Remote Sensing Applications: Society and Environment 18 (2020) 100314

Contents lists available at ScienceDirect

Remote Sensing Applications: Society and Environment
journal homepage: http://www.elsevier.com/locate/rsase

Modelling future land use land cover changes and their impacts on land
surface temperatures in Rajshahi, Bangladesh
Abdulla - Al Kafy a, b, *, Md. Shahinoor Rahman d, e, Abdullah-Al- Faisal a, c,
Mohammad Mahmudul Hasan a, Muhaiminul Islam a
a

Department of Urban & Regional Planning, Rajshahi University of Engineering & Technology (RUET), Rajshahi, 6204, Bangladesh
ICLEI South Asia, Rajshahi City Corporation, Rajshahi, 6203, Bangladesh
Climate Change and Disaster Management Division, Center for Environmental and Geographic Information Services (CEGIS), Dhaka, 1212, Bangladesh
d
BUET-Japan Institute of Disaster Prevention and Urban Safety, Bangladesh
e
Center for Spatial Information Science and Systems, George Mason University, Fairfax, VA 22030, USA
b
c

A R T I C L E I N F O

A B S T R A C T

Keywords:
Land use and land cover
Land surface temperature
NDBI
Markov chain
Artificial neural network

Urbanization causes enormous land use and land cover (LULC) changes, which creates a significant impacts on
land surface temperature (LST) in rapidly growing mega-cities. The substantial increment of the LST creates
urban heat island (UHI) effects in cities. This study first identified the pattern of the LULC changes, and later,
investigated their impacts on LST in Rajshahi City Corporation (RCC) areas for the years of 1999, 2009 and 2019
using Landsat TM/OLI satellite images. This study explored the impact of LULC change on LST through LST
distribution in different land use categories, cross-section profile of LULC wise LST variability, and a correlation
between LULC indexes (NDVI, NDBI, NDBaI & NDWI) and LST. The Multi-Layer Perceptron-Markov Chain (MLPMC) and Artificial Neural Network (ANN) methods were utilized to simulate the LULC and LST maps, respec
tively, for the years of 2029 and 2039. The accuracy of LULC and LST simulation models are more than 85% and
90% , respectively, based on the validation results. Simulation results show if the current trend of urban growth
continues, 70% and 88% of RCC area will experience temperature more than 38 � C in 2029 and 2039, respec
tively. Such impacts need to be considered and evaluated immediately for ensuring sustainable urbanization and
natural resource management in the RCC area. This study will be helpful for urban planners and environmental
engineers to understand the impacts of LULC change (e.g. loss of vegetation cover, agricultural land and water
bodies to accommodate extensive urban growth) on LST and to propose appropriate policy measures to control it.

1. Introduction
Cities are the engines of development. The pathway to the devel
opment accelerates urbanization (Habitat, 2016;Rahman et al., 2018).
Urbanization creates pressure in cities and brings changes in ecosystems,
biodiversity, landscape and environment (Bahi et al., 2016; Habitat,
2016; McKinney, 2002). Although urbanization is a sign of economic
development and prosperity, it also creates short and long-term negative
consequences in cities (Celi et al.k et al., 2019; Maimaitiyiming et al.,
2014). A long term consequences ofland use/land cover (LULC) change
is the increment of land surface temperature (LST) in cities (Maimai
tiyiming et al., 2014; Mallick et al., 2008). LULC change is one of the
major causes of rising cities LST, which is accelerated by urbanization

and roots for conversion of wetland, vegetated and agricultural surfaces
into built-up area (Halmy et al., 2015; Lilly Rose and Devadas, 2009;
Mishra and Rai, 2016; Pal and Ziaul, 2017; Tran et al., 2017; Zhou et al.,
2011; Zine El Abidine et al., 2014). Studies show that urban areas usu
ally have 2–4 � C more LST compared to surrounding rural areas (Lai and
Cheng, 2010). The concentration of temperature is directly influenced
by many factors including horizontal and vertical urban expansion,
building materials, distance between buildings, positions of public pla
ces, highways, bus stops, large, small industrial hubs and so on (Ahmed
et al., 2013; Chen et al., 2006; Durand et al., 2011; He et al., 2007; J. Li
and Zhao, 2003; Pal and Ziaul, 2017). The changes in LULC subse
quently increase the LST to form urban heat island (UHI) which have
direct linkage with high energy consumption, air pollution, and human
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Fig. 1. Location of Rajshahi City Corporation a) In Bangladesh b) Rajshahi City Corporation.

health risks. (Ahmed et al., 2013; Ogashawara and Bastos, 2012; Pal and
Ziaul, 2017). The systematic implementation of policies to the mitiga
tion of UHI is a crucial priority for the improvement of living environ
ments, public health, and community well-being.
The application of Remote Sensing (RS) and Geographic Information
System (GIS) technologies has been flourished for measuring the LULC
and LST changes in urban areas. (Ahmed, 2011b; Balogun and Ishola,
2017; Lilly Rose and Devadas, 2009). GIS and RS applications receive
enormous attention to study ecosystem change, biodiversity and global
climate change (Al-Hathloul and Rahman, 2003; Celik et al., 2019; J. Li
and Zhao, 2003; Streutker, 2003). Change detection in LULC scenarios
and LST monitoring through direct field visits are time-consuming, la
bour intensive, and error-prone (Hart and Sailor, 2009; Lilly Rose and
Devadas, 2009). Besides, the integration of RS and GIS technologies is
efficient to evaluate, monitor, and model LULC and LST changes (Fu and
Weng, 2018; Niyogi, 2019; Thapa and Murayama, 2009; Trolle et al.,
2019). In addition, the spatiotemporal modeling of LULC and LST

dynamics has drawn significant exposure in the solution of the land
cover change and temperature increase related problems, due to the
advancement of statistical algorithms with remotely sensed data
(Ahmed et al., 2013; Celik et al., 2019; Fu and Weng, 2018; Gaur et al.,
2018; M. Rahman, 2016; Tewolde and Cabral, 2011; Zine El Abidine
et al., 2014). Researchers studied LST characteristics (per LULC cate
gories) in different urban contexts using the available thermal infrared
sensors at various spatial resolutions (Ahmed, 2011a; Celik et al., 2019;
M. Rahman, Aldosary and Mortoja, 2017).
The simulation of LULC and LST change are spatial in nature, which
requires a spatial strategical approach. For ensuring sustainable devel
opment, the simulation of LULC and LST scenarios have been playing an
important role by providing the status of current and future needs of
developments (Handayanto et al., 2017; Steiner, 2012; UN, 2015). A
number of spatially explicit models such as Multi-layer Percep
tron-Markov Chain (MLP-MC) (Al-sharif & Pradhan, 2014; Arsanjani
et al., 2013), Cellular Automata (CA) (Al-sharif & Pradhan, 2014; Hu
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and Lo, 2007) and Artificial Neural Network (ANN) (Bhatta, 2010;
Maduako et al., 2016; Mozumder and Tripathi, 2014; Pijanowski et al.,
2002) have been utilized for the accurate simulation of future LULC and
LST in urban areas by integrating RS and GIS techniques. The MLP-MC
consists of three layers including input, output, and a number of hidden
layers, whichpredicts LULC transition with the assistance of the previous
LULC chages (Al-sharif & Pradhan, 2014; Alqurashi et al., 2016; Mishra
et al., 2018; M. Rahman et al., 2017). The MLP-MC model also generates
a transition matrix by examining qualitative LULC maps of two different
years (Maduako et al., 2016; Mishra and Rai, 2016; Mishra et al., 2018).
The transition matrix will perform as a framework for predicting the
future LULC change scenarios. The MLP-MC model also derives the
likelihood that a cell (pixel) will transfer from one category of LULC
(state) to another within a specific time period from the observed data
(Atkinson and Tatnall, 1997; Eastman, 2009, 2012). CA model describes
the process according to a series of transition rule based on the previous
state of the cells within a neighbourhood (Al-sharif & Pradhan, 2014; Pal
and Ziaul, 2017). Moreover, ANN is a non-parametric technique influ
enced by the human biological nervous system that can measure and
model dynamic non-linear trends (Maduako et al., 2016; Mas and Flores,
2008; Pijanowski et al., 2002). In recent years, a number of studies have
already been applied different integrated modelling approach to identify
the relationship between LULC and LST (Ahmed, 2011a, 2011b; Ahmed
et al., 2013; Al-sharif & Pradhan, 2014; Celik et al., 2019; Fu and Weng,
2018; Mishra et al., 2018). Mishra et al. (2018) recently assessed and
compared the application of the Stochastic Markov Chain (ST-MC), CA
and MLP-MC models to observe, simulate and predict future LULC sce
narios in the district of Varanasi, India (Mishra et al., 2018). Rahman
et al. (2017) used Landsat imageries and CA model to investigate the
effects of LULC changes on LST for the Saudi Arabia Eastern Coastal City
of Dammam (M. Rahman et al., 2017). Maduako, Yun and Patrick
(2016) simulate d and predicted the future LST trend in Ikom city of
Nigeria using the ANN method (Maduako et al., 2016). For, Bangladesh,
Ahmed et al. (2013) first calculated decadal shifts of LULC and LST from
Landsat sensors in Dhaka metropolitan area. Eventually, they modelled
the city’s growth and simulated the built-up area LST for 2029 (Ahmed
et al., 2013). Islam and Ahmed (2011) also evaluates and predicted the
LULC change using MLP-MC techniques in Dhaka City (Islam and
Ahmed, 2011). Furthermore, Zine El Abidine et al. (2014) modelled,
urban heat waves in Middle Eastern cities (Qatar) by establishing cor
relations between LST and LULC categories (Zine El Abidine et al.,
2014). Rasul et al.(2015) also focused on a parallel study using Landsat 8
data to compare LST with various LULC categories in the Iraqi city of
Erbil. (Rasul et al., 2015).
Although there is a significant number of research which modelled
the future LULC scenarios. Simulation studies both for LULC and LST are
still limited. Based on the literature review, no studies have been carried
out in Rajshahi City Corporation, Bangladesh, to predict the LULC sce
narios and their effect on LST. The present study aims to use Landsat
satellite images to examine the spatial and temporal trends of LULC and
LST change in Rajshahi city over the past two decades (1999, 2009 &
2019). This study aims to investigate LST distribution associated with
LULC categoris, cross section profile of LULC wise LST variability, and
association between LULC indexes (NDVI, NDBI, NDBaI & NDWI) and
LST. This study also aimes to model future LULC change and LST based
on the change in LULC and LST scenarios from the last two decades for
the years 2029 and 2039. In developing and improving sustainable
ecosystems, this type of analytical research can be used significantly in
many sectors. The overview of the study area, along with the detailed
methodology will be described in Sections 2 and 3. Section 4 will
illustrate the results and discussions. Finally, Section 5 will discuss the
concluding remarks and the pathways for further study.

2. Study area
Rajshahi City Corporation (RCC), a divisional headquarter of
Bangladesh, is chosen for this study .Geographically, the location lies
between latitude 24� 070 to 24� 430 N and longitude 88� 170 to 88� 580 E,
covering an area of approximately 48 km2 (Fig. 1). It is situated at the
bank of the Padma River. It is recognized for many years of being a
hotspot in culture, heritage and natural beauty. It sits physiographically
in the middle plain of Padma and is very fertile and abundant in the
production of rice and mango (BBS, 2013; Clemett et al., 2006; RDA,
2003). During April and May RCC experiences the highest temperature.
The minimum temperature varies from 10 � C to 27� C and the maximum
temperature varies between 24� C to 40� C (BBS, 2013; Kafy et al., 2019;
RDA, 2003, 2008). According to the Bangladesh Meteorological
Department (BMD), average annual rainfall in RCC area is 1419 mm.
Entire year is subdivided into four seasons (1) winter (mid-December to
February), (2) pre-monsoon (March to May) with minimal rainfall, high
temperatures and evaporation, (3) monsoon (June to mid-October) with
moderate rain and high temperatures and (4) post-monsoon (mid-
October to December) with slow decreases in rainfall and temperatures.
(Clemett et al., 2006; Ferdous and Baten, 2011).
The rapid and haphazard urban expansion is a serious concern of
policy makers in Bangladesh. The growth of RCC is also haphazard and
mostly unplanned. The total number of population in the RCC is
4,49,756 with a population density of 9370 people per km2 (BBS, 2013).
While in 2001, RCC had a population of 3,88,811 with density per km2 is
8100 (BBS, 2013). Large scale rural-to-urban migration and rapid ur
banization are among the most significant reasons for population growth
in the RCC area. The history of land use in this area shows that over 27%
of the vegetation area has been lost in the last 50 years due to rapid
urbanization (Kafy et al., 2019; RDA, 2003, 2008).
3. Methodology
3.1. Data description
For the period of 20 years from 1999 to 2019, three Multi-spectral
Landsat satellite data were acquired from the United States Geological
Survey (USGS) to measure the LULC change and LST in the study area.
All the satellite images were downloaded for April to May to avoid the
consequence of seasonal variation (Kafy et al., 2019). The maximum
cloud cover was set to <10% in image downloade process to have cloud
free images. Although cloud cover for all Landsat scenes were set as
<10%, but it was close to zero over the studied region. Since Landsat
satellite data is free of radiometric and geometric distortions, there was
no additional geo-rectification or image-to-image registration needed
for image pre-processing (Kafy et al., 2019 ). USGS also resampled and
provided up to 30 meter of all Landsat thermal bands to align with the
sensor multispectral bands (NASA, 2017). Information of the images
acquired from the USGS online data repository (date, sensor, spatial
resolution, cloud cover, and Path/Row) are shown in Table 1.
3.2. Multi-temporal land cover mapping
The collected satellite images were enhanced in Erdas Imagine V.15
Software via (3 � 3) majority filter techniques for better visibility. True
Color Composite (TCC) was generated using suitable combinations of
bands for all the images to select training samples for different LULC
classes (d’Entremont and Thomason, 1987; Good and Giordano, 2019).
The images obtained from Landsat are classified into four broad LULC
classes (water body, built-up, vegetation & agriculture land and bare
land) for the year of 1999, 2009, and 2019 based on the Maximum
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Table 1
Information on Landsat satellite images. Source: US Geological Survey, 2019
Respective Year

Date Acquired

Sensor

Path/row

Multi-Spectral
Band Resolution

Thermal Bands Resolution

Cloud cover

1999
2009
2019

31st May 1999
8th April 2009
6th May 2019

TM
TM
OLI

138/43

30 m

120 m (resampled to 30 m)
120 m (resampled to 30 m)
100 m (resampled to 30 m)

Less than 10%

Step 1: Landsat-8 thermal infrared sensor (TIRS) band 10 and 11 and
OLI sensor of band 2–5 individually were used to transform the raw
image into a spectral radiance (SR) image by equation (6) (Rasul
et al., 2015; Rozenstein et al., 2014; Scarano and Sobrino, 2015).
�
�
Lmax Lmin
(6)
� Band þ Lmin
L¼
DNmax

Table 2
Description of land cover catagories.
Land cover types

Description

Water bodies
Built-up

River, wetlands,lakes, ponds and reservoirs.
Residential, commercial and industrial services,
transportation network
Park, playground, trees, grassland, cropland and
fallow land
Vacant land, open space, sand, bare soils and landfill
sites

Vegetation and
Agricultural land
Bare land

where,
L ¼ Atmospheric SR in watts/(m2 � srad � μm)
Lmax ¼ Maximum SR of respective
BandLmin ¼ Minimum SR of respective Band
DNmax ¼ Qcal max – Qcal min ¼ maximum and minimum difference of
sensor calibration
Step 2: Using the thermal constants given in the metadata file, the
TIRS band data has converted from SR to BT once the DNs are con
verted to SR. The equation (7) was used to convert reflectance to BT
(Gutman et al., 2013; NASA, 2017).

Likelihood Supervised Classification (MLSC) technique (Table 2).
Around 25 samples were collected in order to produce LULC maps for
each LULC class. The accuracies of land cover maps were evaluated
through 180 ground truths from attainable field data and Google Earth
images. These 180 pixels were choosen through randon sampling pro
cess. The Kappa statistics and confusion matrix were calculated for ac
curacy assessment, which is thought one of the best quantitative
measures for image classification accuracy (Foody, 2002; Pontius Jr and
Millones, 2011; Story and Congalton, 1986).

BT ¼

3.3. Derivation of land surface temperature

V
ðRmax
255

NDVI ¼

Rmin ¼ 0.1534 (mW � cm

2

2

(3)

1

� sr )

In second step, the RTM6 was converted to LST in Kelvin by equation
(4):
Tk ¼

0

K1

Step 5: After calculating the PV, the Land Surface Emissivity (LSE)
was calculated by equation (10) (Avdan and Jovanovska, 2016; Roy
et al., 2014):

(4)

1

B K2
C
Ln@RTM6
þ 1A

LSE ¼ 0:004 � PV þ 0:986

=b

where, K1 (constant) ¼ 1260.56 K and K2 ¼ 607.66 (mW � cm

μm 1); b (spectral range) ¼ 1.239(μm).

2

� sr

1

 273

(10)

Step 6: LST was calculated in degree Celsius both for band 10 and
band 11 using the by equation (11) and (12) (Avdan and Jovanovska,
2016; Roy et al., 2014; Yu et al., 2014):

After deriving the LST in Kelvin unit it was converted to degree
Celsius from equation (5):
T0C ¼  Tk 

(8)

Step 4: Using the minimum and maximum NDVI value the Propor
tion of Vegetation (PV) was estimated by equation (9) (Roy et al.,
2014; Yu et al., 2014):
�
�2
NDVI NDVImin
PV ¼
(9)
NDVImax NDVImin

(2)

� sr 1)

NIRðBand5Þ RðBand4Þ
NIRðBand5Þ þ RðBand4Þ

where, the Range: -1 < NDVI < þ 1.

where, V represents DN of band 6, and
Rmax ¼ 1.896 (mW � cm

(7)

Step 3: The calculation of NDVI is an important factor to estimate the
LST for Landsat 8 images (Roy et al., 2014; Weng et al., 2004). Thus
the equation (8) was used for calculating NDVI.

(1)

Rmin Þ þ Rmin

273:15

where, K2 and K1 represents the band-specific thermal conversion con
stants, BT ¼ Brightness temperature in Celsius.

After completion of geometric and radiometric correction, Landsat
thermal bands, were used to derive the LST for the year 1999, 2009 and
2019. Landsat sensors collect and store thermal data as digital numbers
(DNs) (Chander et al., 2009). This study followed a three-step process to
convert available DNs into LST for Landsat 5 TM, and a seven steps
process for Landsat 8 OLI images.
For the estimation of LST for Landsat 5 TM images in the first step,
the DNs of band 6 was converted to radiation luminance (RTM6) by the
equations (1)–(3) (Coll et al., 2009; Kumar et al., 2012; Li et al., 2004;
Zhi-hao, Wen-juan, Ming-hua, Karnieli and Berliner, 2011):
RTM6 ¼

K
� 2 �
K1
Ln Lλ þ 1

(5)

LST ¼

In this study, the following seven steps were followed to derived the
LST from Landsat 8 OLI thermal bands.

BT
f1 þ ½λBT=ρ�lnðLSEÞg

(11)

where, λ is the wavelength of emitted radiance and ρ was calculated as:
4
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Fig. 2. LULC change and urban growth contributing factors a) Digital Elevation Model b) slop c) aspect d) proximity to built-up area (e) proximity to major roads and
(b) proximity to river and water bodies.

and the potential simulation of LULC transformations between the LULC
categories (Dzieszko, 2014; Eastman, 2012). Both static and dynamic
aspects of LULC change were covered by MLP-MC model and known as a
reputed LULC change prediction model for its higher accuracy (Balogun
and Ishola, 2017; Mishra and Rai, 2016; Ozturk, 2015). The LULC
change prediction was based on the dependent and independent vari
ables. In this study, a total of six dependent variables such as DEM, slope,
aspect, distance from major roads, distance from built-up area and dis
tance from the water bodies were considered (Fig.2). LULC maps were
considered as an independent variable for 2009 and 2019 (Fig. 4b and
c).
This study derived elevation, slope, and aspect from SRTM-DEM
using ArcMap V10.6 software. The DEM ranges from lowest value 7 m
to the highest value 43 m from mean sea level (MSL) in the study area.
The Slope and aspect maps indicate a more or less flat surface presence
in the study area (Fig. 2b and c). Distance to main roads, constructed
areas, and water bodies were calculated using vector layers from the
open street map (OSM). The distance from the built-up area map in
dicates a very high urban growth in the core area and less growth in the
north-east direction of the city (Fig. 2e). Most of the urban areas have
modest to very small road densities. (Fig. 2d). The proximity to water is
another important factor for the urban development. Distance from
built-up areas and major roads contributes mainly the LULC change and
accelerate the urban growth in the study area (Table 3).
The independent and dependent variables stated above were used as
input parameters to generate the transition potential matrix. The tran
sition matrix analysis generates empirical likelihood image which esti
mated the probability of change between different LULC. The random
sampling method was applied using the maximum iteration of 500 and
neighbourhood of 3 � 3 cells i.e. 9 cells. After the generation of tran
sition potential matrix and empirical likelihood image, the MLP-MC
model was applied to simulate the LULC maps for 2029 and 2039
using IDRISI selva V17 software.

Fig. 3. ANN model architecture.

c

ρ ¼ h ¼ 1:438 � 10 2 mk
σ

(12)

where,
σðBoltzmann  constantÞ
¼
1.38
�
10 23
J/
34
K, hðPlanck’s  constantÞ ¼ 6.626 � 10
J s, and c (velocity of light) ¼
2.998 � 108 m/s (Roy et al., 2014; Scarano and Sobrino, 2015).
Step 7: A combined average of LST for Band10 and Band 11 obtain by
equations (11) and (12) using cell statistics in ArcGIS V10.5 was
calculated to estimate the LST for Landsat 8 images.
3.4. Future land cover simulation
Multi-layer Perceptron-Markov Chain (MLP-MC) neural network
method was applied to predict future LULC changes using the Land
Change Modeler (LCM) tool in IDRISI Selva V.17 software. The LCM is
an important tool for evaluating gains and losses, net shifts, detection
5
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Fig. 4. LULC maps of the study area estimated from Landsat data for years a)1999, b) 2009 and c) 2019.

2013; Maduako et al., 2016). In this study, simulation model of LST was
performed using LULC images, NDVI, NDBI, Latitude and Longitude as
input parameters and LST as output parameter (Gopal and Woodcock,
1996; Maduako et al., 2016). For the better performance of the model,
the data in the pixel value of images were converted into discrete data in
Arc GIS V10.6 software. A sequence of past years LST values are supplied
to the network as input vectors to produce forecasts for 2029 and 2039.
(Patil et al., 2013). The LST prediction model architecture is shown in
Fig. 3.
The prediction model can be applied for further LST prediction sce
narios if the validation of the model provides a conclusive result. A
statistical similarity was carried out for model validation by comparing
the predicted and observed results of LST for the year 2009 and 2019.
Also, ANN produced higher values in Regression (R) analysis and lower
values in Mean Square Error (MSE) analysis which indicates best-fitted
€ck, 2003;
prediction model (Freund et al., 2006; Heinzl and Mittlbo
Shatnawi and Abu Qdais, 2019). Besides, this ANN provides high ac
curacy graph by providing area under curve (AUC) of the receiver
operating characteristic (ROC) which helps to identify the higher ac
curacy of LST prediction model (Park et al., 2004; Zou, O’Malley and
Mauri, 2007).

Table 3
Contribution of different parameters at each period of simulation.
Parameters

1999–2009

2009–2019

2019–2029

2029–2039

0
1
1
9
10
4

1
2
0
13
15
6

1
2
1
12
13
4

2

km
DEM
Slope
Aspect
Built-up area
Road effect
River and water bodies

1
2
0
7
11
5

To ensure the model acceptance in predicting LULC change for a
projected year, a validation process was performed using the existing
database. The MLP-MC model was validated to simulate LULC of the
year 2019, which is compared to the estimated LULC map of the same
year. The validation process was performed in the IDRISI selva software
producing several Kappa (K) parameters: kappa for grid cell level loca
tion (Klocation), kappa for no information (Kno), kappa for stratum-level
location (KlocationStrata) and kappa standard (Kstandard) (Cohen, 1960;
Mishra et al., 2018; Pontius Jr and Millones, 2011). In addition,
MOLUSE plugin was used in the QGIS software to validate the model by
calculating the overall kappa coefficients and the percentage (%) of
correctness between the 2019 classified and predicted LULC map.

4. Result and discussion
As per methodology (in section 3), the multi-year LULC pattern,
spatio-temporal distribution of LST and simulation of the future distri
bution maps of both LULC and LST were estimated for the study area.
The results are presented in the folowwings sub-sections.

3.5. Simulation of the future land surface temperature
An Artificial Neural Network (ANN) was used to predict the LST for
the years 2029 and 2039 with the assistance of MOLUSE plugin in QGIS
3.1 software. ANN is an effective approach which helps in time series
forecasting of future LST using previous years datasets (Z.-L. Li et al.,

Table 4
Accuracy assessment of the Landcover classified maps for the years 1999, 2009 and 2019.
User Accuracy (%)

Producer Accuracy (%)

Year

Waterbody

Built-up
area

Vegetation

Bare
land

Waterbody

Built-up
area

Vegetation

Bare
land

1999
2009
2019

99.85
99.46
98.53

95.86
95.74
96.43

96.51
96.84
95.82

87.53
88.25
88.85

98.36
98.22
99.12

98.91
97.45
99.00

98.51
98.71
98.60

94.26
94.85
94.75

6

Overall Classification
Accuracy

Overall Kappa
Statistics

95.87%
94.00%
95.23%

0.9488
0.9365
0.9482
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Table 5
The Land Cover area statistics (Classification based vs simulated) during 1999–2019.
Type

Water body
2

1999
2009
2019
1999–2019

Actual
Actual
Simulated
Actual
Simulated
Actual
Simulated

Built-up area
2

Vegetation & AL
2

Bare land

Area(km )

%

Δ%

Area(km )

%

Δ%

Area(km )

%

Δ%

4.78
4.53
4.62
3.02
3.52
–
–

10.24
9.71
9.91
6.47
7.55
–
–

–

7.77
10.26
9.97
15.21
14.54
–
–

16.64
21.98
21.35
32.59
31.00
–
–

–
5.34
4.71
10.61
9.65
15.95
14.36

23.13
19.16
19.84
14.31
15.68
–
–

49.57
41.07
42.52
30.66
33.59
–
–

–

0.53
0.33
3.24
2.36
3.77
2.69

8.50
7.05
10.40
8.93
18.9
17.98

Area(km2)

%

Δ%

10.99
12.71
12.24
14.13
13.93
–
–

23.55
27.24
26.22
30.27
29.86
–
–

–
3.70
2.68
3.03
3.63
6.73
6.31

Fig. 5. The map on the left shows built-up area expansion in 16 directions between 1999 to 2019 and the spider diagram on the right represents spatial patterns of
built-up area expansion in 16 corridors (in km2).

4.1. Land cover change analysis

observation demonstrates the satellite-based (actual) built-up area was
7.7 km2 (around 16% of total area) in 1999, which was expanded to
10.26 km2 (21.98%) in 2009 with 5.3% of growth, mainly in the northeast regions (Table 5). In 2019, it was increased to 15.21 km2 (32.6%)
with 10.61% of growth. The built-up area was increased by 15.95%
(actual) from 1999 to 2019. The combined vegetation and agricultural
land cover were decreased by 18.9% from 1999 to 2019. The vegetation
areas were occupied 23.13 km2 (49.57%) in 1999, which was decreased
to 19.16 km2 (2009) with 8.50% of change. Later, it was decreased to
14.31 km2 (30.66%) in 2019 with 10.40% of change. Hence, the in
general change was observed in the water bodies from 1999 to 2019,
and the change was 3.77%. The overall water body coverage was 4.78
km2 (10.24%) in the year 1999, which was reduced to 4.53 km2 (9.71%)
in 2009 with 0.53% change. In 2019, this area was decreased to 3.02
km2 (6.47%) with 3.24% change. The overall increase in the bare land
was 6.73%. Bare land was covered by a total area of 10.99 km2 (23.55%)
in the year 1999, which was increased to 12.71 km2 (27.24%) in 2009
with 3.7% change. In 2019, the area of bare land was again increased to
14.13 km2 (30.27%) with 3.63% of change (Table 5). The area statistics
demonstrated a very high similarity between actual and simulated LULC
scenarios which will play an effective role in validation of model
implementation. The study also demonstrates the direct influencial ac
tion of rapid growth in built-up area on other land use/land cover classes
during 1999–2019.

This section discusses broadly the changes in LULC in three different
years. Further debate will describe the spatial urban growth patterns and
land cover transitions from 1999 to 2009 and 2009 to 2019.
4.1.1. Multi-year land cover mapping
Maximum Likelihood Supervised Classification (MLSC) algorithm
was applied in the Landsat data to evaluate the variations of previous
LULC (1999–2019) patterns (Fig. 4). The Table 2 indicates that overall
classification accuracy of MLSC was 94.88%, 93.65% and 94.82% in
1999, 2009 and 2019, respectively.
Two trends of change were clearly manifested (Fig. 4); firstly, a
gradual increase in built-up area and secondly, vegetation & agriculture
land and water body areas were decreased over the study period. The
results indicate that the built-up and bare soil area were taken place over
the vegetation & agricultural cover and water body area. Table 4 reveals
that the conversion of built-up and bare soil area was increased by
15.95% and 6.73%, respectively, in the past 20 years. Moreover, several
factors such as unplanned population growth and the tendency of
migration from rural to the urban area are responsible for raising the
built-up area. The present research was firstly assisted by Weng et al.
(2004). The major finding was: both geopolitical and economic factors
contribute to the urban growth (Weng, 2002; Weng et al., 2004).
For reliable model calibration, the area statistics of the simulated and
actual LULC is essential which is stated in Table 5. The decadal
7
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Fig. 6. Gain & Losses, net changes and contribution of net changes to the built-up area in percentage a) Gain & Losses between 1999-2009, 2009–2019 and
1999–2019 b) Net changes of LULC classes in 1999–2009, 2009–2019 and 1999–2019 c) Contribution of net changes in built-up areas 1999–2009, 2009–2019
and 1999–2019.

Fig. 7. Transition from all LULC to Built-up area a) 1999–2009 b) 2009–2019.

4.1.2. Spatio-temporal urban growth pattern analysis
Growth pattern analysis of urban area will help to describe the ur
banization patterns in several directions of the area of interest. The
investigation identifies that northwest, northeast and southeast di
rections were experienced rapid urban developmental (Fig. 5). By
contrast, urban growth in southern and eastern directions were rela
tively low since these directions were dominated by agricultural and
vegetation lands, which constrained the growth of built-up areas. The
estimated urban growth from the LULC maps toward the northwest di
rection along the Dhaka-Rajshahi highways was recorded as 32–40%
from the year 1999–2019. The growth in northeast and southeast di
rection along with Rajshahi – Naogaong and Rajshahi -Chapai highway
werecomparatively less,which were 26 to 28% and 23 to25%, respec
tively in last 20 years. The development towards the northwest direction
was significant due to the comparatively easy accessibility of residential
and commercial activities. Also, a number of development projects, such
as new road construction new commercial area, bus station, and airport
influenced the development in northwest direction.

among different LULC is an important aspect (Ahmed, 2011b; Zheng
et al., 2015). In the last few decades, urbanization triggered the LULC
change in the study region. Based on the rapid urbanization, gain &
losses, net changes, the contribution of net changes from different LULC
to the urbanized area and transition between differnt LULC to built-up
area are illustrated in Fig. 6 and 7. () The annual rate of changes in
LULC during 1999–2009, 2009–2019, and 1999–2019 are given in
Table 6.
Table 6
Area and percentage of LULC changes from 1999 to 2019.
LULC class

The annual rate of change
Period
1999-2009
2

Water body
Built-up area
Vegetation & AL
Bare land

4.1.3. Multi-temporal land cover transition assessment
For modelling the future LULC change, the transition assessment
8

2009-2019
2

1999-2019

Area (km )

%

Area (km )

%

Area (km2)

%

-0.25
2.49
-3.97
1.73

-0.53
5.34
-8.50
3.70

-1.51
4.95
-4.85
1.41

-3.24
10.61
-10.40
3.03

-1.76
7.44
-8.82
3.14

-3.77
15.95
-18.91
6.73
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Fig. 8. Variation of LST in the study area estimated from Landsat thermal bands for years a)1999, b)2009 c) 2019.

LCM analysis identified that all classes were experienced both gains
and losses in different years. Vegetation & agricultural land and water
body areas were faced a significant amount of losses between 2009 and
2019 (Fig. 6a). Gain in the built-up and bare areas was expanded rapidly
the past years. During the period from 1999 to 2019, the percentage of
built-up area was increased at a significant rate of 15.95%. The net gains
of built-up areas were 5.34% (1999–2009) and 10.61% (2009–2019)
(Table 6). Vegetation & agricultural lands were lost 18.91% of its area,
with a net loss of 3.97% (Fig. 6). The Increment in bare land (6.73%)
was later transferred to urban area gradually in the period of
1999–2019. Water bodyies were lost its 3.77% area in 20 years’ time
span. A significant net change of 10.03% in urbanized built-up area was
observed in 1999–2019 (Fig. 6b). Following this, there was a loss of
5.38%, 2.89%, and 1.95% in vegetation & agricultural land, bare land,
and water bodies respectively (Fig. 6c). These LULC losses were
contributed to increase in urban built-up areas because of a huge de
mand for urban residential and commercial activities in the study area.
Moreover, the transformation from different LULC to built-up area
indicates that urban growth converted 5.46 km2 (11.63%) and 5.78 km2
(12.30%) areas from vegetation & agricultural land to built-up area in
1999–2009 and 2009–2019, respectively (Fig. 7). In addition, 6.97 km2
(14.84%) and 8.69 km2 (18.51%) areas were converted from bare land
to built-up area in last twenty years. Water bodies were affected due to
the rapid urbanization in the study area. From 1999 to 2009 the con
version of water bodies to built-up area was 0.31 km2 (0.68%) which
was increased to 0.98 km2 (2.09%) in the period 2009–2019.

Table 7
Distribution of LST among different ranges for 1999, 2009, and 2019. study
region.
Ranges of LST (◦C)

1999

2009

2019

Area

%

Area

%

Area

%

� 21 � C
21– < 24 � C
24– < 27 � C
27– <30 � C
30– < 33 � C
33 – < 36 � C
36– < 39 � C
�39 � C
Total

5.23
13.65
19.26
9.67
–
–
–
–
47.8

10.94
28.55
40.29
20.22
–
–
–
–
100

–
12.3
21.1
14.44
0.06
–
–
–
47.8

–
25.74
44.11
30.02
0.13
–
–
–
100

–

–

1.39
4.83
12.13
18
7.77
3.72
47.8

2.91
10.1
25.32
38.2
15.7
7.77
100

the rapid transformation of LULC change in the study region.
Usually, LST was confined within the range of 20.77 � C–29.69 � C,
23.02 � C–30.53 � C and 25.08 � C–39.02 � C, during year 1999, 2009 and
2019 respectively (Fig. 8). A total of 19.26 km2 (40.29%) area represents
temperature from 24 � C–27 � C followed by 13.65 km2 (28.55%) area
faced 21 � C–24 � C temperature in 1999 (Table 7). In 2009, 44.11%
(21.1 km2) and 30.02% (14.44 km2) of the total land cover area had
surface temperature between 24 � C to less than 30 � C. In 2019, the entire
study region had surface temperature less than 40 � C, with the majority
(38.2%) of the area having LSTs between 33 � C to less than 36 � C. The
percentage of LST suggests that the LST of the study areas was increased
dramatically (9 � C) between 2009 and 2019, mainly because of the
higher population growth and acceleration in development activities.
The study also identifies the LST distribution in multi-direction of the
area of interest. For the estimation of LST distribution in different di
rection, 8 concentric circles and 20 geographic directions were deter
mined, with a radius of 6 km2 between every two consecutive circles
(Fig. 9). The center of the circles indicates the main core of the city. In
the preliminary year (1999 and 2009) the temperature variation ranges
between 21 � C – 30 � C and the distribution of temperature suggests that
southeastern and southwest directions were experienced highest tem
perature. Later in 2019, significant amount of LST was increased (lowest
30 � C to highest 39 � C) in northwest and northeast direction of the study
region. Hence, a significant increase in built-up area and reduction in
vegetation & agricultural land were accelerated the surface temperature
tremendously in the study area.

4.2. Land surface temperature change analysis
In this section, the study investigates the Land Surface Temperature
(LST) from 1999 to 2019-time period. Later, the association between
LST and different LULC will be investigated broadly.
4.2.1. Spatio-temporal change in land surface temperature
Spatio-temporal distribution of LST from 1999 to 2019 were derived
from Landsat Thermal bands using multiple formulas (section 3). The
yearly distribution of LST is presented in Fig. 8 and the relationship
between temperature and area coverage is presented in Table 7. The
map represents the hierarchy of color from green to red tone indicates
relatively low to higher surface temperature. Most probably, the spatial
patterns of LST concentration and its temporal shift mainly highlights
9
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Fig. 9. Spider Graph showing the decadal LST distribution (km2) in different directions a) 1999 b) 2009 c) 2019.
Table 8
Cross-linking data of LST (0C) with LULC (classification based vs. simulated) during 1999–2019 in the study area.
LULC
Water body

Built-up area

Vegetation

Bare soil

Year
Area (km2)
%
Δ%
Min. Temp(0C)
Max. Temp(0C)
Area (km2)
%
Δ%
Min. Temp(0C)
Max. Temp(0C)
Area (km2)
%
Δ%
Min. Temp(0C)
Max. Temp(0C)
Area (km2)
%
Δ%
Min. Temp(0C)
Max. Temp(0C)

1999

2009

Actual

Actual

Simulated

2019
Actual

Simulated

Actual

Simulated

4.27
8.93
–
21.07
27.94
10.17
21.27
–
24.38
29.36
25.07
52.43
–
22.38
28.36
8.31
17.36
–
22.81
28.6

3.12
6.51
2.42
22.84
29.69
13.53
28.24
6.97
26.78
29.69
22.72
47.43
5
22.85
29.17
8.53
17.8
0.44
22.83
29.03

3.62
7.53
1.4
22.33
29.48
14.01
29.15
7.88
26.22
28.96
22.46
46.72
5.71
22.02
29.21
7.98
16.6
0.76
23.25
29.95

1.95
4.02
2.49
25.03
31.86
17.12
35.34
7.1
31.03
39.52
15.91
32.84
14.59
27.92
37.98
13.46
27.78
9.98
29.12
38.37

1.98
4.03
3.5
24.86
31.25
17.75
36.2
7.05
31.01
39.46
15.54
31.7
15.02
28.02
36.85
13.75
28.04
11.44
30.02
38.85

–
–

–
–

4.2.2. The association between land cover types and land surface
temperature
The LST distribution on different LULC classes were determined and
summarized in Table 8. To determine LST profile based on different
LULC, three cross sectional analysis were made across the study area for
1999 (Fig. 10), 2009 (Fig. 11), and 2019 (Fig. 12). Built-up land rep
resents highest surface radiant temperature (29.36 � C in 1999,29.69 � C
in 2009, 39.52 � C in 2019), followed by bare land (28.60 � C in 1999,
29.03 � C in 2009 and 38.37 � C in 2019). The lowest radiant surface
temperature in year 1999 was observed in water bodies (21.07 � C),
which was followed by vegetation & agricultural land (24.38 � C). This
LST changing pattern for 2009 was not similar compared with 1999. In
2009, the lowest temperature was found in vegetation land (22.72 � C),

1999–2019

4.91
–
–
–
–
14.07
–
–
–
–
19.59
–
–
–
–
45.58
–
–

4.9
–
–
–
–
14.93
–
–
–
–
20.73
–
–
–
–
44.64
–
–

followed by water bodies (22.84 � C). In every year, vegetation and water
body showed comparatively lower temperature because of less heat
absorption and transpiration. The simulated LST also demonstrates
similar results comparing with actual LST results. The LULC vs LST
statistics provide better insides about the contribution of built-up ur
banized area in LST increase by dominating the vegetation cover and
replacing it with hardscape areas.
LST profiles demonstrated the land use vs temperature concentration
in different profile lines across the study region. Two cross-sections (C-D,
E-F) were made in West-East direction because of the higher concen
tration of LST. Along with the above cross-sections, one cross-section
was made in the North-South (A-B) direction (Figs. 10,11 and 12). The
cross profile analysis indicates that the urban core area with the
10
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Fig. 10. LST profiles (A-B; C-D; E-F) drawn over LULC of in 1999.

Fig. 11. LST profiles (A-B; C-D; E-F) drawn over LULC of in 2009.

dominant impervious surface were experienced a continuous increase in
surface temperature over the years. In 1999, the urban area experienced
greater than 28 � C as the highest temperature (Fig. 10) which was
increased tremendously to more than 30 � C in 2009 (Fig. 11) and greater
than 38 � C in 2019 (Fig. 12). Likewise, high LST was recorded in bare
land which were >26 � C, > 27 � C, and >34 � C in the year of 1999, 2009
and 2019, respectively. The main reason for increasing LST in bare land
is raising alluvium in the riverine area that reflects the heat towards the
atmosphere (Kafy et al., 2019). Comparing with built-up area and bare

land, other land use such as water bodies and vegetation & agricultural
land were found in comparatively lower surface temperature which is
ranging from less than 22 � C–32 � C.
4.2.3. Association of LULC indexs with LST
In order to establish a significant relationship between LST and
LULC, four land cover indices were derived namely Normalized Differ
ence Vegetation Index (NDVI), Normalized Difference Water Index
(NDWI), Normalized Difference Build up Index (NDBI) and Normalized
11
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Fig. 12. LST profiles (A-B; C-D; E-F) drawn over LULC of in 2019.

Fig. 13. (a) Correlation between LST and NDVI (b) Correlation between LST and NDWI
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Fig. 14. a) Correlation between LST and NDBI (b) Correlation between LST and NDBaI.
Table 9
Markov Chain transition probability change matrix (1999–2009) among LULC
for 2029.
Water Body
Built-up Area
Vegetation & AL
Bare Land

Water Body

Built-up Area

Vegetation

Bare Land

0.1422
0.0487
0.00
0.1422

0.2189
0.8498
0.3253
0.3474

0.0126
0.3333
0.7195
0.2087

0.2263
0.6682
0.2917
0.6017

Table 10
Markov Chain transition probability change matrix (2009–2019) among LULC
for 2039.
Water Body
Built-up Area
Vegetation & AL
Bare Land

Difference Bareness Index (NDBaI). The lower value of NDVI was found
with higher level of LST in this research (Fig. 13a). Besides, the NDVI
value was found to be decreased over 1999 to 2019 from 0.2 to 0.5 and
0.02 to 0.4 in the study region. Lower NDVI value represents paved
surface, bare land and rock that generate high surface temperature.
Moderate values (0.2–0.3) of NDVI represent shrub and grassland, while
high values (0.6–0.8) indicate dense trees and vegetation area that
generate less surface temperature. The low temperature phenomena
occur due to induction of more evapotranspiration od dense vegetations
and trees (Lilly Rose and Devadas, 2009; Mallick et al., 2008; Pal and
Ziaul, 2017; Price, 1990).
Again, this study also found that the NDWI and NDBaI are also
reduced over the time period (1999–2019). The LST was getting higher
in lower NDWI and NDBaI areas where rapid urbanization was taken
place rather than agricultural practices in the study area and vice versa

Water Body

Built-up Area

Vegetation

Bare Land

0.0325
0.1275
0
0.2133

0.202
1
0.523
0.7257

0
0
0.2647
1

0.046
0.1889
1
0.3586

(Fig. 13 and 14b). In 2019, the lower value of NDWI revealed low air
humidity and hydraulic stress (Ogashawara and Bastos, 2012). On the
contrary, the NDBI value was gradually increasing and leading towards
higher LST values (Fig. 14a). The result of linear regression and multiple
correlation indicate that LST represents strong and positive correlation
with NDBI and strongly negative correlation with NDVI, NDWI, NDBaI
(Figs. 13 and 14).
4.3. Simulation of LULC for the years 2029 and 2039
The LULC maps of 1999–2009 and 2009–2019 were used to simulate
the future LULC scenarios for years 2029 and 2039, respectively using
the MLP-MC model. The MLP-MC analysis was used to determine the
weights of transitions and to produce a transition probability matrix.
The transition probability matrix is a special type of matrix which was
13
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Fig. 15. Simulated LULC maps of the study area for years a) 2029 and b) 2039.
Table 11
Area statistics of predicted Land Cover for years 2029 and 2039.
LULC Classes

Predicted 2029
2

Water Body
Built-up
Vegetation & AL
Bare Land

Predicted 2039
2

Change (2019–2029)
2

Change (2019–2039)

Change (1999–2039)

Area (km )

Area (%)

Area (km )

Area (%)

Area (km )

Area (%)

Area (km )

Area (%)

Area (km2)

Area (%)

2.31
24.60
10.61
9.13

4.96
52.73
22.74
19.57

2.10
28.55
6.40
9.59

4.52
61.19
13.73
20.57

0.70
9.39
3.69
4.99

1.51
20.14
7.92
10.70

0.912
13.34
7.90
4.53

1.51
28.60
16.93
9.70

2.67
20.78
16.72
1.39

5.72
44.55
35.84
2.98

formed by the cross-tabulation of two LULC maps of different years 1999
& 2009 and 2009 & 2019 (Tables 9 and 10). MLP-MC is a two-fold
process which also produce transition potential maps for different
LULC classes to built-up areas. Meanwhile, All the potential maps were
shown an accuracy of more than 90.03 % with a large number of iter
ations (10,000) (Fig. 15).
The transition for 2029 shows (Table 9) that 84.98% of built-up land
pixels will be remained in the same class and limited number of built-up
pixels will be transformed to water body (4.87%) and vegetation & AL
classes (33.33%). The similar issue was noticed both for the vegetation
and bare land classes as maximum pixels (71.95% and 60.17%) were

2

found in the same classes respectively. Moreover, a small number of
pixels stays in the same class (14.22%) for water bodies where maximum
pixels would be transferred into bare land class (22.63%).
Furthermore, the transition matrix for 2039 shows (Table 10) that all
the built-up land class pixels will be remained unchanged (value 1). The
maximum pixels of vegetation (52.3%) and bare land (72.57%) class will
be transformed to built-up land(value 1). Some of the water class pixels
will be converted to the built-up (2.02%) and bare land (4.6%) pixels.
The transition probabilities of changes between different LULC reveals
the intense decrease of vegetation & AL and rapid urban growth in study
region.
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Fig. 16. Simulated LST maps of the study area for years a) 2029 and b) 2039.

region. Whereas, water body will be decreased by 0.70 km2 in 2029
and -0.912 km2 in 2039 compared with 2019. The built-up urbanized
area will be increased dramatically by 9.39 km2 and 13.34 km2 in 2029
and 2039, respectively. The vegetation cover and bare land area will
also be decreased by 3.69 km2 and -4.99 km2 in 2029. Similarly,
vegetation and bare soil will further be decreased -7.90 km2 and -4.53
km2 in 2039 comparing with LULC data of 2019. Considering predicted

By using the LULC maps for 2009 and 2019 as base maps, transition
potential maps and transition probability matrices; the future LULC
scenarios (2029 and 2039) were predicted, which are shown in Fig. 15.
The corresponding area statistics of various LULC classes are represented
in Table 11.
The prediction maps estimated for 2029, and 2039 shows that except
built-up area other land use will be significantly decreased in the study
Table 12
Simulated area wise Temperature variation in different LULC.
Temperature
2029
Water Body
Built-Up Area
Vegetation
Bare Land
2039
Water Body
Built-Up Area
Vegetation
Bare Land

�32 � C

32– <35 � C

35– <38 � C

38– <41 � C

41– <44 � C

�44 � C

km2
1.02
–
–
–

%
2.14
–
–
–

km2
0.73
–
11.03
–

%
1.53
–
23.06
–

km2
–
5.66
1.82
9.56

%
–
11.83
–
20.00

km2
–
6.25
–
3.46

%
–
13.07
–
7.23

km2
–
7.02
–
1.26

%
–
14.69
–
2.63

km2
–
–
–
–

%
–
–
–
–

–
–
–
–

–
–
–
–

1.55
–
4.24
–

3.17
–
8.67
–

0.00
4.26
2.86
10.26

–
8.71
5.86
21.01

–
3.13
2.77
4.73

–
6.40
5.67
9.68

–
10.93
–
–

–
22.37
–
–

–
4.13
–
–

–
8.45
–
–
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temperature compared to rural area. LULC thermal capacity will be
affected by the increased LST which leads to UHI (Karl et al., 1988;
Niyogi, 2019; M. T. Rahman and Rashed, 2015). Increasing of UHI
phenomena is one of the major adverse environmental consequences for
human being, biodiversity and environment (Grimmond, 2007). Even
tually, the impact of UHI and global warming will be mitigated with
urban plantation and vegetation cover around the building areas (Amiri
et al., 2009; Rizwan et al., 2008).
Furthermore, to ensure the feasibility of the simulated LST accuracy,
validation of the simulated maps using Correlation coefficient (R) and
Mean square error (MSE) were analyzed between predicted and
observed LST for year 2009 and 2019 (Table 13). Both analysis indicates
a good fit which proves the prediction accuracy of ANN method. The R
and MSE were 0.8845 and 0.4724, respectively for the predicted year
2009. Similarly R and MSE were 0.9045 and 0.3123, respectively for
predicted the year 2019. The percentage of correctness (>87%) in
dicates a strong correlation between estimated and predicted LST.
Besides this, the average value of the Area Under Curve (AUC) of the
Receiver Operating Characteristic (ROC) graph for the year 2029 and
20239 was 0.932 (Fig. 17). The high value of AUC (0.932) indicates high
accuracy of ANN modelling. During model calibration, the use of a
smaller period of prediction (10 years) at a regular interval, ensures the
high accuracy of the model.

Table 13
Estimated and Predicted model Goodness of fit statistics.
Model

R

MSE

% - correctness

Estimated 2009
Predicted 2009
Estimated 2019
Predicted 2019

0.8756
0.8845
0.8986
0.9045

0.4563
0.4724
0.3012
0.3123

88.26
88.03
87.86
87.54

year 2029 and 2039, in 40 years (1999–2039) water body ( 5.72 km2)
and vegetation cover ( 16.72 km2) area will be decreased significantly
while bare land ( 1.39 km2) area reduced slightly in the study region
(Table 11).
In order to achieve a valid prediction result for future LULC scenario,
the MLP-MC model was first applied to simulate LULC patterns in 2019
using the LULC maps of the years 1999 and 2009. For the purpose of
validation, the predicted LULC map of 2019 was compared with
observed LULC map of 2019 using kappa index statistics. Based on the
evaluation of predicted LULC with observed LULC scenarios, a kappa
statistic for quantity and location were derived. The statistics show that
Kno, Klocation, KlocationStrata, and Kstandard values were 0.8803, 0.8769,
0.8743, and 0.8645 (overall kappa), respectively. After the prediction, it
was found that all kappa index values were >0.85 showing high
agreement between predicted and observed LULC maps.

5. Conclusion

4.4. LST simulation for the years 2029 and 2039

The study intended to evaluate LULC and LST change during the
period from 1999 to 2019 in the Rajshahi City Corporation region of
Northeast Bangladesh. Finally, this study predicted the LULC and the
LST for the years 2029 and 2039 based on the changes. Total urban area
was increased by almost 16% since 1999, which leads to a decrease in
vegetation (19%) and water bodies (4%). The findings also show that the
average LST in the last two decades was increased by 9.83 � C. The LST
distribution in different LULC classes reveals that the built-up area had
the highest temperature while the lowest temperature was recorded in
the water bodies. Predicted future LULC indicates that vegetation &
water body areas will be decreased by 35.84% and 5.72% for the year
2029 and 2039, respectively, as compared with the initial year 1999.
Future LST prediction indicates 36% and 37% of the total area will likely
to be experienced more than 39 � C temperature for the year 2029 and
2039 respectively. However, only 7.7% of the total area experienced this
temperature in 1999. If such growth continues, the built-up areas along
with LST will be continued to increase in the next decade, which will

Similar to the LULC scenarios, LST during the study period
(1999–2019) indicates a significant change in the study area. Therefore,
the LST was simulated for the future period (2029 and 2039). The past
trends of estimated LST data were used in the ANN model to predict the
future LST trends for the study region (Fig. 16).
The modelled LST in this study for 2029 and 2039 shows that the
majority of the city area (36.35%)(37.22%) will have LST over 40 � C.
The forecasted average LST for built-up areas will be 42 � C (Table 12).
As the simulation was based on earlier LST patterns (1999–2019)
therefore, domination of higher LST in built-up areas affected in the
simulation. Greenhouse effect, global warming and change in the sur
face characteristics would be another reason which will affect in
increasing the LST even in the unavailability of rapid urbanization
(Argüeso et al., 2014; Dereczynski et al., 2013; Ogashawara and Bastos,
2012). IPCC (2014) in its fifth assessment report indicates that Asian
region faces more than higher temperature than global average (IPCC,
2014). Global warming is mainly uplifted because of the urban area

Fig. 17. Receiver operating characteristic curve for the simulated LST during 2029 and 2039.
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results several medical, economical, environmental problems for the
city.
The results of the study will be helpful for politicians, government
officials, policymakers and urban planners of Rajshahi City, who can
utilize the fundings of this study for future planning and decision
making. City authorities also can create rules, regulations and strategies
that can support to reduce the LST in the city. In addition, the inclusion
of outputs of this study will make Rajshahi city ecologically and envi
ronmentally sound, inclusive and sustainable. Future research may focus
on the consequences of LST change percieved by the city dwellers.
Furthermore, human-environentinteractions also need to be investi
gated for better understanding the causes and consequences of LST
change. Urban growth and changes in LULC and distribution of LST in
other Bangladesh cities should be reviewed and modelled to ensure that
they are developing in a sustainable manner.
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