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Abstract: 

 
According to the statement of Intergovernmental Panel on Climate Change (IPCC), since the late 19th century, the 

global mean land surface temperature (LST) has increased 20C due to the increase in greenhouse gas emissions and 

rapid land use/land cover change (LULCC) from human activities. The dramatic increase in LST leads to sever urban 

heat island (UHI) effect. In the last few decades, massive LULCC transition leads to higher LST in Bangladesh's 

different city space. The dramatic decrease in green land and water bodies with a massive increase in the urban built-

up area influence LST in Chattogram city. This study estimates the existing and future dynamic of LST using remote 

sensing techniques. A series of Landsat TM/OLI images collected in the summer season were used to explore LST 

variation from 1999 to 2019. Also, the correlation between LST and normalized difference water index (NDWI), 

normalized difference vegetation index (NDVI), normalized difference built-up index (NDBI), and normalized 

difference bare soil index (NDBSI) is estimated. Finally using artificial neural network predict the future LST for the 

year 2029 and 2039 to identify the impact of future LST increase in climate change. The study results suggest that an 

overall increase in LST is 2.50C for the last 20 years. Correlation results indicate that LST shows a strong positing 

correlation with NDBI and a negative correlation with NDWI and NDVI. Simulation results indicate that LST will 

increase 20C (2029) and 30C (2039) compare with 2019.  A significant increase in LST will create environmental 

degradation and ecological imbalance in Chattogram city. Higher LST hotspot areas were found in urban built-up 

areas, which are the most vulnerable to the UHI effect. The findings will help the city authorities to prepare suitable 

strategies to reduce the UHI effect and improve the city's climate change scenario. 
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I. Introduction 

 

Man-made and natural factors are responsible for the variation in urban topography. Continuous expansion of the 

urban environment has occurred in the previous few decades due to rapid urban developments that have negatively 

impacted the land surface temperatures (LST) in urban regions [1, 2]. Industrial advancement and regional exploitation 

have an adverse relationship with the urban areas, representing almost 54% of the world's total population [3]. This 

causes variation in the land use/land cover (LULC), resulting in changes in the urban geophysical environment [4], 

accelerating LST, and climate change [5]. Based on the features of the land surface, LST variation is noticed. Spatial 

and temporal dispersion of land surface elements contributes to LST changes, i.e., substantial LST rise in recorded in 

urban areas compared to rural areas [6]. In 1950, the urban environment was only 3%, but predictions suggest it will 

crank up to 66% by 2050 worldwide [7, 8]. The rise in urban areas are causing a reduction in vegetation as well as 

water body regions, gradually increasing the LST trapping the solar radiation [1, 9]. LST increment feeds the rise in 

the worldwide Urban Heat Island (UHI) effect [10-12].  
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Land surface constitutes different elements, including rock/soil, vegetation, the aquatic environment, and many more. 

Man-made environments are impenetrable and thus traps heat, which in turn causes LST to rise boosting UHI impact 

[6], whereas greenery and vegetation cause the opposite, reflecting the heat and keeping temperatures down, reducing 

the effects of UHI and lessening the LST [13]. Excellent regional planning techniques and identification of spatial and 

temporal shifts depend on vital LULC data. Remote sensing (RS) integrated with Geographic Information Systems 

(GIS) technique is utilized by researchers to identify the transition in LULC (ref). For this, researchers depend on 

Landsat imagery data as high-tech sensors like Multispectral Scanner System (MSS) are mounted on the Landsat's, 

which is used for important LULC prediction. Bands in the MSS sensors specialize in thermal infrared radiation data 

detection, which is an absolute necessity for estimating LST of an area. Many types of research [14, 15] have used 

MSS sensor acquired data from Landsat images to calculate variations in LULC/LST from time to time. 

Rapid urban transition, most of which is unregulated, is noticed in Bangladesh, a densely populated South-Asian 

nation, over the past couple of years. It is predicted that by 2030, Bangladesh's urban residents will comprise of 41% 

of the total national population, says United Nations (ref). This population surge has triggered an unusual rise in built-

up areas fueling LST and UHI impacts. This trend of unregulated urbanization will give birth to economical, health-

care, and environmental degradation amongst the densely populated nations. Markov Chain, Artificial Neural Network 

(ANN), Cellular Automata (CA) etc. algorithms are created for land use/land cover simulations (ref). Markov Chain 

is preferred when lacking in spatial dependency, and distribution is noticed in land use/land cover calculation (ref). 

Based on the laws of transformation, each cell's current status depends on the cell's previous conditions in the cluster, 

which is then identified by the CA model (ref). CA model relies on previous LULC data to forecast future LULC 

transitions (ref). Techniques which includes logistical regression is utilized to predict probable transition matrix. 

Previous spatial information, which includes important road distances, water bodies, vegetations, institutions, etc. is 

used in this technique, which is a noteworthy approach for this model (ref) and has widespread usage in LULC 

forecasting (ref). Forecasted and real LULC information is checked through Kappa variance for the transparency of 

this approach (ref).  

In order to understand and analyze the intricate mechanism of a human brain, ANN was initially developed [16]. This 

approach doesn't need too much previous data to reproduce the mechanism needed to forecast LST's rise [17-19]. 

Automated decisions are taken based on network framework for up to the mark simulation by the ANN's Multi-

Layered Perceptron (MLP) program [19]. Several LULC indexes can be taken under consideration to predict an area's 

LST. Indexes like Normalized Difference Vegetation Index (NDVI) are considered to be weak predictors, whereas 

Normalized Difference Built Index (NDBI) along with Normalized Difference Bare Soil Index (NDBSI) are powerful 

forecasters of LST [20-22]. Urban Index or UI proved to be the most powerful indicator of LST amongst different 

other variables which included vegetation and non-vegetation indexes. As the indicators which are mainly based on 

hypothesis fail to equate the previous patterns, ANN stands as the perfect solution for LST modelling [23-25]. 

Due to this rapid and mostly unplanned urbanization is taking place in Chattogram city. As a result, the temperature 

within the city is gradually increasing, especially in the summer season. By implementing CA and ANN models, it is 

possible to forecast the LST behavior of this coastal city. This study also aims to help city planners and poly makers 

rethink their decisions and take the best action for the city's betterment. The study is unique to this geographic location 

and takes into account the LST patterns of 1999, 2009, and 2019 and predicts LST pattern for the summer season of 

the years 2029 and 2039, respectively. 

II. Materials and Methods 

 

Study Area 

Surrounded by the Bay of Bengal to the West and Karnafuli river to the East, the city of Chattogram is the second-

largest city as well as the major port city of Bangladesh. The city lies between 22°13' and 22°27' N Latitude and 91°40' 

and 91°53' E Longitude [26]. Chattogram City Corporation has a total area of 184 sq. km. The city has a population 

of 2692579 with a density of 16021 persons per sq. km. The city is divided into 12 thanas including a portion of 

Hathazari Upazila. The thanas are further subdivided into 41 wards and 234 mahallas [27]. It has been declared the 

'Commercial Capital' by the government of Bangladesh [28]. Based on the data provided by Bangladesh Metrological 
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Department, Chattogram city during summer experiences an average temperature ranging between 22-32°C, and in 

winter, the temperature ranges between 20-26°C. Tropical monsoon climate prevails in Chattogram according to the 

Köppen climate classification. Here, March-June is summer, July-November is rainy, and December-February marks 

the winter season. Chattogram city experiences heavy rainfall during the monsoon, followed by a short-lasting dry 

season. In this area, the average rainfall recorded is 2889.7mm [29, 30]. 

Figure 1: Location map of the study area 

 

Data Sets and Processing Strategy 

From the United States Geological Survey (USGS) Landsat image database, necessary Multi-spectral Landsat images 

were downloaded for the summer season of 1999, 2009 and 2019. In order to forecast the summer season LST of the 

study area for the mentioned years, April month's Landsat images were acquired. A twenty-one-day time gap was 

maintained so that seasonal change cannot impact the data. <10% cloud cover was maintained to avoid affiliated 

weather errors [23, 31, 32]. It was ensured that the cloud cover was almost zero above the study location.  

Table 1: Description of the downloaded Landsat satellite images; Source: US Geological Survey, 2020 

Date Acquired 

(M/D/Y) 

Scene ID Sensor Cloud cover (%) Path/Row 

04/15/1999 LT05L1TP136045199904152016122001T1 Landsat 5 TM  

< 10 % 

136/45 

04/10/2009 LT05L1TP136045200904102016102601T1 Landsat 5 TM 136/45 

04/22/2019 LC08L1TP136045201904222019050701T1 Landsat 8 OLI 136/45 
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Land Surface Temperature Calculation Procedure  

For the years 1999, 2009 and 2019, Landsat images underwent geometrical and radiometric corrections before the 

acquisition of LST. Landsat's are equipped with sensors. These sensors store the acquired thermal information as 

Digital Numbers (DN's). A four-step process was followed in order to get the LST form the DN's [33-35]. 

Step-01: Digital Numbers (DNs) were converted to radiance using equation (1): 

                                               𝐿𝜆 = (
𝐿𝑀𝐴𝑋−𝐿𝑀𝐼𝑁

255
𝐷𝑁) + 𝐿𝑀𝐼𝑁            (1) 

Where: Lλ=Spectral radiance; Following values of LMIN and LMAX were used for three sensors: LMIN=1.238 and 

LMAX=15.30 for Landsat 5; and LMIN=0.10033 and LMAX=22.00180 for Landsat 8 (band 10 and 11 both). 

Step-02: Elaborate the conversion of radiance into brightness temperature (TB) in Celsius using equation (2): 

                                                        𝑇𝐵 =
𝐾2

ln(
𝐾1
𝐿λ

+1)
− 273.15                               (2) 

Where K1 = Calibration Constant 1, and K2 = Calibration Constant 2. 

Following values of K1 and K2 were used for three sensors: 

K1=607.76 and K2=1260.56 for Landsat 5;  

K1=774.89 and K2=1321.08 for Landsat 8 (band 10); 

K1=480.88 and K2=1201.14 for Landsat 8 (band 11). 

Step-03: TB values were converted into LST as follows: 

𝐿𝑆𝑇 =
𝑇𝐵

[1+[
λ 𝑇𝐵𝜎

ℎ 𝑐
ln 𝜀]]

                                    (3) 

Where:  λ=wavelength of emitted radiance 

h = Planck's constant (6.626 X 10−34 J/s) 

σ=Boltzmann constant (1.380649 X 10−23 J/K) 

c=velocity of light (2.998 X 108 m/s) 

ε=Surface emissivity 

Surface emissivity 'ε' was calculated by using the equation (4): 

ε=0.004PV+0.986                               (4) 

Where PV is the proportion of vegetation and calculated as a function of NDVI values as follows: 

𝑃𝑉 = (
𝑁𝐷𝑉𝐼−𝑁𝐷𝑉𝐼𝑚𝑖𝑛

𝑁𝐷𝑉𝐼𝑚𝑎𝑥−𝑁𝐷𝑉𝐼𝑚𝑖𝑛
)2                     (5) 

Where NDVImax and NDVImin are the image-specific maximum and minimum of the NDVI values, respectively. 

Landsat 8 has two thermal bands centered at 10.9 µm and 12 µm. Therefore, LST for Landsat 8 was calculated by 

averaging LST values from both of the bands.  

Standardization of the Land Surface Temperature 

For topographic and seasonal changes related to hilly areas in the thermal images of different year Landsat data, LST 

standardization was performed for comparability. The LST variation of the photos from various years and seasonal 

changes is not exactly comparable. Standardization was meant to put all factors into each other's proportion [36-38]. 

The polluted pixels of the cloud were separated through gross procedures, and standardized the LST. 

 𝐿𝑆𝑇𝑠 = 𝐿𝑆𝑇 −
𝐿𝑆𝑇𝑢

𝐿𝑆𝑇𝛺
                         (6) 

Where: LSTs=Standardized LST, 

LSTu=Mean of estimated LST from 1999 to 2019, 

LSTΩ=Standard deviation of LST from 1999 to 2019.  
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Classification of Land Surface Temperature Zone 

In order to analyze the temperature variation in different regions of the study are, temperature ranges were divided 

into several classes (i.e., ≤ 20, 20-<26, 26-<31, 31-<36, and ≥36 °C). The reason for this classification is to calculate 

the temperature fluctuation trends in various regions of the study area over the study duration. In this study, the summer 

season's minimum temperature was equal or higher than 20 °C and the peak temperature region recorded as high as 

less than or equivalent to 36 °C.  

 

Estimation of NDVI, NDWI, NDBI and NDBSI 

 

For estimation of LULC indexes several bands such as NIR, RED, GREEN, SWIR and BLUE bands from Landsat 

4-5 and Landsat 8 satellite images were used.  

 

Table 2: Equations used for NDVI, NDWI, NDBI, and NDBSI calculation 

LULC indexes Equation  Reference 

NDVI 𝑁𝐷𝑉𝐼 =
𝑁𝐼𝑅−𝑅𝐸𝐷

𝑁𝐼𝑅+𝑅𝐸𝐷
                                (7) 

 

[39, 40] 

NDWI 𝑁𝐷𝑊𝐼 =
𝐺𝑅𝐸𝐸𝑁−𝑁𝐼𝑅

𝐺𝑅𝐸𝐸𝑁+𝑁𝐼𝑅
                           (8) 

 

[41] 

NDBI 𝑁𝐷𝐵𝐼 =
𝑆𝑊𝐼𝑅−𝑁𝐼𝑅

𝑆𝑊𝐼𝑅+𝑁𝐼𝑅
                               (9) 

 

[42] 

NDBSI 𝑁𝐷𝐵𝑆𝐼 =
(𝑅𝐸𝐷+𝑆𝑊𝐼𝑅)−(𝑁𝐼𝑅+𝐵𝐿𝑈𝐸)

(𝑅𝐸𝐷+𝑆𝑊𝐼𝑅)+(𝑁𝐼𝑅+𝐵𝐿𝑈𝐸)
              (10) 

 

[43] 

 

Prediction of Land Surface Temperature for 2029 and 2039  

Based on the trend of summer LST of 1999-2019, the prediction for the summer season LST of 2029 and 2039 are 

made. The study region was segmented (space-oriented grid blocks each of 500 X 500m) to generate the output of 

sample points of the space-oriented blocks using the QGIS software. The data was then utilized to enhance the Neural 

Network system within MATLAB software for better forecasting of the LST. In addition, latitude-longitude data were 

provided to specific spatial sample points for better performance of the analysis model. The development of the 

network, along with training and analysis of performance and finally forecasting, all these are required for LST 

forecasting. Correlation Coefficient (R) and Mean Square Error (MSE) were used to justify network reliance. It is 

described by the regression-based analysis as how good the deviations in results of output were according to the 

benchmark data set. Value 1 indicates absolute correlation in between the target and result data set. In reality, getting 

value 1 is difficult. The functional indicator prior to the adoption of the network is examined by creating a Graphic 

User Interface (GUI). Appropriate indicators of performance were stored for forecasting. 

III. Result and Discussion 

 

Analysis of Land Surface Temperature 

Analysis of summer season's LST in the study area for the years 1999, 2009 and 2019 displays a noticeable amount 

of variation. In Figure 2, the images of LST distribution are shown. LST distribution can be understood from the color 

distribution in the study area. Reddish-orange areas in the pictures indicate zones with maximum exposure to higher 

levels of LST. Zones with yellowish-orange to yellowish-green indicate the middle ranges of LST. Green to bluish 

regions indicate the areas with moderate to low LST impact. 

Figure 3 shows the percentage (%) wise areal distribution of LST (°C) in the study region for the years 1999, 2009 

and 2019. For the year 1999, form Figure 3, it can be seen that 21.55% of the total study area was less than 20 °C. 
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26.65% area fell under the range of 20-<26 °C and the largest percentage i.e., 49.51% of the entire study area, fell 

under the range of 26-<31°C temperature zone. A less percentage of area i.e. only 2.25%, fell under 31-<36°C 

temperature zone. This trend gradually changed in the upcoming years.  

Figure 2: Land surface temperature in the study area 

 

Figure 3: Arial distribution of LST in the study area 
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In 2009, 9.90% area experienced temperatures lower than 20°C and 30.26% area went under 20-<26°C temperature 

class. The maximum amount out of the total area, which is 51.50%, fell in the 26-<31°C temperature zone in 2009, 

whereas, only 8.18% area experienced temperatures between 31-<36°C. And in 2019, 21.70% of the total study region 

went under 26-<31°C temperature class, which is a huge jump compared to previous percentages. A significant 

increase in the percentage of higher temperature zones were also noticed as 25.91% of the total area fell within 31-

<36°C temperature class. In 2019, 33.46% of the study area experienced temperatures ≥36°C, which the highest 

percentage to fall under the peak temperature range compared to previous year's data. 

From the Figure 2, it is evident that the higher temperatures concentrated in areas subjected to built-up environment. 

The areas with more industrialization/urbanization faced more temperatures. And areas with more vegetation 

experienced lesser temperatures.       

Correlation Between LST and NDVI, NDWI, NDBI and NDBSI 

Figure 4, displays different land cover index variations i.e. NDVI, NDWI, NDBI and NDBSI for the years 1999, 2009 

and 2019 in the study region. For (a) which represents NDVI, greener regions exhibit high NDVI value and reddish-

orange indicates lower values of NDVI. In (b) NDWI is expressed, here, deep-blue indicates high NDWI value and 

greenish regions indicate lower values. Again in (c) which is NDBI, reddish-orange indicates high NDBI value regions 

and green areas indicate lower value region respectively. Finally, (d) illustrates NDBSI, bright-yellowish regions 

indicate high NDBSI regions and purple regions indicate lower NDBSI regions. 

Figure 4: Land cover indexes variation from 1999 to 2019 in the study area a) NDVI b) NDWI c) NDBI and d) 

NDBSI 
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The correlation value range is from 0- ±1 where +1 indicates an absolute correlation and -1 indicates no correlation at 

all. As the LST is influenced by NDBI and NDBSI value the following Table 2, 3 and 4 describe the correlation 

between NDVI, NDWI, NDBI and NDBSI, where NDBI and NDBSI represent the LST scenarios for the years 1999, 

2009 and 2019 respectively.  

There persists a noticeable correlation between NDVI and the NDWI in the year 1999 and between NDBSI and NDBI 

according to Table 3. Also, a similar strong correlation is observed in-between the NDWI and NDWI whose values 

stood at 1 and 0.9 respectively in the year 2009, whereas NDBSI and the NDBI also expressed correlation as shown 

in Table 4. For the year 2019, in Table 5, concrete correlation is also noticed between the NDVI and NDWI having 

values 1 and 0.9565, respectively. In the same year NDBSI and NDBI also showed moderate correlation with values 

of 1 and 0.8, respectively.  

By analysing the correlation tables, it is evident that in the years 2009 and 2019, the strongest correlation was exhibited 

by the NDVI and NDWI. NDBSI and NDBI also showed noticeable correlations in the years 1999 and 2019 

respectively.   

Table 3: Correlation matrix between NDVI, NDWI, NDBSI, and NDBI for year 1999 

  1999   

NDVI NDWI NDBSI NDBI 

NDVI 1 -  -  -  

NDWI 0.82256 1 -  -  

NDBSI -0.33203 0.0278 1 -  

NDBI -0.43452 -0.29322 0.80202 1 

     

 

Table 4: Correlation matrix between NDVI, NDWI, NDBSI and NDBI for year 2009 

  2009   

NDVI NDWI NDBSI NDBI 

NDVI 1 -  -  -  

NDWI 0.90382 1 -  -  

NDBSI -0.40514 0.16799 1 -  

NDBI -0.62693 -0.47865 0.72536 1 

 

Table 5: Correlation matrix between NDVI, NDWI, NDBSI and NDBI for year 2019 

 

 2019   

NDVI NDWI NDBSI NDBI 

NDVI 1 - - - 

NDWI 0.9565 1 - - 

NDBSI -0.89035 -0.876035 1 - 

NDBI -0.83538 -0.8438 0.80486 1 

 

ANN Model Validation for LST Prediction for the Years 2029 and 2039  

Table 6 shows how the ANN model was validated for predicting the LST for 2029 and 2039. The validation was 

performed using the ANN model within the MATLAB software. The number of hidden/concealed layers were kept at 

4. The MSE error was found to be 0.6235 and the correlation coefficient-R was found to be 0.8654. Both values of 

MSE and correlation coefficient-R are acceptable, thus supports the validity of the LST forecasting for the years 2029 

and 2039 in summer season Chattogram city area.  
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Table 6: Validation of ANN model for LST prediction in the year 2029 and 2039 

Prediction Year  ANN model Validation for LST prediction using MATLAB software 

 No of hidden layer Mean Square Error (MSE) Correlation coefficient-R  

2019 4 0.6235 0.8654 

 

Predicted LST for the Years 2029 and 2039 

The maps illustrated in Figure 5 show the predicted summer season LST maps for 2029 and 2039 respectively. In the 

figure brownish-red regions indicate higher LST and green areas indicated moderate to little LST, and blue zones are 

the areas with least LST. 

Figure 5: Predicted LST maps using ANN method for 2029 and 2039 
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As shown in Figure 5, the LST is divided into 5 classes with different LST ranges i.e. ≤ 20, 20-<26, 26-<31, 31-<36 

and ≥36 °C respectively. Here, the area is represented in percentages for both the years. Analysis of Table 6 reveals, 

in the year 2029 and 2039, absolutely no area will remain in the ≤ 20°C range. For 2029, 21.67% of the total study 

area will fall under the 26-<31°C temperature zone and 26.02% of the total study area will remain under 31-<36°C 

temperature zone. 31.22% of the entire Chattogram city area will experience ≥36 °C temperatures, which will be the 

highest for the year 2029. And for 2039, the situation gets even hotter. 4.349% area will remain under the 26-<31°C 

temperature zone. Almost 55.574% of the total study area will come under 31-<36°C temperature zone, which 

compared to 2029, is significantly higher. Moreover, 34.906% of the total study area will face temperatures ≥36 °C.  

 

IV. Conclusion 

 

This study's core objective aimed at the determination of the summer season LST trend from 1999 up to 2019 and to 

forecast the pattern of LST for the summer season for the years 2029 and 2039 respectively. Usage of CA-ANN 

machine-oriented learning was used to predict the LST. The outcome of the study predicts LST to range between 

maximum of 38.65°C and 39.32°C, respectively for the years 2029 and 2039. Data from the analysis suggest that LST 

will rise by 2°C in 2029 and by 3°C in 2039 compared with 2019. 

As Chattogram city is a business-oriented area, the rapid urbanization that is widely unregulated will cause the LST 

condition to degrade even more. Because of the increase in the built-up area in this location, UHI will also increase in 

this area, thus making the area unsuitable for sustainable living. This study aims to convey the message of harm done 

towards the environment and help city planners and policy creators re-analyze their actions and make cities more 

ecologically friendly and sustainable.   
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