 2019). Urbanization and land use changes
influence ecosystems and water supplies as people and
economies grow, but they raise LSTs by 2—4 °C. Population
increase and economic advancement cause urbanization and
land use changes, which harm ecosystems and raise LSTs.
(Dey et al. 2021; Han et al. 2015; Hossain and Rahman
2022). Unregulated rapid urban expansion and alterations
in land use and land cover land use and land cover (LULC)
may alter the hydrological, thermodynamic, and radiation
mechanisms of the surface of the planet, hence intensifying
the effects of climate change and high temperatures (Ahmed
2011; Ahmed et al. 2019; Byomkesh et al. 2012). Further-
more, the unregulated modification of LULC increases
urban areas by replacing vegetation, leading to environmen-
tal deterioration via urban heat island (UHI) effects (Dey
et al. 2021; A. Kafy et al. 2021a, b, ¢, d, ¢). Built-up areas
have a heightened UHI effect due to an increase in imper-
vious surfaces. Sustainable management must tackle urban
heat islands due to their many adverse consequences on
city inhabitants (A.-A. Kafy, A. Al Rakib, K. S. Akter, et
al., 2021; Kafy et al. 2020). Specifically, historic medium-
resolution Landsat imagery delineates the land surface tem-
perature (LST) and describes the UHI impact (A.-A. Kafy,
M. Islam, Kafy et al. 2021a, b, c, d, e; Naserikia et al. 2019).
Rapid urbanization increases impermeable surfaces, such as
buildings, roads, and industries, leading to a significant rise
in LST (A.-A. Kafy, A. Al Rakib, K. S. Akter, et al., 2021).
The spontaneous growth of urban regions in develop-
ing nations such as Bangladesh has a substantial effect on
changes in LULC (Dewan et al. 2012; M. A. A. Hoque et al.
2016; Hossain and Rahman 2022). Many authors (Hoque et
al. 2016; M. A. A. Hoque et al. 2016a, b; Islam et al. 2020;
A.-A. Kafy, A. Al Rakib, K. S. Akter, et al., 2021; Kafy et al.
2020) use the “land use and land cover” (LULC) category
to observe and evaluate the condition of ecosystems in met-
ropolitan regions, natural habitats, and biological systems
across many spatial scales. The evaluation of LULC, which
encompasses both land use and land cover, is conducted
jointly since these two factors are inseparable (Hassan and
Southworth 2017; Hossain and Rahman 2022; Olofsson
et al. 2014; Ullah et al. 2019). Researchers (Faruque et al.
2022; Hassan and Southworth 2017; Reis 2008; Yin et al.
2010) from a wide range of institutions have investigated
the link involving LULC and LST dynamics in a variety of
metropolitan areas. LULC shift analysis evaluates changes
over time, assessing LST, urbanization, external influences,
and ecological conditions, potentially reducing negative
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impacts on society and nature (Khan et al. 2015; Xu et al.
2020; Zhang et al. 2013). In emerging nations, fast use of
natural resources owing to financial, socio-economic, and
most of the cases, this infrastructural growth damages eco-
logical sustainability (Islam et al. 2015; Li, Cao, Long, Liu,
Lietal. 2017a, b).

The use of Remote Sensing (RS) and Geographic Infor-
mation System (GIS) technologies has seen significant
growth in assessing the changes in LULC and LST in met-
ropolitan settings (Hassan and Southworth 2017; Islam et
al. 2015; Wang and Xu 2010). GIS and RS applications
are highly regarded for their ability to analyses ecosystem
change, ecosystems, and global changes in climate (Hassan
and Southworth 2017; A. Kafy et al. 2021a, b, c, d, e; Xu
et al. 2020; Yirsaw et al. 2017). Along with these, Random
forest (RF) (Dey et al. 2021) and Support vector machine
(SVM) (Aldino et al. 2021) are known for their capabilities
in processing multi-spectral images, including noise resis-
tance, regression or classification, and unbalanced data set
management. ImageRF (Simon et al. 2024) and ImageSVM
(Rabe et al. 2010) are user-friendly applications designed to
address the limits of LULC classifying with multi-spectral
images. Thus, RF and SVM algorithms have been implied
to improve the accuracy and efficiency of the classification
process (A.-A. Kafy, M. Islam, et al., 2021; A. Kafy et al.
2021a, b, c, d, e; Naserikia et al. 2019). Multiple studies
(Mallick et al. 2017; Mansaray et al. 2021; Naserikia et
al. 2019) have been carried out in Bangladesh to analyze
LULC utilizing a combination of Landsat multi-temporal
imagery and integrating RS and GIS approaches. Detect-
ing changes in LULC situations and monitoring LSTs by
hands-on field visits is a laborious, prone to mistakes, and
expensive process (Dey et al. 2021; Han et al. 2015; Tadese
et al. 2020). RS and GIS technologies are used to assess,
monitor, and simulate transformations in LULC as well as
increases in LST (Ahmed 2011; A. Kafy et al. 2021a, b, c,
d, e; Ullah et al. 2019). These technologies use spatiotem-
poral modelling techniques using data obtained from remote
sensing (A.-A. Kafy, M. Islam, et al., 2021). The satellite
imagery was analyzed using specific band arrangements to
determine spectral indices, including the Normalized Dif-
ference Vegetation Index (NDVI), Normalized Difference
Water Index (NDWI), and Normalized Difference Built-up
Index (NDBI). NDVI represents vegetation cover (A. Kafy
etal. 2021a, b, c, d, ¢), NDWI represents water bodies (Xu
2006), and NDBI represents impervious build-ups (Back-
ground; Naserikia et al. 2019). These indices are then used
to illustrate the correlation between various land character-
istics and LST. (A. Kafy et al. 2020, 2021a, b, c, d, e; Roy
and Bari 2022; Xu 2006) useed the RF and regression analy-
sis model for the prediction future LST estimation by using
Google Earth Engine (GEE).
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(A.-A. Kafy et al. 2021) indicated that the estimation
and prediction of LULC shifting as well as seasonal sur-
face temperature for the regions of Chattogram, and Cum-
illa. But there is no indication of area direction changes of
that city where Dhaka has considered massive rate in urban
growth (Hossain and Rahman 2022; Khan 2014). (Sonet et
al. 2024; Faruque et al. 2022) noted that, RS and GIS meth-
ods are used to monitor changes by LULC in mangrove and
coastal areas of Bangladesh. However, there is a correla-
tion between LULC and LST, since global temperatures are
increasing steadily. In previous studies researchers (Ahmed
et al. 2021; M. T. Ahmed, Hasan, Ahmed et al. 2020a, b, c;
M. T. Ahmed, Islam, Ahmed et al. 2020a, b, ¢, 2022) were
not concerned with the urban growth impact caused by LST,
rather only showed groundwater assessment and salt intru-
sion in coastal parts of Bangladesh. It has been suggested
by (Kafy et al. 2020) that the multi-layer perception system
Markov chain model may be used to analyses changes in
LULC characteristics in Rajshahi City, Bangladesh. Urban
heat brought on by rising temperatures and the effects of
global warming are two issues facing the urban environ-
ment (Dey et al. 2021; Ismail and Jusoff 2008). Even rapid
urbanization is occurring in Dhaka Metropolitan Develop-
ment Plan (DMDP) zones, where man-made surfaces use
more heat and have higher temperatures than vegetation-
dominated regions (A.-A. Kafy, M. N. H. Naim, et al., 2021;
Khan 2014). In DMDP regions, man-made surfaces have
grown steadily in recent decades, and this has substantially
increased urban growth and LST rates (Kafy et al. 2020).
Moreover, tropical cyclone on Bangladesh’s coastline have
been drawing cold front from South to North and impact-
ing the continuous landform in the coast also impacting the
land use and overall economy of the region causing rapid
movement of people to the city and helping in urbaniza-
tion development works which has also been analyzed using
GIS and RS (Sonet et al. 2024). However, it is important to
note that the urban growth and LST rates are much greater
in the conterminous DMDP area.

Recent research has been limited in examining the impact
of changing LULC scenarios on LST in these large urban
growth areas. This research focused on the DMDP area
in Bangladesh, by using from Landsat 5, 7, and 8 satellite
images to analyze changes in LULC and LST from 2009 to
2023. The objective is to examine the effects of urbanization
on LST and LULC, changes in LULC over time, and the
accuracy of these changes. The study also aims to analyze
the correlation between LULC indices (NDVI, NDBI, and
NDWI) and LST. The goal is to create a model that predicts
future LST (2030) based on changes in LULC and LST sce-
narios from the previous year to 2023.

2 Study area

DMDP is situated on the Buriganga River, is the city region
in Bangladesh with the highest population density, situated
between the longitudes of 90°01’ and 90°37' east and lati-
tudes of 23°53" and 24°06' north (A.-A. Kafy et al. 2021)
(Fig. 1a-d). This study area is situated in central, the capital
of Bangladesh, is the most populous city in the nation and
functions as its social, political, and financial center (Fig.
1.a). Surface elevation in the town ranges from 1 to 14 m,
while the normal slope of built-up areas is between 6 and
8 m. The Buriganga river, the Turag river, the Tongi Khal
river, and the Balu river are the four important river systems
that surround it on all sides: the south, the west, the north,
and the east, respectively (Islam et al. 2015; Tadese et al.
2020) (Fig. 1.b & c). Groundwater is the source of nourish-
ment for alluvial waterways, that are waterways that start
from the floodplain (A.-A. Kafy, A. Al Rakib, K. S. Akter, et
al., 2021). The region is level and is located on a sandstone
terrace that dates back to the Pleistocene epoch and is com-
monly referred to as the Modhupur terraces.

Centre of Bangladesh is the location of the study area,
which incorporates two city corporations corporation within
its boundary (Fig. 1). The region is situated between the
tropical and subtropical rainfall regions and is characterized
by climate conditions that are generally moist (Abdullah et
al. 2019; A.-A. Kafy et al. 2021). The normal temperature in
the town ranges from 11.5 °C t034.5 °C, and it gets a total of
2000 millimeters of rainfall annually, with more than 80%
of the precipitation happening throughout the monsoon
period (June to September) (BMD 2013; A.-A. Kafy, M.
N. H. Naim, et al., 2021). The growth of the population of
a city had a considerable influence on the city’s roadways,
industrial layout, open-air ecological, accommodation, and
business sectors, as well as the city’s economic and social
circumstances (A.-A. Kafy etal. 2021; A.-A. Kafy, M. Islam,
Kafyetal. 2021a, b, ¢, d, e; Khan 2014). The estimated pop-
ulation of the DMDP is over 12 million, a 41.5% increase
from 2001. The population ratio in the region is 8229 people
sq/km?, above the national average of 976 inhabitants per
km? (BBS 1998; A.-A. Kafy, M. N. H. Naim, et al., 2021).
The process of urbanization in DMDP is fraught with both
difficulties and opportunities (Fig. 1d) (Hossain and Rah-
man 2022). It contributes significantly to the national econ-
omy’s 19% share of Gross Domestic Product (GDP), and
it also plays an important role in social development and
cultural improvement (BBS 1998). According to (Climate
2020; Hossain and Rahman 2022), (Fig. 2a) illustrates the
average monthly total precipitation or rainfall days, mois-
ture, number of wet days, and typical amount of time of
sunlight in Dhaka district and DMDP areas.
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Table 1 The LULC classification system and its corresponding class
summaries

LULC Class
Water Body

Description

Rivers, lakes, wetlands, and permanent
open water body

Transportation, roadways, mixed urbanized
residential, business, manufacturing, and
other build-up area

Urban Area

The agricultural region encompasses sev-
eral types of land, including cultivated land,
fallow lands, vegetable property, deciduous
forests, forest-covered lands, palm trees,
trees scrub, and other vegetation types.
Uncovered soils, places of waste disposal,
and regions of ongoing excavations

Vegetation

Bare Land

3 Materials and methods
3.1 Datasets

This research has used Landsat 5 TM Collection 2 Tier 1
TOA Reflectance, Landsat 7 Level 2, Collection 2, Tier
1, and Landsat 8 Collection 2 Tier 1 Raw Scenes satellite
images with 10% cloud coverage. The raster images and
acquisition dates are specified in Table S1. The United
States Geological Survey (USGS) employs standardized
data collection methods across several datasets over the
years, so that it mitigates seasonal fluctuations, facilitating
enhanced comprehension of longer-term patterns, identi-
fication of anomalies, and significant correlations among
datasets (Byomkesh et al. 2012; Justice et al. 2002; A.-A.

Kafy et al. 2021). Cloud free Landsat 5, 7 and 8 OLI/TIRS
images were filtered and processed using ArcGIS Pro was
used for GIS operations (LULC and accuracy analysis).
Furthermore, the USGS website (https://earthexplorer.usgs.
gov) makes Landsat data accessible without charge (Hassan
and Southworth 2017; Islam et al. 2015; A.-A. Kafy et al.
2021; Mansaray et al. 2021; Reis 2008).

3.2 Preprocessing of datasets

This investigation used Landsat’s satellite information to
determine the spatial distribution of LULC classifications
(A.-A. Kafy, A. Al Rakib, K. S. Akter, et al., 2021) (Table
1). Data preprocessing was carried out via the ArcGIS Pro
tools. The Landsat 5, 7 and Landsat 8 datasets were resa-
mpled to a 30 m resolution and reprojected to the WGS
84/UTM zone 46 N coordinate system (Justice et al. 2002;
Wang and Xu 2010). This study also used Landsat’s surface
reflectance bands (Table S1) to calculate terrestrial LST in
GEE. The research also analyzed the three indices to cre-
ate indices based on the spectral distribution of solar reflec-
tance. The satellite photos were then examined with ArcGIS
Pro. The study’s entire procedure is represented in Fig. 3.

3.3 Evaluation of land use and land cover changing
The classification technique for images involves using

multidimensional data to categorize LULC characteristics
into distinct groups (Table 1) (Aldino et al. 2021; Rahman
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et al. 2020). Scholars have presented numerous supervised
and unsupervised categorization techniques (Aldino et al.
2021). The supervised classification strategy implemented
the SVM classifier, which selects retraining units for pic-
ture categorization (Aldino et al. 2021; Ismail and Jusoff
2008). The scientists (Yin et al. 2010; Yirsaw et al. 2017;
Zhang et al. 2013) used the SVM classifier to imagine the
categorization, highlighting its superior accuracy compared
to other approaches (Aldino et al. 2021; Liu et al. 2007).
RF and SVM were evaluated to ascertain the optimal pre-
dictive approach based on performance metrics (Aldino et
al. 2021; Sonet et al. 2024). Conventional statistical tech-
niques have been used in most accident prediction in recent
research (Aldino et al. 2021; A.-A. Kafy et al. 2021; Rah-
man et al. 2020; Roy et al. 2021). Time-series methodolo-
gies have been used for accident forecasting(Rahman et al.
2023; Ullah et al. 2019). The images in this study areas were
categorized into four distinct groups: waterbody, urban area,
vegetation, and bare land.(A.-A. Kafy, A. Al Rakib, K. S.
Akter, et al., 2021; Siddiqua 2017) has indicated that 2015
has started the development of urbanization of DMDP areas.
Besides some authors (Dewan et al. 2012; A.-A. Kafy, M.
N. H. Naim, et al., 2021) stated that there is a significant
effect of LST on the environment of overall Dhaka city. To
determine the amount of change from water bodies, vegeta-
tion cover, bare land, and urban areas from 2009 to 2016,
and from 2016 to 2023, the “combine” technique within the
“spatial analyst toolset” in ArcGIS Pro software has been
used. In ArcGIS Pro the combining tool was utilized to
classify values in integers. It employs a confusion matrix
to ensure a precise assessment of categorized images and

@ Springer

Bearland |M‘

Vegetation
area

Builtup area i

| Change detection

Gradient
l direction (GD |

| LULC

LULC changes J

Urban growth |

/,,/_‘—__ﬁ effects on LULC

| classification T .
‘ Landsat 5 ‘ —_— I Keppe " _, Gain & decreases in |
OLI/TIRS Support Vector staﬁsligl LULC classes |
=TS . Machine (SVM) Y
|_OLYTIRS e Producer| car:gl:f}'?:::?on | Overall |
accuracy | of LULC maps accuracy
USGS Earth Landsat .
Explorer satellite o Land surface LULC Vs LST
‘—' temperature : - .
LST) LST prediction for
2029

| LST 2009, 2016 &
+ NDV1 2023
LULC SPerrlraI it
Indices

NDBI

identification data (Liu et al. 2007; Morshed et al. 2017,
Wang and Xu 2010); Ward et al. (2011). The combine tool
sequences several rasters in such a way that each individual
combination of the input parameters has a distinct output
value. The LULC sub-classes, with explanations, through-
out the SVM classification process, are shown in Table 1.

3.4 Calculation of gradient direction (GD)

Geographic data evaluation is a process that enhances the
resolution of small-scale data to summarize the spatial and
temporal patterns of LULC (Cao et al. 2019; Faruque et al.
2022). Change in orientation estimation is a local investiga-
tion method that identifies unique land use and land cover
patterns in different directions. This involves drawing dense
spheres from the city center, expanding lines at five-kilo-
meter intervals, and joining these lines to construct segment
regions (Dewan et al. 2012; A.-A. Kafy, A. Al Rakib, K. S.
Akter, et al., 2021). Each zone is distinguished by unique
land use and cover classifications, identifying directional
variances. The procedure included drawing concentric cir-
cles outward from the city center at regular intervals. The
greatest contiguous ring should include the whole research
region, considering all land use and land cover categories.
Secondly, extending rays from the metropolitan center at
5 km intervals defined 16 orientations (Hossain and Rah-
man 2022; A.-A. Kafy et al. 2021; A.-A. Kafy, M. N. H.
Naim, et al., 2021). The focused circles intersecting those
lines formed section regions. Finally, distinct LULC cat-
egories were used for every single segment zone to identify
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orientation variances (A.-A. Kafy et al. 2021; Kafy et al.
2020;Y. Lietal. 2017a, b).

3.5 Accuracy of LULC dataset

The accuracy evaluation included calculating the overall
accuracy, user accuracy, producer accuracy and kappa sta-
tistics. This is considered one of the most effective quantita-
tive methods for evaluating picture classification efficiency.
It is assessed the correctness of the divided maps by over-
laying 500 randomly selected ground truth images from
Google Earth Pro (Avdan and Jovanovska 2016; Hassan and
Southworth 2017; Hossain and Rahman 2022; A.-A. Kafy et
al. 2021) (Fig. 2b-d) for each year. In this research, 500 GPS
locations were randomly chosen for accuracy analysis in
each year of land use and land cover LULC maps categori-
zation, based on (Olofsson et al. 2014) shows on (Fig. 2b-d).

3.6 Calculating the process of LST

The single-channel (SC) approach was used to calculate the
LST using Landsat thermal infrared readings. Both Landsat
5, 7 and Landsat 8 include thermal bands, while Landsat 8
stands out as the only satellite with two thermal bands (A.-
A.Kafyetal. 2021; A.-A. Kafy, M. N. H. Naim, et al., 2021;
Kafy et al. 2020). The Egs. (1), (2), (3), (4), (5), (6), (7), and
(8) were used in the GEE to compute the LSTs. Description
of overall dataset used for LST has been shown on Table S1.

3.6.1 LST estimation for landsat 5 and 7 TM
The calculation of spectral radiance was performed using

Eq. (1) (Cao et al. 2019; A.-A. Kafy, A. Al Rakib, K. S.
Akter, et al., 2021; A.-A. Kafy et al. 2021).

;o LMAX, — LMIN,
v~ \QCALMAX — QCALMIN
(QCAL — QCALMIN) + LMIN,

(1

The spectral radiance, temperature (or LST) has been calcu-
lated by the use of Eq. (2). (Islam et al. 2015; A.-A. Kafy, A.
Al Rakib, K. S. Akter, et al., 2021; Kafy et al. 2020)

K2
T=——7———273.15

K1 2
(5 +1)
3.6.2 LST calculation for 8 OLI/TIRS
The major source of information for this research is the

Landsat 8 archives provided by the USGS, which contain
the GEE data catalogue. The conversion of digital number

data (DN) to Top of Atmospheric radiance (TOA) was
performed using Eq. (3).(Faruque et al. 2022; Y. Li et al.
2017a, b; Mansaray et al. 2021)

(TOA) = M1 X Qca + Ar (3)

The brightness temperature was determined by using Top
of Atmosphere (TOA) and two thermal transformation con-
stants in Eq. 4 (Avdan and Jovanovska 2016; Dewan et al.
2012; A.-A. Kafy et al. 2021).

Brightness Temperature (BT) = ((ln({fﬁ) —273.15 4)

TOA

The NDVI has been used the Egs. (5) and (6) to perform
the calculation of the NDVI and the amount of vegetation
(Avdan and Jovanovska 2016; Cao et al. 2019; Dey et al.
2021; Tadese et al. 2020).

(Band 5 — Band 4)

NDVI =
(Band 5 + Band 4) )

The surface’s emissivity refers to its radiating capacity in
relation to a black substance (Faruque et al. 2022; Mansaray
et al. 2021; Roy et al. 2021).

Proportion of vegetation (P,) 6
= ((NDVI = NDVIin)/(NDV I naw — NDV i) (6)

The calculation is performed using Eq. (Cao et al. 2019;
Kafy et al. 2020; Roy et al. 2021)

Emissivity (e ) = 0.004 x P, + 0.986 @)

Equation 8(Roy et al. 2021) performs the calculation of
LST.

BT
LST = 8
<1+ (0.00115 x BL2) x Ln(e)) ®

3.6.3 Prediction of LST

The results of this study use the RF algorithm as the approach
for predicting LST (Kafy et al. 2020, 2021a, b, c, d, ¢). This
technique is specifically developed to calculate LST using
data from the Landsat series of satellites. It is incorporated
into GEE (Zhang et al. 2013). The technique was conducted
in GEE (code available here).
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Table 2 Evaluating the reliability of the categorized LULC using the confusion matrix method

Year/ User Accuracy Producer Accuracy Overall Classifi- Kappa
Class cation Accuracy Statis-
Name tics
Water Urban Bare Vegetation Water Urban Bare Vegetation
Body area land Body area land
2009 0.872 0.863 0.9 0.88 0.875 0.85 0.94 0.84375 0.881 0.877
2016 0.98 0.984 0.943 0.992 0.962 0.983 0.97 0.968 0.9812 0.963
2023 0.846 0.99 0.96 0.96 0.942 0.976 0.856 0.9847 0.944 0.939
Table 3 The spatial distribution of various LULC classifications in the research region between 2009 and 2023
Class Name/Year  Area (km?) Net Change (km?) Net Change (%) Overall Change (%)
2009 2016 2023 2009-2016 2016-2023 2009-2023 2009-2016 2016-2023
Bare land 86.6827 124.085 81.6771 37.4023 -42.407 79.8093 43.1485 -48.922 92.0705
Urban area 220.554 258.736 370.117 38.182 111.381 149.563 17.3118 50.5005 67.8123
Vegetation 416.104 368.842 345901 -47.262 -22.262 -69.524 -11.358 -5.3501 -16.7081
Waterbody 155.364 127.035 75.0179 -28.329 -52.0171 -80.3461 -18.233 -33.48 -51.713

3.7 Estimation of spectral indices

Spectral indexes, often referred to as land cover indicators,
are essential in the determination of LST for many applica-
tions (Hossain and Rahman 2022; A.-A. Kafy, A. Al Rakib,
K. S. Akter, et al., 2021; Khan 2014; Zhang et al. 2013).
The indices, which include the NDVI (Y. Lietal. 2017a, b;
Rouse et al. 1974), NDWI (Xu 2006), and NDBI, were cal-
culated using Landsat Surface Reflection data from the years
2009, 2016, and 2023 (A.-A. Kafy et al. 2021; Rahman et
al. 2020). Table S2 shows the scientific names of these the
spectral indexes as well as their formulae and references to
the relevant literature. NDVI and NDWI have significance
for monitoring the state of vegetation, with NDWI being
particularly important in controlling surface-water supplies
and tracking situations of drought (Ahmed 2011; Kafy et al.
2020). Additionally, NDBI is a favored index for extract-
ing information about built-up areas (Mansaray et al. 2021;
Zhang et al. 2013).

4 Result and discussion

This section provides a concise overview of LULC changes
using the SVM technique in three distinct years. The fol-
lowing discussion elucidates the conversion of various
LULC categories, as well as the geographical distribution
of changes in LULC classes utilizing GD analysis. The cho-
sen research year included an assessment of LST as well as
an evaluation of the link between LST and indicators like
NDVI, NDWI, and NDBI. Additionally, the LST model was
used to forecast future LST in the DMDP region using the
random forest method.
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4.1 Evaluation of LULC classes

In this study’s SVM method has been used to ascertain the
LULC change trends from 2009 to 2023. The assessment of
classification accuracy involved measuring user accuracy,
producer accuracy, kappa coefficient, and total accuracy.
The images had an overall accuracy of 0.881, 0.9812, and
0.944, whereas the overall kappa values were 0.877, 0.963,
and 0.939 for the years 2009, 2016, and 2023, as shown in
Table 2. Producer accuracy for specific categories of LULC
was highest for waterbody (0.96), urban areas (0.98), and
bare land (0.97), all recorded in 2016, while only vegeta-
tion achieved an accuracy of 0.98 in 2023. Furthermore, the
accuracy metric was calculated using the confusion matrix,
which includes both the Producer’s and the User’s accuracy
(Aldino et al. 2021; Dewan et al. 2012; Faruque et al. 2022).
Again, according to the statistical analysis of Cohen’s
Kappa, the kappa coefficient value of 0.80-0.90 indicates
a significant level of acceptance, with data dependability
ranging from 0.64 to 0.81 (Dewan et al. 2012; Dey et al.
2021; Olofsson et al. 2014; Zhang et al. 2013). The kappa
values in this investigation indicate a strong level of data
reliability. During this time frame from 2009 to 2016, there
was a consistent increase of 43.1485% in the amount of bare
land, while there was a decrease of 48.922% as it was con-
verted into urban areas, primarily, and other types of land
by 2023 (Table 3). The rapid urban development had a sub-
stantial influence on both vegetation, with a net change of
-11.358% and — 5.3501%, and waterbody areas, with a net
change of -18.233% and — 33.48% during the years (2009—
2016) and (2016-2023) shows on (Table 3; Fig. 4 (a-c),
resulting in their conversion into growing cities. The growth
of urban regions may be attributed to many variables, such
as migration from the countryside to urban areas in pursuit
of improved economic opportunities and the availability of
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superior healthcare services in the examined region relative
to the rural (A.-A. Kafy, A. Al Rakib, K. S. Akter, et al.,
2021; Naserikia et al. 2019).

4.2 Transformation and decreases in LULC classes

The conversion rate among distinct LULC classifications is
a crucial component in identifying the key factors that sub-
stantially contribute to shifts in LULC. The LULC growth in
various LULC classes was determined by analyzing LULC
transformation maps (Fig. 4a-c), as well as the gain and
loss in different LULC classes (Fig. 5a-b). Additionally, the
image comparison approach to estimate the LULC change,
as presented in Table 3 and a corresponding Fig. 6(a-c).
The LULC change maps show a decline in vegetation and
waterbody area, while there is an increase in urban areas
and barren land. In this context, specific land use categories
have designated undeveloped land and open spaces as urban
areas. The unaltered category demonstrates the consistency
between distinct classes, such as urban areas remaining
urban areas and bodies of water remaining unchanged dur-
ing a three-year period (Fig. 5a).

According to the data provided in (Fig. 6a-c) and Table 3,
it is evident that there were decreases in vegetation (-47.262
km? and — 22.262 km?) and water bodies (-28.329 km? and
—52.0171 km?) during the periods of 2009-2016 and 2016—
2023, respectively. Conversely, urban areas showed growth
(38.182 km? and 111.381 km?), albeit with a negative cor-
relation, while bare land increased by 37.4023 km?* during
20092016 and decreased by 42.407 km? during 2016—
2023, largely due to the DMDP project area. Throughout
this timeframe, significant changes occurred across various
land use and land cover LULC categories, particularly nota-
ble was the positive and substantial shift in urban areas. The
rates of change observed for water bodies and vegetation
areas were both strong and negative. Interestingly, urban
areas remained unchanged during this period, which notably
influenced the increased LST in the DMDP area.

4.3 Urban growth effects on LULC

The conversion rate among distinct LULC classifications
is a fundamental element in identifying the key variables
that are contributing substantially to changes in LULC. The
research region is experiencing fast urban growth. To deter-
mine the effects of urban developments on other LULC cat-
egories, a combination tool was used to assess the impact
(Fig. 5a-b).

From 2009 to 2023, massive changes have occurred in
overall areas. Approximately 170 km? of vegetation area,
140 km? of barren region, and 98 km? of water bodies have
been converted, and large areas have been transformed into
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urban areas (Fig. 5b).(Hossain and Rahman 2022) has also
indicated that due to this kind of urbanization like DMDP
area, the city landscape changed with LULC changes
and affected the city’s thermal environment. Even, fast
urbanization has facilitated social and economic progress
while simultaneously intensifying the depletion of scarce
resources (A. Kafy et al. 2020, 2021a, b, ¢, d, ¢; Xu et al.
2020). However, it has also given rise to several environ-
mental pollution issues, including water and air contamina-
tion and health concerns (Byomkesh et al. 2012; Rahman et
al. 2020). Furthermore, the analysis revealed two significant
and undesirable rates of change for the vegetation cover
(-11.358% and — 5.3501%) and barren land (43.1485%
and — 48.922%) Fig. 6(a-b). The forest area significantly
declined over 14 years from 2009 to 2023, and rising surface
temperatures have increased due to escalating deforestation.
Consequently, the urban forest of DMDP lacks protection
in contrast to the remote regions of the country, which have
a significant annual destruction frequency (Yirsaw et al.
2017). Furthermore, in these findings, (Kafy et al. 2020)
has recently documented a significant decline in the yearly
coverage of vegetation in Dhaka city due to extensive devel-
opment.(Siddiqua 2017) has suggested that there is a need
for more vegetation areas in this city to enhance its safety.
On the other hand, it has been observed positive changes in
settlements (17.3118% and 50.5005%) from (2009 to 2016)
and from (2010 to 2023) (Fig. 6a-c). The observed rise in
the region’s population in the early 2015s, after the formal
designation of the study area as an economic zone inside the
geopolitical zone, led to several alterations in the DMDP’s
LULC (Climate 2020; Hossain and Rahman 2022). The
expanding population and economic expansion are lead-
ing to the increased use of spaces, waterbodies, and forest
resources (Fig. 5a-b). The land cover modifications in the
research region are mostly attributed to the local population,
economic zone, and new colonial area. The tremendous eco-
nomic growth of businesses in this region has significantly
impacted local ecosystems, including water bodies, forest
areas, and habitats.

Urban regions are undergoing rapid alterations in plant
cover, bare land, and water bodies. Moreover, the results
obtained from transforming the LULC map indicate that
human actions lead to the conversion of forest areas into
urban areas and water bodies (Fig. 5b) The proliferation of
impervious surfaces primarily took place in the northeast-
ern and southern sectors of the DMDP area (Fig. 5a). These
changes in LULC result in variations in surface energy and
affect the surrounding area’s surface temperature conditions
(Kafy et al. 2020; Naserikia et al. 2019). (A. Kafy et al.
2021a, b, c, d, e; Simon et al. 2024) has showed the effects
of five socioeconomic factors, namely poverty, Gross
Domestic Product (GDP), population density, distance to
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the city center, and roads, have been assessed to understand
their influence on LULC in the DMDP area. These variables
represent economic growth, social spending, and transpor-
tation conditions. DMDP area is a pivotal economic cen-
ter, making substantial contributions to several industries,
such as commerce, banking, manufacturing, services, and
tourism (Siddiqua 2017). The city accommodates crucial
enterprises, governmental establishments, and global asso-
ciations, while its harbor is a crucial entry point for exports
and imports (Morshed et al. 2017). GDP has an indirect
impact on changes in land cover, as well as an immediate
effect on urban development and land use patterns. Eco-
nomic development frequently results in heightened urban-
ization and infrastructural development, which in turn leads
to alterations in land cover. According to (Fig. 5a-b), these
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kinds of changes occur as a result of infrastructure construc-
tion or the extension of bare land for additional develop-
ment. This emphasizes the susceptibility of these places to
environmental change that’s increasing the LST (Dey et al.
2021; A. Kafy et al. 2020, 2021a, b, ¢, d, ¢).

4.4 Evaluation of the direction of change in LULC
classifications

The Concentric circles are created from the city center to
outside the research area border to determine the directional
shifts of various LULC classifications. Directional analysis
is a common technique used to summaries spatial-temporal
urban growth and its effects on other LULC classifications
(Figs. 7a-d and 8a-d).
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4.4.1 Changesin urban area

Seven major cities around the globe had a significant met-
ropolitan expenditure rate of more than 2.4% between 2009
and 2023 (Ahmed 2011; Dewan et al. 2012; A.-A. Kafy,
M. N. H. Naim, et al., 2021). Dhaka is one of those seven
cities(Tadese et al. 2020; Zhang et al. 2013). It is unfortunate

that the growth has taken place and continues to take place
at an alarming rate, especially considering the beginning of
the 1990s (Morshed et al. 2017) and it has also increased
at a higher rate in 2015 (Fig. 7a). This amazing rise in
urbanization may be traced to five primary factors: migra-
tion from rural regions to urban areas, the creation of new
employment possibilities, an improvement in its standard
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of living, growth by nature, and the redefining of metro-
politan areas (Ahmed 2011; Hassan and Southworth 2017,
Hossain and Rahman 2022). Based on the directional study
according to (Figs. 7a and 8a.), it has been determined that
fast urban growth has occurred in the northwest, northeast,
and southeast areas. Even though urban growth is occur-
ring considerably in every direction of the metropolitan
area, the north (8.024%), north-to-east (6.71%), north-to-
northeast (3.706%), north-to-northwest (6.66%), south-to-
east, north-to-west (7.11%), south (7.590%), south-to-cast
(12.43%) and south-to-southeast (13.11%) directions are
seeing significant urban growth due to the excellent man-
agement, business, entertainment, building, telecommut-
ing, and transportation resources. Beijing is a case study for
land-adaptive, spatial, and socio-economic aspects, where
(Han et al. 2015) indicates that the LULC has changed due
to urbanization, like DMDP areas. Urban growth is occur-
ring at all levels of the municipality and these areas are more
desirable to locals than any other area of the city because
of all these amenities (Hossain and Rahman 2022; A.-A.
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Kafy et al. 2021; Kafy et al. 2020; Morshed et al. 2017).
Demographic, economic, and cultural factors influence
these extensive urban developments. Population growth
and decline are significant determinants of LULC (Climate
2020; M. A. A. Hoque et al. 2016a, b). Furthermore, migra-
tion, the distribution of the rural-urban population, and
industrialization influence it (BBS 1998).There are some
socio-economic and policy factors, such as the expertise of
land officers, together with political and economic policies
and managerial competencies, that influence the ecological
overall condition of DMDP (Dey et al. 2021; A. Kafy et al.
2020, 2021a, b, ¢, d, e). Additionally, the presence of these
institutions is stimulating an increasing volume of institu-
tional and business transactions, transforming the area into
a hub of urban development. Marginalized rural inhabit-
ants are compelled to migrate to these areas in pursuit of
improved employment opportunities and an elevated quality
of life (Morshed et al. 2017).
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4.4.2 Changes in vegetation areas

Due to rapid urban expansion, the study area is considered
one of the world’s most undesirable towns in terms of qual-
ity of life due to rapid urban expansion. An ideal city should
provide 25% of its total area for green spaces, as opposed to
the only 5% designated under the DMDP (A.-A. Kafy, M.
N. H. Naim, et al., 2021; Siddiqua 2017). According to the
findings of the direction studies of transformation, there has
been a decrease in the number of highly green areas in every
direction of the metropolitan area. The city converted in
that direction due to the presence of a greater non-urban to
urbanized region, resulting in the most notable decrease of
vegetation observed from (2009 to 2023) in east -to-north-
east (24.40sq/km),gp9 > (9.11 sq/km),,3, north-east (45.24
sq/km),ge > (33.56 sq/km),,s, north-west (28.23 sq/km)
2000 > (19.421 sgq/km) 53, south-east (23.95 sq/km),gag
> (5.862 sq/km),q,; whereas only small portion (north to
northeast (56.07 sq/km) 509 < (59.343 sq/km) 5,5 increased
in the whole DMDP area (Figs. 7c¢ and 8d). Urban design-
ers and gardening professionals suggested that increasing
tree planting and extending greenery in cities would support
the urban forestry strategy in the Dhaka metropolis. Various
initiatives are planting trees in different locations in DMDP
(Byomkesh et al. 2012; Hassan and Southworth 2017; Khan
2014).(Faruque et al. 2022; Kafy et al. 2020; Siddiqua
2017) has been observed that although most of the cities
in Bangladesh have seen tremendous expansion, the growth
of vegetation in the general city area has not kept pace with
their growth or the extremely high population rate.(Ullah et
al. 2020) has also revealed that urban growth has makes a
huge impact in Xi’an City, China as like as Dhaka city by
reduction of vegetation which increased LST. Furthermore,
(Kafy et al. 2020) shows the remote sensing techniques to
examine the influence of LULC modifications on LST in the
Rajshahi district of Bangladesh.

4.4.3 Changes in waterbody

Water bodies have played a crucial role in human society in
several ways since prehistoric times. Water is the primary
focus of the global tourism sector. Dhaka city has failed to
effectively use its natural assets for water tourism expan-
sion, despite having great potential similar to that of the
Netherlands and Xi’an City, China (Dai et al. 2018; Ullah et
al. 2020). Uncontrolled urban growth results from pollution
and encroachment onto WBs instead of their conservation.
Between (2016-2023), the volume of water bodies in the
northwest increased due to water management improve-
ments but significantly decreased in certain areas such
as east (7.008km?), east to north-east (8.168km?), east to
south-east (3.882 km?), north (5.783 km?), north-east (6.343

km?), north to north-east (9.741 km?), north-to-northwest
(15.64 km?), and north-west (7.774 km?). The diminishing
phenomena mostly occurred in a north-east direction (Figs.
7d and 8c). Several of the rivers, canals, and streams that
formerly surrounded Dhaka have been partially filled in
throughout the last 16 years, according to the city’s history
(Khan 2014; Morshed et al. 2017). The natural equilibrium
was broken by the municipality’s fast, uncontrolled urban
expansion, which also made it the worst place to live every
day (Morshed et al. 2017; Rahman et al. 2020).

4.4.4 Changes in bare land

Bare land is mostly undeveloped urban lands and open
spaces that, because of the aesthetic and ecological fea-
tures that they possess, provide many advantages to those
who live in urban areas, including social, environmental,
and economic advantages (A.-A. Kafy et al. 2021). During
the categorization process, it was predicted that there was
a growth in bare land, which was finally transformed into
urban areas (construction of buildings, impermeable sur-
faces, highways, and so on). This was due to the enormous
movement of people from rural areas to urban areas as well
as a lack of focus on the preservation of open spaces (Figs.
7b and 8b). The assertion was supported by (Byomkesh
et al. 2012; Dewan et al. 2012; Morshed et al. 2017) the
increasing of urban area and development in the regions
where bare lands have been rising because bare land has
been considered as the pre-process of urban planning. Such
as the east, east-to-northeast, east-to-south-east, north-east,
north-to-northwest, and north-west, south-to-south-east,
south-to-south-west, west-to-south-west directions have
been increased alarmingly (Figs. 7b and 8b).

4.5 Relationship between LST vs LULC indexes
(NDVI, NDWI, and NDBI)

4.5.1 Effects of changes with LST vs. indexes

The physical attributes of urban areas, including paved sur-
faces, road networks, and construction, are expected to be
impacted by the features of LULC (Ahmed 2011; Byomkesh
et al. 2012). Human activities and the growing global pop-
ulation’s demand for natural resources drive these LULC
features (Hossain and Rahman 2022; Morshed et al. 2017).
This directly influences the formation of LST. Monitoring
(LULC) changes is essential for identifying regional cli-
matic patterns and quantifying unregulated or undesirable
urban growth that is susceptible to ecological impacts (Zha
et al. 2003). All the LULC indexes changes over the decade
have been shown in Fig. S1. The average temperature in
a city fluctuates at various locations, with the maximum
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temperature occurring in urban centers and lower temper-
atures in outlying regions (Ullah et al. 2019). This high-
lights the significance of LULC in establishing land surface
temperature LST data (Ullah et al. 2020). LULC data are
essential for estimating the LST. There exists a mathemati-
cal correlation between LST and the above values, where
NDBI values are directly proportional while NDVI and
NDWI values are inversely proportional.

Vegetation areas demonstrate higher levels of NDVI in
spatial analysis (Rahman et al. 2020). Consequently, there is
an inverse relationship between the height of vegetation and
the temperature (Cao et al. 2019; Kafy et al. 2020; Xu et al.
2020). Therefore, there is an inverse relationship between
LST and NDVI, NDWI. The negative association between
NDVI, NDWI, and LST is directly attributed to the elevated
temperatures which is accepted by (Ullah et al. 2019; Xu et
al. 2020). Another explanation (A.-A. Kafy, A. Al Rakib,
K. S. Akter, et al., 2021; A.-A. Kafy et al. 2021; Karim and
Mimura 2008) can be attributed to the fact that greenery,
such as trees and vegetation, typically serve as absorbers
and evaporator systems. They release water as steam, which
leads to the retention of heat (A.-A. Kafy, A. Al Rakib, K.
S. Akter, et al., 2021). The authors (A.-A. Kafy et al. 2021,
Kafy et al. 2020; Khan et al. 2015) used numerous analy-
ses to establish relationships during the investigation. The
correlation between LULC indicators and LST is explained
as follows. LST is influenced by air surface temperature,
with urban and densely populated areas experiencing higher
temperatures due to increased heat reflectivity (A.-A. Kafy,
A. Al Rakib, K. S. Akter, et al., 2021; A. Kafy et al. 2021a,
b, c, d,e).

4.5.2 Correlation of LST vs LULC indexes

All the correlation analyses revealed p-values below 0.05,
indicating that the validation processes were statistically sig-
nificant. The positive correlation between LST and NDBI,
as well as the significant positive correlation between LST
and NDWI, and the negative correlation between LST and
NDVI are indicated in Fig. 9a-c. The examination of LST
using NDVI, NDWI, and NDBI throughout all three study
periods (2009, 2016, and 2023) has revealed a significant
association, as indicated by the high R? values (Fig. 9a-c). In
the realm of ecological analysis, a correlation is considered
high when it approaches a value of 1. In the year 2023, the
R? value was greater than in 2009 (Fig. 9a). Thus, a strong
association is consistently detected across all time periods
since the trendline accurately represents the data.

The east-northern part built-up areas were lower; on the
other hand, the vegetation and water bodies were higher in
2009. But this ratio has been decreased to 2016 by convert-
ing bare land, which was increased by the DMDP project.
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During 20162023, the NDWI and NDVI decreased, while
the buildup areas increased in those areas because of urban
development, including rising population and industrial
uprising (A.-A. Kafy et al. 2021; A.-A. Kafy, M. N. H.
Naim, et al., 2021; Tadese et al. 2020). Based on (Fig. 9a-
c), the relation of LST is associated with an inverse change
in NDVI and NDWI. Conversely, the NDBI shows a posi-
tive rise. The LST temperatures in the east-south-central
region are higher, whereas the southeastern region receives
a higher LST due to construction projects and built-up areas.
These places retain more heat because they are impervious
and do not allow heat to escape as easily as the neighbor-
ing regions. Furthermore, this research discovered that both
the NDWI and NDVI exhibit a decrease throughout the
specified time frame of (2009-2023). The NDBI showed
an increasing trend in the LST suggesting significant urban-
ization occurring outside the research region. (Fig. 9a-c)
illustrates a regression study including the five variables
mentioned: LST, NDVI, NDWI, month, and NDBI. Con-
versely, the study area exhibited a lower level of urbaniza-
tion. According to (Rahman et al. 2020), the NDWI result
indicated a decrease in air humidity and hydraulic stress in
2012 (Byomkesh etal. 2012; Dewan et al. 2012). In contrast,
the NDBI value exhibited a progressive increase, which cor-
responded to greater LST values (Fig. 9a-c). The regression
analysis and multiple correlation analyses reveal that LST
has a robust and positive association with NDBI, whereas
it demonstrates a substantial, low-impact relationship with
NDVI, NDWI, and NDBI (Fig. 9a-c). LST indices, with
R? values of (0.42—0.68) for NDVI and NDWI (negative
correlation) and (0.04—0.26) for NDBI (positive correla-
tion). The R? values ranging from 0.42 to 0.68 for NDVI
and NDWI, which exhibit a negative correlation, indicate a
reduction in vegetation and water bodies and the same eval-
uation has been shown in (Kafy et al. 2020). Conversely, the
NDBI value ranges from 0.04 to 0.26, indicating a positive
connection that shows an increase in built areas owing to
heightened urbanization in DMDP regions. Economic fac-
tors such as land subsidies, price escalations, and taxation
influence human decision-making and land utilization (Kafy
et al. 2020).

Table 4 demonstrates the correlation coefficient, which
indicates the degree of influence one component has on
another variable. To dive more into the correlation of indi-
ces, in 2009, the correlation between LST and NDBI is
weak (R? =0.04733) (Table 4), suggesting minimal linear
association between urban built-up areas and surface tem-
perature during this period. The correlation between LST
and NDVI suggests a moderate positive correlation (R? =
0.42608). This indicates a stronger relationship between
vegetation and LST, where increasing vegetation likely
influences surface temperature patterns to some extent.
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Table 4 The coefficient of correlation between LST and NDVI, NDVI,
NDBI in the research area

2009 LST NDBI NDVI NDWI
LST 1

NDBI 0.04733 1

NDVI 0.42608 0.03933 1

NDWI 0.32443 -0.09873 0.23329 1

2016 LST NDBI NDVI NDWI
LST 1

NDBI 0.52373 1

NDVI 0.23431 -0.18676 1

NDWI -0.68707 0.1159 -0.81981 1

2023 LST NDBI NDVI NDWI
LST 1

NDBI 0.62234 1

NDVI 0.06063 0.01234 1

NDWI -0.0892 -0.23604 -0.8955 1

LST also shows a moderate positive correlation with NDWI
(R? = 0.32443). This suggests that water bodies have some
influence on LST, possibly reflecting cooling effects from
water presence (Figs. 4 and 8). This overall correlation
with LST in the year 2009 indicates that the presence of
the water bodies, and green areas in the research region is
growing due to the abundance of built-up areas. In 2016,
the correlation between LST and NDBI strengthens signifi-
cantly compared to 2009, indicating a stronger association
between built-up areas and rising surface temperatures as R?
= 0.52373. This could lead to increased urbanization and its
heat island effect. Consequently, the relationship between
LST and NDVI weakens (R? = 0.23431) compared to 2009,
suggesting that the impact of vegetation on surface temper-
ature may have lessened or become more complex during
this period. The correlation between LST and NDWI (R?
= -0.68707) becomes strongly negative. This means that as
the presence of water bodies increases, surface temperatures
tend to decrease, indicating a cooling effect of water in this
period possibly due to heavy rainfall and more greening of
the adjacent vegetations as seen on the northeastern part of
the study area. In 2023, the positive correlation between
LST and NDBI (R?* = 0.62234) continues to strengthen,
showing a strong association between urban built-up areas
and increasing surface temperatures, likely due to further
urbanization. On the other hand, correlation between LST
and NDVI (R? = 0.06063) drops to near zero, indicating a
very weak relationship between vegetation and surface tem-
perature in 2023. The negative correlation between LST and
NDWI (R? = -0.68707) becomes weaker compared to 2016.
While water still has a cooling effect on surface temperatures,
the relationship is much less pronounced than in the earlier
period. Temperature has increased in the northwestern part
of the study area while decreased in the upper regions (Figs.
4, 8 and 10). While the major structural construction has
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started in the lower (southeast) region of DMDP area, and
the upper (northeastern) region has already lost vegetation
in earlier years; the correlation reflects the probable con-
nection of changing pattern of LST in these two regions.
Overall, the land use and land cover played a significant role
in these changing patterns of temperature in DMDP. LST
rises with growth in urbanised and barren terrain, whereas it
diminishes with the expansion of forests, agricultural land,
wetlands, and water regions (A.-A. Kafy et al. 2021; A.-A.
Kafy, M. N. H. Naim, et al., 2021). According to the find-
ings, there has been a significant decrease in green areas
and a corresponding increase in built-up regions, resulting
in a substantial shift in surface temperature. The rapid tran-
sition from vegetation and waterbody regions to built-up
and urban areas is significantly impacting the (LST) in a
more vulnerable manner this year. This unfavorable connec-
tion was the greatest seen throughout the research period.
Because of the intricate nature of landscape conditions, the
LST-NDBI constructs robust relationships, and it indicates
that the LST-NDVI and LST-NDW!I tend to have somewhat
weaker correlations.

4.6 Relationship between LULC and LST

The outermost layer of the Earth comprises various land
coverings, including structures, manufacturing regions,
roadways, forests, exposed soil, and waterways (such as
rivers, canals, and ponds) (Dewan et al. 2012). The electro-
magnetic radiation emitted by these interface elements can
be detected and measured using remote sensing technology,
namely via the use of land surface temperature LST mea-
surements (A.-A. Kafy et al. 2021; Kafy et al. 2020). The
entire study area demonstrated LULC and LST, as shown in
(Figs. 4 and 10), which depict the median LST for each type
of LULC. The central portion of the study region in 2009
experienced a greater concentration of LST values due to the
presence of the main metropolitan area. On the contrary, the
urban area (149.563 km?) has increased, whereas the total
area of vegetation (69.563 km?) and waterbodies (80.3461
km?) have decreased (Table 3). During these periods (2009—
2023), there was a decrease in greenery in the northeastern
region, which was higher after 2016 while the urban area
expanded. This had a significant impact on the whole city
temperature, and the north-east area shows the high effect of
LST. Figure 9(a-c) demonstrates that the NDBI has grown
in the main metropolitan area, which comprises most of the
developed areas. In 2009, the average peak LST was around
34 °C, which rose to above 36 °C in 2016 and over 38 °C
in 2023. The rise in NDBI corresponded to an increase in
temperature after 2016, whereas vegetation and water areas
had a decline during this time.
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4.7 LST prediction for 2030

The LULC scenarios, the research period from 2009 to
2023 shows a noticeable change in the study area’s LST.
Hence, the LST was simulated for three different periods
2009, 2016 and 2023 (Fig. 10a-c). The random foresthis-
torically estimated LST data patterns to forecast future LST
trends in the study area (Fig. 10a-c). Since the simulation
was based on previous LST regression analysis (Fig. 10¢)
trends from to 2023, the prevalence of higher LST in urban
areas had an impact on the simulation. The effect of green-
house gases on global warming and changes in surface fea-
tures are other factors that may contribute to an increase in
LST, even in the absence of rapid urbanization. The scat-
terplots in (Fig. 10e) demonstrate the comparison between
the observed LST and the predicted LST applying the LST
framework. The regression coefficient of determination (R?)
for the model-predicted vs actual values is 0. 0.953, which is
greater than the R? scores of the LULC indexes vs LST (Fig.
10e). The abbreviation (Fig. 10e) denotes that there exists
a robust correlation among the actual and projected values
in the model. Based on this investigation, it is evident that
the LST model produced LST values that were very near
to the real values. Figure 10e displays the scatterplots that
compare the observed LST with the predicted LST obtained
from the LST model. The coefficient of determination (R?)
reaches the high range on prediction 0.61 (Fig. 10e), indi-
cating a robust correlation between the actual and model-
predicted variables. Based on this investigation, it is evident
that the LTS model produced LST values near the actual
values. Therefore, the model is suitable for making highly
accurate predictions of LST. Hence, the model utilizes LST
impacts. Based on the provided graphs and scatter plots, it
can be inferred that the model can accurately forecast LST
values. Therefore, it can be inferred that the model is suit-
able for making very accurate predictions of LST, as seen in
(Fig. 10d). The LST was lower, as shown by (Fig. 10a), in
places where urban development in the north-south direc-
tion was similarly low, as shown in Fig. 7a. However, the
urban growth in these areas rose between 2015 and 2016
due to the DMDP project and it directly effects the ecosys-
tems. Ecosystems are complex spatial-temporal human-
environment interactions. Temporal elements are as crucial
as spatial ones in landscape change in this research, which
impact LST beyond the physical LULC changes (Figs. 4
and 10). Ecological and socioeconomic factors influence
these changes. Multiple socioeconomic concerns were
analyzed by including data on demographics, employ-
ment, economics, infrastructure’s economic structure, and
government (Islam et al. 2015). The relationships between
intervals of land-cover data and socioeconomic indicators
were analyzed using redundancy analysis. The correlation
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coefficients have been applied to ascertain critical socio-
economic variables of land-cover alterations(Ismail and
Jusoff 2008). The findings indicated that a significant pro-
portion of variation in land-cover data may be attributed to
socio-economic variables. Land-cover change types may be
described by combinations of essential socio-economic fac-
tors. The indicators may assist in reconstructing land-cover
changes in different locations. Consequently, they provide a
foundation for the establishment of ecologically sound land-
cover management processes. This rise in urban growth had
an impact on the total temperature of the city, as seen in
Fig. 10b.According to (Fig. 10c), where LULC change was
higher, and it indicated that (Fig. 8) vegetation and water-
body are also lower. On the other hand, urban and build up
area has also increased in 2030 with temperature rise is upto
41 °C which is higher than last several years. Based on the
provided graphs and scatter diagrams, it can be inferred that
the model has the ability to accurately forecast LST values.
The predictive results demonstrate that LST has risen in
the past few decades (2009—2023), with urbanised regions
contributing to the prevalence of elevated LST. The expan-
sion of metropolitan areas and a significant reduction in plant
cover would substantially elevate land surface temperatures,
hence exacerbating urban heat island effects. In the absence
of urbanization, potential factors contributing to the increase
in temperature include changes in greenhouse effects, cli-
mate change, and surface features. The projected land surface
temperature revealed the actual dangers associated with the
ongoing temperature increase, including intensified urban
heat island impacts. Power consumption, elevated emissions
of greenhouse gases, and air pollution together exacerbate the
UHI impact, endangering aquatic ecosystems (rivers, lakes,
ponds, streams, and seas) and presenting risks to human
health. Elevated greenhouse gas emissions predominantly
detriment human health, diminish urban health quality and
compromise the environmental sustainability of cities.

5 Limitations

The SVM has been used in this research for LULC analy-
sis and it robust the adaptable machine learning technique,
but with constraints like computational cost, hyperparameter
optimization, and uneven class distributions. Notwithstand-
ing these factors, it provides precise classification and pre-
diction answers across several domains, establishing it as a
fundamental approach in machine learning. In here for LST
analysis, RF with an ensemble method, provides precise fore-
casts; nevertheless, its intricate decision-making process,
processing demands, and hyperparameter optimization might
diminish interpretability. It may encounter difficulties with
skewed datasets. Even cloud covering was a major issue for
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these kinds of studies (Tadese et al. 2020; Yin et al. 2010) but
in here it was tried to be declined (~ 2%). The overall system
does not have any criteria that have been set for the individual
weighting of each parameter that is supplied as input (Kafy et
al. 2020). However, it is not feasible to make predictions with
a 100% reliability about changing events like as urbanization,
the loss of green cover, and the increasing number of surface
temperatures. This is due to the fact that these phenomena are
primarily influenced by the activities of humans and rational
choices made at the regional to metropolitan level.

6 Conclusion

This study utilized Landsat satellite images to observe and
reflect the alterations in LULC in DMDP, Bangladesh. The
study demonstrated that there has been an extensive change
in LULC in the DMDP area from 2009 to 2023. The most
notable changes occurred in the conversion of vegetation
and waterbody areas. During this time frame, the vegetation
area decreased by 16.7081% (61.3461km?) and the water-
body area decreased by 51.713% (80.3461km?). Conversely,
settlements in cities witnessed a significant rise of 67.81%
(149.563km?). The growth of urban regions was particularly
intense in the north, south, and east directions. LST also has
a strong co-relationship with NDBI where there is a lower
correlation, and it revealed that build-up area is increasing
on the other hand vegetation and waterbody are decreasing.
That resulted in the LST value increasing where the average
value was (37 °C to 39 °C) and the predicted value has been
increased to 41 °C. This rapid urban expansion, achieved by
transforming the earth’s resources, has significant environ-
mental impacts, including the reduction of ecological ser-
vices, and a decline in land available for agricultural output,
the rise in extreme temperatures, and the emergence of asso-
ciated with illness. The growth of urban areas is resulting of
ecological consequences, including the depletion of biodi-
versity, the intensification of heat waves, and the emergence
of health problems. To address these problems, it is nec-
essary to implement adaptive land management plans that
use satellite imagery detail planning DMDP. This research
aims to assist the authorities, policy makers, lawmakers, and
city planners in using the microlevel directional strategy in
DMDP. This DMDP dynamic modeling indicates how can
reduce urban heat island effects by incorporating LULC
modeling, promoting greening, and implementing sustain-
able urban layouts, thereby creating a cooler, pedestrian-
friendly environment. The goal is to create livable cities,
preserve water bodies, and plan urban construction in a way
that is equitable and ecologically responsible for DMDP.
Future research may examine the possibility of includ-
ing other spectral measurements, such as the Soil Adjusted

Vegetation Index (SAVI) or the Enhanced Vegetation Index
(EVI), by establishing a correlation between LST and these
different indices. There is a possibility that it will provide
an improved relationship with the LST in some regions. In
addition, the use of indices that place a focus on anthro-
pogenic causes, such as the Oblivious Surface Area Index
(ISA), may give a more comprehensive understanding of the
human impacts that are exerted on LST with urbanization.
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