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Abstract
Reliable and accurate environmental state prediction can help in long-term sustainable planning and management. 
Enormous land-use/ land-cover (LULC) transformation has been increasing the carbon emissions (CEs) and land surface 
temperature (LST) around the world. The study aimed to (i) examine the influences of land specific CEs on LST dynamics 
and (ii) simulate future potential LULC, CEs and LST pattern of Khulna City Corporation. Landsat satellite images of the 
year 2000, 2010 and 2020 were used to derive LULC, LST and CEs pattern and change. The correlation between land-use 
indices (NDBI, NDVI, NDWI) and LST was examined to explore the impacts of LULC change on LST. Unplanned urbaniza-
tion has increased 11.79 Km2(26.10%) buildup areas and 25,268 tons of CEs during 2000–2020. The calculated R2 value 
indicates the strong positive correlation between CEs and LST. To simulate the future LULC, CEs and LST pattern for the 
year 2030 and 2040, multi-layer perceptron-Markov chain (MLP-MC)-based artificial neural network model was utilized 
with the accuracy rate of 94.12%, 99% and 98.48% for LULC, LST and CEs model, respectively. The simulation shows 
that by 2040, buildup area will increase to 87.33%, net CEs will increase by 19.82 × 104tons, and carbon absorptions will 
decrease by 23. 55 × 104tons and 69.54% of the total study area’s LST will be above 390C. Such predictions signify the 
necessity of implementing a sustainable urban development plan immediately for the sustainable, habitable and sound 
urban environment.

Keywords  MLP-MC model · Carbon emission prediction · Land surface temperature · Land specific carbon emissions

1  Introduction

Environmental change is currently one of the main causes 
of concern around the world [1]. With the expansion of 
population and spontaneous extension of cities, land use 
patterns and biological systems have changed, prompting 
the arrangement of metropolitan situated natural difficul-
ties around the globe [2]. Land use and land cover (LULC) 
type has been transforming enormously because of the 

many main impetuses. Thus, greenhouse gas (GHG) emis-
sions, carbon emissions, climate change, environmental 
change, ecological change, and the random condition 
have been expanding which are making the climate of any 
region inadmissible for human home [3–5]. This is directly 
and indirectly accelerating global temperature. Currently, 
spatial GHG concentrations have risen from a CO2 equiva-
lent of 280 to 450 ppm since the Industrial Revolution, but 
the proposed limit is 350 ppm [3]. This massive carbon 
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emission and GHG emission have increased the earth’s sur-
face temperature with a rate of 0.20C per decade in the last 
30 years [4] while the average temperature increasing rate 
0.01860C/year has been observed in Bangladesh [5]. IPCC 
has projected a temperature rise of 1.1–6.4 °C by the end 
of the twenty-first century and of 1 °C to 1.5 °C by 2050 in 
Bangladesh [6]. Global warming, surface temperature rise, 
climate change, ecological imbalance, ice melting and the 
rise of sea level, etc., have been increasing the significance 
of research on carbon emissions around the world so that 
in Bangladesh. Moreover, the increase in carbon emissions 
(CEs) has detrimental effects on living health and sustain-
able development.

LULC is considered the most perilous element of the 
environment which not only affects ecosystems and the 
environment but also climate and living beings. Human 
activities such as urbanization and construction activities 
may have economic benefits but influencing LULC change 
and affecting sustainability [7], increasing Land Surface 
Temperature (LST) [8] and also accelerating CEs [9]. The 
impact of massive CEs could be largely irreversible in the 
environment for 1000 years after CEs stops. Due to popu-
lation growth, modernization and for better jobs, living 
and lifestyle people are moving towards the city and as a 
result urban area is expanding. Researchers have shown 
that LULC transformation is one of the main reasons for 
increasing CEs and the increase in carbon density in the 
atmosphere. The calculated net CEs due to LULC change 
are 12.5% of the total anthropogenic carbon emissions 
during 1990 to 2010 and 33% of total emissions over the 
last 150 years [10]. The net CEs from LULC dynamics has 
been calculated mostly in the carbon budget, which was 
accounted 1.4 (range: 0.4–2.3) PgC/yr, 1.6 (0.5–2.7) PgC/
yr and 1.1 ± 0.7 PgC/yr in the year 1980s, 1990s and from 
2000 to 2009, respectively [13, 14]. IPCC reported the high-
est increase in global average temperatures in the last cen-
tury because of the increase in anthropogenic concentra-
tions of GHG that contributing to the warming of Earth’s 
surface [1].

Topic related to LULC change such as simulation of 
future potential LULC patterns and their consequences 
on the environment and ecosystem has recently attracted 
interest from a wide range of literature [15–19]. In previous 
studies, researchers have explained the impact of LULC [5, 
20, 21] CEs [1, 9, 22–24]. No previous study has discussed 
land use-based CEs, their consequences and effects on the 
environment in the context of Bangladesh. Moreover, the 
impact of spatiotemporal CEs on LST dynamics and their 
relationship is not discussed in any studies. Researchers 
have illustrated the impact of LULC change in different 
urban and rural areas on LST in many previous studies 
[25–31]. Similar studies have been done in some cities 
in Bangladesh including Dhaka [32–34], Chattogram [11, 

35], Rajshahi [36] and Cumilla [7]. Few researchers have 
highlighted the LULC change in Khulna city [37–39] but 
the spatiotemporal change of LST pattern and impact of 
LULC on LST of the growing city Khulna is not illustrated.

Many scholars simulated the future LULC scenarios for 
different study areas. To simulate the future LULC trans-
formation, several models, such as Markov chain, Cellu-
lar Automata [17], CLUE [19], Agent-based model [18], 
Multi-Layer Perceptron-Markov Chain (MLP-MC) [36], have 
been developed. Subedi et al. [40] and Arsanjani et al. [41] 
explained MLP-MC model as the most effective model 
for simulating future spatiotemporal changes with high-
precision LULC transformation. Limited simulation studies 
have been found based on LULC and LST but yet no study 
has been conducted by modeling future CEs pattern. So 
far yet, no study has been carried out on Khulna City to 
predict the future LULC, CEs pattern and their impacts on 
surface temperature.

This study used artificial neural network (ANN)-based 
MLP-MC model to simulate the future potential LULC, CEs 
and LST pattern of Khulna city accurately. The present 
study filled all the gaps and visualized the LULC, CEs and 
LST change pattern, examined the impact of spatiotem-
poral LULC change on LST and influences of CEs pattern 
on LST change. The overall study signifies the importance 
of the implementation of proper planning regulations 
and will be helpful to the engineers, policymakers, urban 
planners and city’s responsible authorities to take neces-
sary steps for mitigating the environmental issues in this 
growing city.

2 � Theory for how LST depends on Carbon 
emission

Climate model projections show a basic emerging relation-
ship for our future climate: surface warming rises almost 
linearly with cumulative CO2 emissions since pre-industrial 
times [42]. How surface warming increases with cumula-
tive CO2 emissions is illustrated in equation [4, 43]. The 
global temperature response to increased atmospheric CE 
is quantified by measurements such as transient climate 
response and climate sensitivity equilibrium. The relation-
ship between carbon emission and climate temperature 
was established by Matthews et al. [43] which is shown 
in Eq. 1.

Where CTR = Carbon-temperature response.
∆T/∆CA = Temperature change per unit atmospheric 

carbon increase.

(1)CTR =
ΔT

ET
= (ΔT∕ΔCA) × (ΔCA∕ET)



Vol.:(0123456789)

SN Applied Sciences (2021) 3:359 | https://doi.org/10.1007/s42452-021-04351-8	 Research Article

∆CA/ET = Airborne fraction of cumulative carbon 
emissions.

The sensitivity of surface warming depends on car-
bon and radiative forcing. When the radioactive forcing 
is affected only by the CE change in the atmosphere, the 
mean surface temperature ∆T is measured by Eq. 2. If other 
non-CO2 radiative contributions also affect the radiative 
forcing, the mean surface temperature ∆T is measured by 
Eq. 3 [42]. For more details about these terms, the readers 
are requested to follow [42, 44].

Where ∆L = Change in the total carbon emission.

∆T/∆R = The ratio of the surface warming and the radia-
tive forcing.
∆R/∆L = Radiative forcing and net carbon emissions 
ratio.
∆R/∆RCO2 = Ratio of radiative forcing and the radiative 
forcing from atmospheric CO2.
∆RCO2/∆L = Ratio of the radiative forcing from atmos-
pheric CO2 and change in total carbon emission.

With rising atmospheric CO2, the radiative heat flux at 
the sea surface increases logarithmically. IPCC established 
Eq. 4 in 1990 for measuring the surface temperature (∆T 
surface) for CE [45]. Considering CO2o as the unperturbed 
concentration of CO2,

where ∆T surface2 × CO2 is the surface temperature rise 
for atmospheric CO2 doubling and ranges from 2 to 4.5 K, 
with an average of 3 K, from a variety of climate models 
[45]. The details of the relationship between surface tem-
perature and CE are described in the literature [42, 43, 45].

3 � Study area

Khulna, the 3rd largest divisional headquarters and one 
of the four major cities in Bangladesh are situated in 
the south-west corner of the country [46]. Sundarbans, 
the largest mangrove forest (140,000 ha) and one of the 
UNESCO World Heritage Sites in the world, is located in 
this division. Due to this, the division is environmentally 
sound and the city is considered as a green city [47]. 

(2)ΔT = ΔL ×
(

ΔT

ΔR

)

×
(

ΔR

ΔL

)

(3)ΔT = ΔL ×
(

ΔT

ΔR

)

×
(

ΔR

ΔRCO2

)

×
(

ΔRCO2

ΔL

)

(4)ΔTsurface = ΔT surface2 × CO2
ln(CO2∕CO2o)

ln2

The urban population and the amount of urban area 
of Khulna City Corporation (KCC) have been increas-
ing at a high rate for the last few decades [39, 47]. This 
has been upsetting the environmental and ecological 
balance in the KCC area [48]. KCC area is 45.154 km2, is 
located in between 24°45′ and 24°54′ north latitudes and 
in between 89°28′ and 89°35′ east longitudes [61]. About 
1.56 million people live in KCC [46]. The city is bounded 
by the Bhairab river on the north side, the Rupsa River on 
the middle and the Pasur river on the south side which 
flows along the east side of the city, the Mayur on the 
north side and the Hatia River on the south side which 
flows along the west side of the city (Fig. 1).

The average temperature of Khulna is 26.37 °C and 
is increasing by a rate of 0.005 °C/year. The annual total 
rainfall is 1630 mm [49]. Figure 2 shows the increasing 
trend of maximum and minimum average temperature 
in Khulna city. In the last 20 years, the highest tempera-
ture was observed 40.7 °C in April, 2016 and the aver-
age minimum atmospheric temperature was observed 
22.13 °C, whereas it was 21.87 °C in the last 69 years. 
Both annual total rainfall and monthly total rainfall have 
increased in Khulna. After 2000, the annual average total 
rainfall measured 1875.134 mm.

4 � Methods and materials

4.1 � Dataset preparation

Three Multi-spectral Landsat satellite images were col-
lected from the United States Geological Survey (USGS) 
for the year 2000, 2010 and 2020 to extract the LULC, 
CEs and the LST data. The Landsat program consists of 
a series of satellite missions under joint supervision by 
NASA and USGS. Landsat satellites have the best land 
resolution and spectral bands to monitor land use effec-
tively and to record LULC changes as a result of urbaniza-
tion, climate change, drought, bio-mash changes, wild-
fire and many other natural or human changes [33, 34, 
36]. These three satellite images were taken in the same 
month (April) to avoid the seasonal effects during data 
analysis. Due to less possibility of rainfall in Khulna dur-
ing April, the accuracy or acceptability of the LST result 
is higher than in other months. The maximum cloud 
coverage was set to less than 10% during collecting the 
images. The Landsat satellite images were of 30 m resolu-
tion and dated 17/04/2000, 11/04/2010 and 06/04/2020 
have been collected. For slope and elevation, the data 
were collected from google earth and imported into the 
GIS environment and utilized in the MLP-MC model.
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4.2 � Land use classification and land cover mapping

For a better quality of the images, the radiometric 
and atmospheric correction has been conducted and 
enhanced by applying majority filter techniques in ERDAS 
Imagine 2014 version. The generation of composite band 
combinations such as natural color composite, true-color 

composite, false-color composite is done to classify the 
LULC type in the study area [36]. Blue, green, red and near-
infrared bands were used for Landsat 5 TM images and 
Landsat 8 OLI images to find true color during data pro-
cessing in ERDAS Imagine 2014 and ArcGIS 10.6 version. 
The land cover type has been classified into five catego-
ries (Table 1) based on the proper understanding of LULC 

Fig. 1   Location map visualizing the study area
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dynamics and applied maximum likelihood supervised 
classification method [50, 51] to identify the land cover 
pattern in the study area for the selected year. Bands 
were used 4–3-2 (Color Infrared) and 3–2-1 (True Color) 
for Landsat 5 images, 4–3-2 (True Color) and 5–4-3 (Color 
Infrared) for Landsat 8 images. Then the land cover type 
change direction during the study period 2000 to 2020 
has been analyzed in ArcMap 10.6 version. To check the 
accuracy of the classification, more acceptable and best 
quantitative image classification accuracy measurement 
techniques named Kappa statistics and confusing matrix 
were calculated [52, 53]. Using Eqs. 5–8, Kappa coefficient, 
user accuracy, producer accuracy and overall accuracy of 
each LULC were calculated. Around 150 training sites have 
been randomly chosen for each image to ensure that each 
LULC type is covered by all spectral groups. Stratified ran-
dom sampling method has capability to reduce biasness 
of accuracy assessment by taking equal number of sample 
point from each feature classes.

BU = Build up area, VG = Vegetation land, VL = Vacant 
land, AL = Agricultural land, WB = Waterbody.

4.3 � Carbon emission estimation

The research focused on estimating land-specific carbon 
emissions, and emission change during the year 2000 

(5)Kappacoefficient =
Totalsamplenumber × Totalcorrectedsamplenumber −

∑

(col.tot × rowtot)

Totalsamplenumber2 −
∑

col.tot × rowtot
× 100%

(6)Useraccuracy =
Num. of correctly classified pixels in each category

Total numb of reference pixels in each category (row total)
× 100%

(7)Produceraccuracy =
Numofcorrectlyclassifiedpixels(diagonal)

Totalnumbofreferencepixelsineachcategory(column)
× 100%

(8)Overallaccuracy =
Total num of corrected classified pixels (diagonal)

Total num of reference pixels
× 100%

to 2020. Equation 9 was used to estimate carbon emis-
sions from each LULC type [11]. The agricultural land and 
buildup areas are the source LULC types of CEs and the 
vegetation, vacant land and waterbodies are the carbon 
sinks or absorptive LULC types.

Here

Ei = Carbon emissions from land use.
i = land-use type.
Si = Area of land i.
δi = Carbon emission coefficient for land i,
MCO2 /MC = 44/12 = 3.6667.

δi ’s positive values indicate carbon emissions while 
negative values indicate carbon absorption [11]. Different 
LULC types were identified in this study through a super-
vised image classification method while the value of the 

carbon emission coefficient for each LULC type has been 
proposed in previous studies. The carbon emission coeffi-
cient for different land cover types in Table 2 has been col-
lected from previous studies [4, 54, 55]. Though there are 

(9)Ei =
∑

ei =
∑

Si × �i ×
(

MCO2

MC

)

Table 1   Used land cover classes description

Land cover types Description

BU Industrial, residential, commercial, road net-
work and any kinds of infrastructures

VG Trees and forest areas
AL Grassland, cropland
VL Playground, bare soils, open space, landfill sites
WB Ponds, canals, lake, river and wetlands

Table 2   Carbon emission coefficient ( �i) for different land cover 
types

LULC Types Carbon Emission Coefficient 
(kg (C). m − 2.a − 1)

Used in this study

BU  + 0.0742  + 0.0742
WB −0.0509, −0.0410, −0.0459 −0.0459
AL  + 0.0497  + 0.0497
VL −0.021, −0.0527 −0.0527
VG −0.0645, −0.0527 −0.0645
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different emission factors for estimating CEs from different 
LULC types. This study used coefficients which are mostly 
used in recent studies and are reliable for this study to get 
an accurate result [54–57]. Net carbon emissions were also 
calculated by subtracting absorptions from emissions.

4.4 � Derivation of LST

The land surface temperature has been estimated for the 
year 2000–2020 by using Landsat Thermal bands. Landsat 

Here
Pv is the vegetation proportion calculated following 

Eq. (14)

To obtain the LST values in Celsius (°C), 273.15 was 
extracted from the initial values (K).

In Landsat 5 images, band 6 is the thermal band which 
is used for the derivation of LST. Following steps were fol-
lowed to calculate the LST from Landsat 5 images [36, 58].

where

Lλ–TOA Spectral Radiance (W/ (m2 × sr × μm)).
LMAXλ = The spectral radiance that is scaled to QCALMAX 
(W/ (m2 × sr × μm)).
LMINλ = The spectral radiance that is scaled to QCALMIN 
(W/ (m2 × sr × μm)).
QCAL = The quantized calibrated pixel value in Digital 
Numbers.
QCALMAX = The maximum quantized calibrated pixel 
value.
QCALMIN = The minimum quantized calibrated pixel 
value.

4.5 � Land use indices analysis

To identify the influence of different LULC changes on LST, 
three land-use indices namely Normalized Difference Veg-
etation Index (NDVI), Normalized Difference Water Index 
(NDWI) and Normalized Difference Buildup Index (NDBI) 
are used. These all indices were mostly used in many previ-
ous researches. The readers are referred to Guha et al. [59] 
for the detailed methodology of NDBI, for NDVI and NDWI 
indices Grigoraș & Urițescu 2019; Kafy et al. 2020 [36, 58] 
for NDWI index. The author used these indices for regres-
sion analysis with LST to identify the impact of different 
LULC types on LST.

4.6 � Simulations of future scenario

To predict the future LULC scenario, Land Change Mod-
eler (LCM) of TerrSet Geospatial Monitoring and Mod-
eling Software and QGIS was used in MLP-MC neural 
network method. Because of its training guidelines, it is 
also called a "back-propagation" network. The LCM tool 
is used to evaluate losses and gains, detect categories, 
net shifts [36]. The MLP-MC model contains both static 

(14)Py =
[

NDVI − NDVImin

NDVI − NDVImax

]2

(15)L� = ((LMAX� − LMIN�)∕(QCALMAX − QCALMIN)) × (QCAL − QCALMIN) + LMIN�

images contain digital numbers. The following steps were 
followed to estimate the LST [58].

Here

Lλ = TOA Spectral Radiance (W/ (m2 × sr × μm)).
ML = Radiance multiplicative scaling factor for the band.
AL = Radiance additive scaling factor for the band.
QCAL = Quantized calibrated pixel value in Digital Num-
bers (DN).

In the second step the TOA spectral radiance (Lλ) values 
are converted into At-Satellite Brightness Temperature (TB)

Here

TB = At-Satellite Brightness Temperature, Kelvin (K).
K1, K2 = Thermal conversion constants for the band.

The TOA Brightness Temperature converted to LST (In 
Kelvin) using the formula 12.

Here

λ = the wavelength of emitted radiance.
α = hc/k (1.438 × 10–2 mK).
h = Planck constant (6.626 × 10–34 J s-1), c = velocity of 
light (2.998 × 108 m s−1).
k = Boltzmann constant (1.38 × 10–23 J K−1).

ε = surface emissivity

(10)Lλ = Aλ +ML*QCAL

(11)TB =
k2

ln
k1

L1+1

(12)LST =
[

TB∕(1 + (� ∗ TB∕�)) ∗ ln�
]

(13)� = 0.004 ∗ Pv + 0.986
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and dynamic aspects of high-precision LULC transforma-
tion and is commonly used by many previous studies 
for LULC prediction [60, 61]. Several factors influence 
the change of land cover types. In this study, 13 factors 
(Table 3) were considered. For the prediction of the LULC 
scenario, the LULC maps of the year 2000 and 2010 were 
used as independent variables in QGIS. The simulated 
data for 2020 and classified LULC data for 2020 were 
compared. The model provided the best outcomes in 
the study area for which, MLP-MC simulation for 2030 
and 2040 was carried out and also determined the pos-
sible changes.

The urban disturbance and the distance of locations 
from the road were calculated from the GIS data, col-
lected from the KCC authority. The data used in the 
other factors in this study were derived from land-
use classification. These factors in Table  3 influence 
to change LULC pattern [36, 62]. The CA-MC transition 
matrix data were utilized as influential factors (trend 

of one LULC type to another LULC type) for simulating 
LULC change. The LULC transition matrix for the year 
2000 to 2020, the LULC were simulated for every 10 con-
secutive years. The readers are referred to follow the lit-
erature [36, 60–62] for the details of the MLP-MC-based 
ANN process and influencing factors in Table 3. To check 
the accuracy of the simulated model, percentage error, 
accuracy assessment and RMSE were calculated. For 
model validation, a statistical similarity was performed 
by comparing the predicted and observed results of 
LULC of the year 2020. Using this MLP-MC model, the 
carbon emissions and LST also simulated for the year 
2030 and 2040. The higher value of accuracy and lower 
value of percentage error, the RMSE value indicates 
the best-fitted prediction model [10, 19]. Figure 3 rep-
resents the methodological flow that was followed to 
fulfill the aim of this study.

Table 3   Different parameters 
used in this study to simulate 
future LULC scenario

Model parameter Influence order

2010 to 2020 2020 to 2030 2030 to 2040

Slope 9 9 5
Distance to road 8 10 6
All LULC to urban trend 4 11 7
Agriculture to urban trend 2 13 8
Vacant to urban trend 1 1 9
Vegetation to urban trend 11 8 10
Waterbody to urban trend 13 7 11
Agriculture to all LULC trend 12 6 12
Other to urban trend 3 12 13
Vegetation to all LULC trend 10 5 4
Waterbody to all LULC trend 6 4 3
Urban disturbance 5 3 2
Digital elevation model (DEM) 7 2 1

Fig. 3   Methodological concep-
tual framework
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5 � Analysis and interpretation

5.1 � Accuracy assessment

The accuracy assessment was carried out by calculating 
the overall accuracy, producer’s accuracy, user’s accu-
racy and Kappa Statistic value using Eqs. 5–8 (Table 4). 
The value of the overall accuracy is 93.33%, 93.33% and 
96.67% for the year 2000, 2010 and 2020, respectively, and 
the Kappa coefficient values are 0.9143, 0.915 and 0.9577 
which indicates the good accuracy of the classified data 
and suitable for urban expansion detection. Also, the 
results meet the recommended Kappa Statistics values 
recommended in the literature [53, 63].

5.2 � LULC change analysis

5.2.1 � Land cover mapping

Using the supervised image classification method, the 
LULC data were extracted (Table 5) and prepared map 
for the year 2000, 2010 and 2020 (Fig. 4). Table 5 shows 
that, in 2000 vegetation land covered almost 30.42% of 
the total area, then periodically agricultural land 11.46%, 
waterbody 5.08% and vacant area 0.13%. Though buildup 
areas were the maximum coverage of LULC type (52.19%) 
in 2000, unplanned urban expansion and massive con-
struction lead to an increased buildup area to 67.97% in 
2010 and 79.01% in 2020. Such an increase in the buildup 
area has put enormous pressure on other land cover types.

In 2020, agricultural land declined to 3.91%, vacant land 
0.04% and waterbodies 4.92% in the study area. This dec-
lination of environment-friendly LULC areas such as veg-
etation, waterbodies and agricultural land has resulted in 
several environmental problems at KCC and accelerated 
the carbon emissions and LST. Figure 4 shows that the 
southern part of the KCC has the highest concentration of 
buildup area and the lowest presence of other land cover 
types. As the growth center of the KCC is located in the 
southern corner and maximum industry and factories are 
located in this area, urban expansion mostly took place 
in this place. That’s why the landscape in this portion has 
experienced the most LULC transformation in the last two 
decades. Several factors, such as massive urban growth, 
unplanned urban population growth, and rural–urban 
migration tendency led to such changes.

5.2.2 � LULC transformation direction analysis

The LULC change direction and transition matrix were 
identified using the CA Markov Model in the GIS environ-
ment. LULC change direction analysis (Fig. 5, 6) shows that 
vegetation area decreased by 18.3%, waterbodies 0.2%, 
vacant land 0.1% and agricultural land 7.55% during the 
year 2000 to 2020 and these contributed to the increase in 
buildup area by 26.1%. Land-use change direction shows 
the increase in agricultural land from 11.46% to 14.94%, 
vacant land from 0.13% to 1.37%, buildup area 52.91% to 
67.97% and declination of vegetation area from 30.42% to 
11.95% and waterbody area from 5.08% to 3.77% of the 
total study area during 2000 to 2010. In the next decades, 

Table 4   Calculated accuracy 
assessment value

LULC Accuracy 2000 2010 2020

Producer’s (%) Users (%) Producer’s (%) Users (%) Producer’s (%) Users (%)

BU 88.89 100 83.33 100 100 87.50
AL 100 100 100 100 100 100
VG 88.89 100 100 100 100 100
VL 100 80 87.50 87.50 83.33 100
WB 100 80 100 80 100 100
Overall accuracy 93.33% 93.33% 96.67%
Kappa Statistics 0.9143 0.915 0.9577

Table 5   Status of different 
LULC types during 2000–2020

Year Unit AL BU VL VG WB Total

2000 Area (Km2) 5.17 23.88 0.06 13.73 2.29 45.14
Percentage 11.46% 52.91% 0.13% 30.42% 5.08% 100.00%

2010 Area (Km2) 6.74 30.69 0.62 5.39 1.70 45.14
Percentage 14.94% 67.97% 1.37% 11.95% 3.77% 100.00%

2020 Area (Km2) 1.77 35.67 0.02 5.47 2.22 45.14
Percentage 3.91% 79.01% 0.04% 12.11% 4.92% 100.00%
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Fig. 4   LULC map of the KCC area for a 2000 b 2010 and c 2020

Fig. 5   Transition from all LULC to buildup area during a 2000–2010 and b 2010–2020
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the agricultural land cover decreased by 4.98 sq.km (11%) 
and buildup area increased by 4.98 sq.km (11%). Though 
agricultural and vacant land increased during 2000 to 2010 
but decreased in the next decades by 11% and 1.33%, 
respectively. Figure 5 shows that due to urban expansion 
during the study period, different LULC types have been 
transformed into buildup areas which were quantified by 
the CA Markov model and presented in Table 6. The LULC 
change matrix in Table 5 shows the significant increase 
in the buildup area from 23.88 Km2 to 35.67km2 (52.91% 
to 79.01%), where agricultural land was 3.6796 km2, veg-
etation land 9.3197 km2. Only a few portions remained 
unaltered.

5.3 � Spatiotemporal carbon emissions estimations

Using LULC statistics in Table 5, total CEs, carbon absorp-
tions and net carbon emissions were estimated for the 
year 2000, 2010 and 2020 through utilizing Eq. 9 and pre-
sented in Table 7. Figure 7 represents the spatiotemporal 
carbon emissions and absorptions pattern in the study 
area. Negative figures refer to carbon sink or absorp-
tions, while the positive figures refer to carbon emis-
sion sources (Table 7). The buildup area and vegetation 
area were the largest contributors to carbon emissions 
and absorptions, respectively (Table 7). Buildup areas 
found to contribute more than 85% of total CEs and 
vegetation area accounted for the absorptions of more 
than 75% of total carbon absorptions over the last two 
decades. In 2000, total CEs estimated 9430.6 tons from 

Fig. 6   Land Cover change 
direction during 2000–2020
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Table 6   Statistics of CA Markov 
LULC transition matrix

LULC types AL BU VL VG WB Total

AL 0.6723 3.6796 0.0086 0.7629 0.0361 5.1595
BU 0.7717 22.0836 0.0094 0.6467 0.2357 23.7472
VL 0.0084 0.1302 0.0100 0.0213 0.0200 0.1899
VG 0.2243 9.3197 0.0009 3.3317 0.9319 13.8085
WB 0.0732 0.5788 0.0009 0.5922 1.0039 2.2494
Total 1.7499 35.7920 0.0298 5.3548 2.2276 45.1440

Table 7   Land-use specific 
carbon emissions, absorptions 
and net carbon emissions 
scenario of the KCC area for 
the year 2000, 2010 and 2020. 
(unit: tons/year)

TE = Total Carbon emissions, TA = Total carbon absorptions, NE = Net carbon emissions

Year Carbon emission/absorption (tons/year) TE TA NE

AL BU VL VG WB

2000 9430.6 63,405 −1.106 −29,506 −3860 72,835 33,365 39,470
12.95% 87.05% 0.00% 88.45% 11.56% 100.00% 100.00%

2010 12,288 81,460 −11.35 −11,587 −2867 93,747 14,466 79,281
13.11% 86.89% 0.08% 80.08% 19.82% 100.00% 100.00%

2020 3217.9 94,885 −0.363 −11,746 −3741 98,103 15,488 82,615
3.28% 96.72% 0.00% 75.83% 24.15% 100.00% 100.00%
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agricultural land. Due to the transformation of this LULC 
type, this amount decreased to 3217.9 tons in the year 
2020. Over the last two decades, the total amount of CEs 
increased by 25,267 tons and absorptions decreased by 
17,877 tons. Net carbon emission increased from 39,470 
to 82,615tons, which is more than double with an aver-
age growth rate of 2157.3 tons/year. The total amount 
of carbon absorption also reduced by a rate of 893.85 
tons/year during 2000–2020 and now it is half of the 
year 2000. The spatiotemporal CEs pattern shows that 
the intensity of CEs is increasing mostly in the southwest 
portion of the city. Due to the growth center of Khulna 
city being in this portion, the urbanization trend was 
observed relatively high so as CEs intensity.

5.4 � LST change analysis

Spatiotemporal LST distribution was extracted from 
Landsat Thermal bands for all the study year. The LST 
value was divided into five ranges (with 40C inter-
val) (19  °C–25  °C, 25–29  °C, 29  °C–330C, 33  °C–370C 
and ≥ 37 °C) based on the extracted lower and higher 
LST values in different years (Fig. 8) and calculated the 
percentage of areas within each range (Table 8).

Table  8 shows that about 32.33% (14.60 Km2) and 
67.47% (30.46 Km2) area was in the range of ≤ 25 °C and 

between 25  °C and 29  °C in 2000, while only 15.04% 
(6.79Km2) land cover was found in between 25 °C and 
29 °C in 2010. In 2020, this percentage reduced to 0%. 
During 2010, the LST of most of the areas (77.20%) was 
in the range of 29 °C–33 °C. During 2000, the entire KCC 
area had the LST below 30 °C while in 2020, the mini-
mum LST was 28.760C with most of the area (53.70%) 
having LSTs in the range of 33  °C–37  °C and LST of 
46.08% of total areas was in the range of 29 °C–33 °C. 
Rapid LULC transformation leads to increase buildup 
areas that increase impermeable layers which trigger 
LST and climate change.

5.5 � LST Dynamics in response to LULC and carbon 
emission

5.5.1 � Association between LULC types and LST

The average, minimum and maximum LST on different 
LULC types were extracted and presented in Table 9. The 
highest maximum LST 28.30 °C, 35.82 °C and 39.20 °C 
in the year 2000, 2010 and 2020, respectively, were 
observed in buildup areas, and second-highest LST in 
agricultural land by 26.25 °C in 2000, 27.52 °C in 2010 
and 36.27  °C in 2020. The lowest LST 21.06  °C was 
observed in waterbodies in 2000. The pattern of LST was 
changed much during 2000–2010. In 2010, the lowest 

Fig. 7   Carbon emission and absorption map of KCC in a 2000 b 2010 and c 2020
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radiant surface temperature was observed 23.27 °C in 
vegetation land cover then 23.43 °C in buildup areas. The 
mean, minimum and maximum LST were also observed 
less in vegetation land cover in all the years due to less 
head absorption and transpiration. Figure 9 shows the 
increasing trend of mean LST of all LULC types in the 
study area during 2000–2020.

The local atmospheric conditions also influence LST 
change. An increase in atmospheric temperatures leads 
to a change in LST. The study used three land cover indices 
namely NDVI, NDWI and NDBI, and determined the cor-
relation between LST and these indices to examine the 
influence of different LULC changes on LST change.

Fig. 8   Extracted spatiotemporal LST variation in the study area during a 2000, b 2010 and c 2020

Table 8   Distribution of areas in classified LST ranges during 2000–
2020

LST range ( °C) Area in percentage

2000 (%) 2010 (%) 2020 (%)

 ≤ 25 32.33 0.00 0.00
25–29 67.47 15.04 0.00
29–33 0.20 77.20 46.08
33–37 0.00 7.74 53.70
 ≥ 37 0.00 0.02 0.22

Table 9   Normalized LST in 
different land cover types in 
different years (Unit: 0C)

Year LST AL BU VL VG WB

2000 Min 21.94 21.26 21.53 21.25 21.06
Max 26.25 28.30 23.97 24.55 24.43
Mean 23.83 23.13 22.75 22.72 22.75

2010 Min 27.52 23.43 31.10 23.27 26.27
Max 33.66 35.82 33.34 30.70 32.62
Mean 30.30 28.92 32.22 28.10 28.62

2020 Min 29.69 23.27 33.54 23.24 28.26
Max 36.27 39.20 36.02 33.84 34.34
Mean 32.82 31.47 34.78 31.03 31.43
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Figure  10(A-F) shows the negative correlation 
between LST and NDVI, LST and NDWI which implies 
that the declination of waterbody and vegetation 
influenced the increase in LST in the study area. Fig-
ure 10(G-I) shows the positive correlation between LST 
and NDBI which indicates that the increase in buildup 
area increased the LST during the study period. The 
study found the lower value of NDVI and NDWI with 
the higher value of LST. Both NDVI and NDWI values 
were decreased during the study period that is the den-
sity of vegetation, the presence of moisture in the soil, 
waterbody areas were decreased. On the other hand, 
the NDBI value increased gradually and led to higher 
LST values. The higher correlation-coefficient value of 
the regression analysis between LST and NDVI (0.9583, 
0.9693, 0.9494), NDWI (0.9515, 0.919, 0.9658) and NDBI 
(0.979, 0.9828, 0.9366) indicates that there is a strong 
significant influence of LULC change in the change of 
LST. The relation between LST and two indices (NDVI, 
NDWI) indicates that the higher the vegetation and 
waterbody density, the lower the surface tempera-
ture. Dense forests that mean higher NDVI areas cause 
high evapotranspiration. The relatively high R2 values 
between LST and NDBI (Fig. 10) than other indices prove 
that increase in the buildup area has more effect on the 
LST growth of KCC.

5.5.2 � Association between carbon emissions and LST

GHG emissions influence global warming. Surface tem-
perature increases with the increase in carbon emissions 
[43]. This study assessed the impacts of carbon emissions 
on the LST change. In this communication, we have 
examined the correlations between CEs and LST in the 
GIS environment (Fig. 11). Surface temperatures showed 
an increasing trend with the increase in carbon emission. 
The lowest LST observed 19.724 °C in carbon sinks and 
27.6 °C at the place with the CEs value 5.2 × 104 tons/

year. The correlation value was found highest (0.9979) for 
the year 2010. The mean, minimum and maximum LST 
(Fig. 8, 9) and the net CEs also increased mostly (Table 7) 
during 2000–2010. The correlation coefficient values 
0.9628, 0.9979 and 0.9752 for the year 2000, 2010 and 
2020 indicate the strong positive correlation between 
CEs and LST.

The relationship between CEs and LST implies that the 
increasing trend of CEs in the study area is influenced 
to increase LST. The increase in urban population led to 
the increase in urban activities which accelerated LULC 
transformation and carbon emissions. The reduction of 
carbon sink areas on large scale has reduced the capac-
ity of carbon absorptions in Khulna and increased LST.

5.6 � Simulation of future scenario

5.6.1 � Simulation of LULC for the year 2030 and 2040

The MLP-MC model is used to predict the future poten-
tial LULC pattern for 2030 and 2040 (Fig. 13) by using 
the LULC pattern of 2000–2020. The MLP-MC is a two-
fold process that produces potential transition maps 
to buildup areas for different LULC groups. Firstly, the 
MLP-MC model was used for simulating LULC trends in 
2020 using the LULC maps of the years 2000 and 2010 
to obtain a reliable and acceptable prediction result. 
Table 10 shows that, with a large number of iterations, 
all the potential LULC types showed an overall accu-
racy of 94% and maximum spatiotemporal match with 
predicted and observed LULC classes (Fig. 12), with an 
R2 value of more than 0.85 and all the land cover types 
with more than 97% except vacant land cover (73.72%).

The predicted LULC maps for the year 2030 in Fig. 13(A) 
and 2040 in Fig. 13(B) showed the significant increase in 
buildup areas and the reduction of other land covers 
(Table 11). The CA Markov LULC transformation matrix for 
2020–2040 is presented in Table 12. By 2030, the buildup 
land cover area will increase to 35.91 Km2 (79.55%) and by 
2040, it will increase to 39.42 sq.km (87.33%). Compared 
to 2020, 23.38% of waterbodies and 68.48% of vegetative 
areas will likely be transformed to buildup areas by 2040. 
Agricultural land, vacant land, waterbody and vegetation 
lands will cover 3.72%, 1.37%, 3.81% and 3.77% of the total 
KCC area, respectively, by 2040 in KCC (Table 11). Between 
the year 2030 and 2040, the vegetation land cover will 
decrease from 11.95% to 3.81%. The predicted land cover 
area demonstrated the difference between the land cover 
area between the year 2000 and 2040 are, agricultural land 
−3.597 Km2 (7.75% decrease), buildup area + 15.54 Km2 
(34.42% increase), vacant land + 0.56 Km2 (1.24% increase), 
vegetation −12.01 Km2 (26.61% decrease) and waterbod-
ies −0.589 Km2 (1.30% decrease).
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An increase in urban population, infrastructural and 
economic development will lead to this rapid LULC trans-
formation in the study regions. Potential LULC changes 

could adversely affect the ecosystems, environment and 
human health. The expansions of urban areas drive the 
additional LULC to CEs, higher LTS zones. If that continues, 
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within the next few years, KCC will face significant envi-
ronmental degradation. Proper land-use planning, urban 
green areas and natural resource management will help to 
make KCC a sustainable town in the future.

5.6.2 � Simulation of carbon emissions pattern for 2030–
2040

During 2000–2020, net CEs had increased at a signifi-
cant level, which is shown in Fig. 7, Table 7. Therefore, it is 
essential to simulate future carbon emissions and absorp-
tions (CEA) pattern. The CEA pattern during 2000–2020 is 
used in the MLP-MC model to predict the future potential 
spatiotemporal CEA patterns for the year 2030 and 2040 
which are illustrated in Fig. 14. The MLP-MC model was 
used for simulating the CEA pattern in 2020 using the CEA 
change during 2000–2010 to obtain a reliable and accept-
able prediction result. The predicted 2020 CEA data were 

compared with the actual data for validation (Table 13). 
The 98.48% accuracy of the predicted data indicates the 
good accuracy of the CEA prediction model. The RMSE 
value is relatively less and the R2 values indicate the good 
fit of the model [36].

The modeled CEA in the KCC area for 2030 and 2040 
shows the increase in net carbon emissions. Table  14 
shows that, within 2030, the estimated total emissions will 
be 10.06 × 104 tons and absorptions will be 1.67 × 104 tons/
year. Build up area will contribute to 97.08% (9.77 × 104 
tons) and agricultural land to 2.98% (0.29 × 104 tons) of 
total CEs in the year 2030. The CEs from the buildup area 
will increase to 10.73 × 104 tons and from agricultural land, 
it will increase to 0.32 × 104 tons by 2040. By 2040, LULC 
will lose its absorption capacity and the total absorptions 
will be reduced to 8100 tons/year which is 23. 55 × 104 tons 
less than the amount of carbon absorbed by the different 
LULC types in 2020. An enormous increase in the buildup 
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Fig. 11   Correlation between LST and CEs in the year a 2000, b 2010 and c 2020 in the study area

Table 10   Validation of 
predicted LULC image for the 
year 2020

LULC types Area (Km2) Difference R2 RMSE Accuracy (%)

Actual Predicted

AL 1.764 6.58 4.811 0.88 3.41 97.27
BU 35.694 31.04 −4.650 0.85 3.29 99.86
VL 0.0198 0.54 0.52 0.90 0.37 73.72
VG 5.4567 5.31 −0.143 0.94 0.10 99.97
WB 2.2212 1.64 −0.582 0.89 0.41 99.73
Overall accuracy 94.12
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Fig. 12   Comparison of predicted and observed LULC map of 2020 a Observed b Predicted c Validated LULC map

Fig. 13   Simulated LULC maps for the year a 2030 and b 2040 in the study area
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area will lead to maximum CEs (11.05 × 104 tons) and net 
carbon emissions (10.24 × 104 tons) in 2040. The amount 
of carbon emissions in 2040 will be 12.39 × 104 tons more 
than in 2020 and net carbon emissions will be 19.82 × 104 
tons more.

Since the CEs simulation was performed based on the 
previous (2000–2020) trend, the dominations of higher CEs 
from buildup areas affected the simulation significantly. 
The greeneries or vegetative areas contribute the most to 
carbon absorptions [32], and this study found the massive 
declination of vegetative land cover in KCC in the future. 
This will affect the carbon absorption capacity of the study 
area and accelerate carbon emissions. One of the effec-
tive ways to increase carbon sequestration capacity and 
reduce CEs by increasing green space through plantations 
and preserving existing vegetative areas and waterbodies.

5.6.3 � Simulation of surface temperature for the year 2030 
and 2040

During 2000 to 2020, a remarkable increase has been 
observed in LST. Therefore, LST was simulated for 2030 
to 2040 using the MLP-MC model which are illustrated 
in Fig. 15, Tables 15 and 16. Calculating R2, differences, 

accuracy and RMSE, the accuracy of the simulation was 
validated by the observed and predicted LST values for 
2020 (Table 17). The R2 values 0.87, 0.82, 0.88 and the RMSE 
values 0.33, 2.68 and 0.88 for minimum, maximum and 
mean predicted LST indicate the good fit and good accu-
racy of the simulated LST model [10, 36].

The simulated LSTs for the year 2030 show that about 
44.87% of the total study area will have LST from 36 °C 
to 38 °C and 88.16% (39.80 Km2) areas LST will be more 
than 34 °C. In 2040, the maximum area which is 33.18% 
(14.977Km2) will be recorded in the range of 39 °C–41 °C, 
followed by 26.78% (12.089Km2) area in the range of 
41 °C–43 °C. The simulated LST in this study in 2040 illus-
trates that the majority of the KCC area (69.54%) will have 
a surface temperature of more than 39 °C. The minimum 
LST value will be recorded as 32.11 °C in 2030 and 34.76 °C 
in 2040. The average LST will be 36.764 °C by 2030 and 
39.008 °C by 2040 while the maximum LST will be recorded 
as, respectively, 44.282 °C and 47.939 °C in the study area. 
Compared to 2020, the mean, minimum and maximum 
LST will increase by 4.798 °C, 6.004 °C and 8.2795 °C by 
2040 (Table 16).

Simulated LST for the year 2030 and 2040 shows the 
variation of mean, maximum and minimum LST at a 

Table 11   Predicted land cover 
matrix for the year 2030 and 
2040

2030 2040 Net LULC change (%)

Area Percentage (%) Area Percentage (%) 2020 to 2030 2020–2040

AL 1.52 3.36 1.68 3.72 −0.247 −0.088
BU 35.91 79.55 39.42 87.33  + 0.241  + 3.754
VL 0.62 1.37 0.62 1.37  + 0.599  + 0.599
VG 5.39 11.95 1.72 3.81 −0.074 −3.746
WB 1.70 3.77 1.70 3.77 −0.519 −0.519
Total 45.14 100 45.14 100 – –

Table 12   Predicted CA Markov 
LULC transition matrix for 
2020–2040 (area in sq.km)

For 2020–2030

LULC types AL BU VL VG WB Total

AL 0.0574 1.5824 0.1238 0.0680 0.0149 1.846
BU 0.9496 32.1105 0.3724 1.6801 0.4291 35.542
VL 0.0009 0.0133 0.0011 0.0030 0.0006 0.019
VG 0.3946 1.4519 0.0215 2.9902 0.5647 5.423
WB 0.0669 0.7972 0.0986 0.6722 0.6792 2.314
Total 1.4695 35.9553 0.6173 5.4133 1.6885 45.144
For 2030–2040
AL 1.5183 0.00 0.00 0.00 0.00 1.5183
BU 0.1593 35.750 0.00 0.00 0.00 35.910
VL 0.00 3.672 0.6192 0.00 0.00 0.6192
VG 0.00 0.00 0.00 1.7208 0.00 5.3928
WB 0.00 0.00 0.00 0.00 1.7037 1.7037
Total 1.6776 39.423 0.6173 1.7208 1.7037 45.144
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significant level in different land cover types. Table 16 
shows that the mean, minimum and maximum surface 
temperature in the different land cover types of the study 
area will increase significantly. By 2040, the average LST 

will be recorded as 37.53 °C in agricultural land cover, 
37.72 °C in buildup area, 41.03 °C in vacant land, 37.13 °C 
in vegetation and 38.43 °C in waterbody areas.

Fig. 14   Simulated Carbon Emissions maps for the year a 2030 and b 2040

Table 13   Validation of 
predicted CEA model for the 
year 2020

LULC types Carbon Emissions/Absorptions (Unit: × 104 
tons/year)

R2 RMSE Accuracy (%)

Actual Predicted Difference

AL 0.33 1.21 0.89 0.88 3.41 96.59
BU 9.71 8.45 −1.27 0.85 3.29 96.71
VL 0.00 −0.10 −0.09 0.90 0.37 99.63
VG −1.29 −1.26 0.03 0.94 0.10 99.90
WB −0.37 −0.28 0.10 0.89 0.41 99.59
Overall Accuracy 98.48

Table 14   Predicted Carbon 
Emissions and Absorptions 
matrix for the year 2030 and 
2040

Year Predicted values (Unit: × 104 tons/year) Difference from 2020

AL BU VL VG WB TE TA NE TE TA NE

2030 0.29 9.77 −0.11 −1.2 −0.29 10.06 −1.67 8.39  + 2.53  + 12.62  + 12.68
2.92% 97.08% 6.74% 76.14% 17.12% 100% 100%

2040 0.32 10.73 −0.11 −0.41 −0.29 11.05 −0.81 10.24  + 12.39 −23.55  + 19.82
2.93% 97.07% 13.99% 50.46% 35.55% 100% 100%
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The simulated LST variations showed how the tem-
perature of the KCC area will increase in the future. The 
increase in LST is influenced by increased CEs which pose 
a danger to the ecosystem and risk to human health. It 
will also degrade the standard of the urban environment 

by contributing to the depletion of the ozone layer and 
formulation of acid rain, which will affect the groundwater, 
infrastructure, crop and harms human health as well. To 
mitigate this CEs effect, a more sustainable and effective 
way is to increase urban green space or urban trees and 
recovery of waterbodies for ensuring ecological and envi-
ronmental sustainability.

6 � Conclusion

For the past two decades, the major cities of Bangladesh 
especially Khulna have undergone an enormous expan-
sion of urban area resulting in the declination of veg-
etation, waterbodies and agricultural land cover areas. 
This study explored the use of artificial neural network 
(ANN) to simulate and forecast future potential LULC, 
CEA and LST pattern from a sequence of past three years 

Fig. 15   Simulated LST maps for the year a 2030 and b 2040

Table 15   Validation of 
predicted LST model for 2020

LST Actual Predicted Difference Error (%) R2 RMSE Accuracy (%)

Minimum 28.7602 29.232 0.4718 1.6405 0.87 0.33 99.98
Maximum 39.6598 43.4507 3.7909 9.5585 0.82 2.68 99.90
Mean 34.21 34.884 0.674 1.9702 0.88 0.48 99.98

Table 16   Simulated surface temperature for the year 2030 and 
2040

2030 2040

LST (0C) Area Percentage LST (0C) Area Percentage (%)

 ≤ 34 5.35 11.84%  ≤ 37 5.04 11.16
34–36 17.14 37.98% 37–39 8.71 19.30
36–38 20.25 44.87% 39–41 14.98 33.18
38–40 2.24 4.96% 41–43 12.09 26.78
 ≥ 40 0.16 0.36%  ≥ 43 4.32 9.58
Total 45.14 100.00% Total 45.14 100.00
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values at an epoch interval of 10 years within a period 
of 20 years (2000–2020). GIS-based Landsat image clas-
sification process shows that 26.10% (11.79 Km2) of 
other LULC types were transformed into buildup areas 
during 2000 to 2020 due to the effect of urbanization. 
This accelerated to increase CEs by 25,268, reduce car-
bon absorptions by 17,887 tons and also increased LST 
range from 19.72 °C–29.60 °C to 28.76 °C–39.66 °C during 
2000–2020. The regression coefficient values more than 
0.93 indicate the strong significant influence of CEs on 
LST change in the study area.

The simulation model stated the increase in buildup 
areas to 87.33% by 2040, followed by 3.81% vegetation, 
3.77% waterbodies and 3.72% agricultural land. This 
will lead to increase net CEs of 19.82 × 104 tons/year and 
reduced carbon absorptions capacity by 23.55 × 104 tons/
year by the year 2040. The simulated LST represents that 
the LST range will be observed from 35.11 °C to 44.43 °C 
and in 2040, about 59.96% (27.07Km2) area will likely expe-
rience the LST range of 39 °C to 43 °C. The mean, minimum 
and maximum LST will increase by 4.798 °C, 6.0041 °C and 
8.2795 °C, respectively, by the year 2040. This phenom-
enon is a clear indication of environmental unsustain-
ability in the future due to unplanned LULC transforma-
tion in buildup areas by destroying vegetation areas and 
waterbodies. To slowdown this environmental degrada-
tion, the attachment of the concept of decentralization, 
urban greeneries and conservation of natural resources 
in future eco-friendly urban development plans and its 
proper implementation can be the potential solutions. The 
inclusion of this study’s output will be helpful to the poli-
cymakers and responsible authorities to make Khulna city 
environmentally sound, inclusive, and sustainable. In this 

study, only land specific carbon emissions were consid-
ered for estimating CEs among the various sources of CEs. 
Future research may focus on how to increase the carbon 
sequestration capacity of existing LULC types.
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