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Abstract: Aerosol Optical Thickness (AOT) is one of the critical factors for global atmospheric conditions, 
climate change, and air pollution. AOT has been exposed as a major component of air pollution in Bangladesh. 
This paper aims to map the seasonal distribution of AOT from 2002-2022 and to explore the internal 
relationship between AOT and ten air pollutants using remote sensing and machine learning tools. These ten 
air pollutants are Particulate matter (PM2.5), Methane (CH4), Carbon monoxide (CO), Nitrogen dioxide (NO2), 
Formaldehyde (HCHO), Ozone (O3), Sulfur dioxide (SO2), Aerosol Particulate Radius (APR), Nitrogen oxide 
(NOx) and Black carbon (BC). The results show that the concentrations of AOT were higher in December-
January-February (mean value 0.50) and March-April-May (mean value 0.50) seasons, mostly in the central, 
western, and southern parts of Dhaka, Narayanganj, and Munshiganj districts. AOT was a bit less in June-July-
August (mean value 0.33) and September-October-November (mean value 0.37). This paper also revealed that 
the AOT was correlated positively with PM2.5 (0.60), CH4 (0.80), NO (0.76), and BC (0.83) while correlated 
negatively with CO (-0.66), HCHO (-0.16), SO2 (-0.41), APR (-0.48), and NOx (-0.20). From the machine learning, 
the Rational quadratic GPR (RME-0.0024, MAE-0.0015, R2-0.96), Matern 5/2 GPR (RMSE-0.0023, MAE-0.0015, 
R2-0.96), and Squared Exponential GPR (RMSE-0.0015, MAE-0.0015, R2-0.96) were found good classifiers to 
predict AOT. UN agencies, government line departments, and local and regional development councils for air 
pollution mitigation and long-term protective measures may use the paper's key results. 

Keywords: AOT; bangladesh; air pollution; machine learning; remote sensing 
 

1. Introduction 

The earth's atmosphere is a complex fusion of various liquid, solid and gaseous substances [1–
3]. Aerosol Optical Thickness (AOT) is the quantitative measure of the aerosol particles present in the 
earth's atmosphere, which represents the extinction of solar radiation by scattering and absorbing it 
when it passes through the atmosphere [4–6]. In the climate system, AOT exhibits significant 
influence by reflecting, scattering, and absorbing both the incident and reflected radiation. In 
different parts of the world, spatial and temporal variations of AOT have been observed due to 
natural and anthropogenic emissions, primarily associated with the heavy concentration of 
particulate matter in the air [7,8]. Seasonal and temporal variations of atmospheric aerosol have also 
been observed over Bangladesh. Observations of atmospheric aerosol indicate that the pre-monsoon 
season exhibits maximum AOT values, while the minimum AOT is observed in the post-monsoon 
period [9]. Heavy particulate matter concentration is observed in Dhaka, the capital of Bangladesh, 
one of the highest heavily polluted cities in the world [10–13]. Unplanned infrastructural 
development, brickfields, and unfit vehicles contribute significantly to aerosol concentration [14–17].  
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According to a study in Kanpur, India, anthropogenic sources are dominant producers of fine 
aerosols during winter and post-monsoon seasons. In contrast, pre-monsoon and monsoon seasons 
observe coarse aerosol loading [18]. A forest fire in Sumatra, Indonesia, increased the PM2.5 
concentration in the air which is highly correlated with increased AOT concentration [19]. According 
to [18], dust storms significantly affect aerosols' seasonal and temporal variation over the Indo-
Gangetic basin, followed by the enhanced value of AOT immediately after the sand storms from the 
Thar desert. Thus, it is evident that aerosol loading has global spatial and temporal variability. Air 
pollution is not a regional issue nowadays; it has become a global phenomenon. However, most of 
the previous studies looked into either spatiotemporal variations or the seasonal effect of AOT, where 
the remote sensing-based seasonal variation and its relationship with other key air pollutants need 
to be included and discovered. Therefore, this research has filled this knowledge gap by aiming for 
two objectives: (1) mapping the seasonal distribution of AOT from 2002-2022 and (2) exploring the 
internal relationship between AOT and ten air pollutants using remote sensing and machine learning 
tools. 

2. Materials and Methods 

2.1. Study Location 

Dhaka, Narayanganj, Munshiganj, Narshingdi, and Gazipur districts were considered as the 
study location for this paper (Figure 1). The entire study location lies between latitudes 23°20'N - 
24°20'N and longitudes 90°00'E- 91°00'E, which covers approximately 7,036 km2. According to [20], 
roughly 15 million people live there, with a population density of 2,170 persons per km2 [21]. Mainly 
four climatic circumstances are predominant in the area: summer, pre-monsoon, monsoon, and 
winter [22].   

 
Figure 1. Map of the study area, along with the topographic height and sample points of all 
parameters used in the paper. 
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2.2. Datasets Used  

As the independent variables, ten different types of air pollutants were used in this paper. These 
pollutants were collected and extracted from several satellite sensors (Table 1). Aerosol optical 
thickness (AOT), Particulate matter (PM2.5), Methane (CH4), Carbon monoxide (CO), Nitrogen 
dioxide (NO2), Formaldehyde (HCHO), Ozone (O3), Sulphur dioxide (SO2), Aerosol Particulate 
Radius (APR), Nitrogen oxide (NOx) and Black carbon (BC) were downloaded in November 2022 
due to high signature of their properties in the study area’s air [16,23–26]. On the other hand, Aerosol 
Optical Thickness (AOT), as the dependent variable, was collected from 2002-2022. The monthly 
average data of December-January-February, March-April-May, June-July-August, and September-
October-November from 2002-2022 was used as seasonal variation information. The scientific 
characteristics of both dependent and independent variables are described in Table 1. 

Table 1. Name, sources, and characteristics of independent and dependent variables used in the 
paper. 

Theme Name Unit 
Resolution

(deg) Source 
Collection 

Time 

 
Independent 

Variables  
(Air pollutants) 

PM2.5 
mg m-

3 0.01x0.01 https://ads.atmosphere.copernicus.eu/ 

Nov. 2022 

CH4 ppb 0.01x0.01 https://ads.atmosphere.copernicus.eu/ 

CO mol 
m-2 

0.01x0.01 https://search.earthdata.nasa.gov/search 

NO2 
mol 
m-2 0.01x0.01 https://aura.gsfc.nasa.gov/ 

HCHO
mol 
m-2 0.01x0.01 https://ads.atmosphere.copernicus.eu/ 

O3 mol 
m-2 

0.01x0.01 https://ads.atmosphere.copernicus.eu/ 

SO2 mol 
m-2 0.01x0.01 https://ads.atmosphere.copernicus.eu/ 

ARP % 0.01x0.01 https://neo.sci.gsfc.nasa.gov/ 
NOx kg m-3 0.01x0.01 https://giovanni.gsfc.nasa.gov/giovanni/ 
BC kg m-3 0.01x0.01 https://giovanni.gsfc.nasa.gov/giovanni/ 

Dependent 
Variables 

AOT N/A 0.01x0.01 https://neo.sci.gsfc.nasa.gov/ 2002-2022 

2.3. Sample Collection  

This paper collected 190 sample points from different areas of the study locations using a 
random sampling method [27–29]. Each district contained a minimum of 37 sample points, which 
were uniformly distributed across the study location (Figure 1). The on-screen point data collection 
method was applied to extract these points and then a database was prepared for geographic 
information system and statistical analyses. These data points were used in machine learning tools. 

2.4. Pre-processing 

After collecting 190 sample points and preparing a database, the ArcGIS v. 10.8 and JAPS v. 0.14 
software were used to analyse the seasonal variations of AOT and performing the statistical analyses. 
Matlab v.2021a was utilized to execute the machine learning algorithms [30,31].    

2.5. Seasonal Analysis  

Understanding the spatial and seasonal variations and the load of AOT is crucial for local climate 
and air pollution [32,33]. The winter, pre-monsoon, and monsoon seasons were considered to find 
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out the seasonal variability [8]. GIS mapping and statistical analysis were used to delve into the 
seasonal characteristics of AOT.     

2.6. Correlation Analysis  

Pearson's correlation was used in this paper to find out the internal relationships among 
different variables. A correlation is the most helpful tool in understanding the positive and negative 
correlated variables among air pollutants and other factors [6,34–36]. The calculation of a correlation 
is below:   𝑟 = ∑ሺ𝑥௜ − 𝑥̅ሻሺ𝑦௜ − 𝑦തሻඥ∑ሺ𝑥௜ − 𝑥̅ሻଶ∑ሺ𝑦௜ − 𝑦തሻଶ (1)

where r = correlation coefficient, 𝑥௜  = values of each point (x variable), 𝑥̅ = values of the mean (x), 𝑦௜ 
= values of each point (y), and 𝑦ത = values of the mean (y). 

2.7. Point Interpolation  

The 190 sample points collected from the study area were interpolated using the Inverse 
Distance Weighted (IDW) method due to close distance and uniform data distribution [37–39]. The 
seasonal variations of AOT were mapped using this interpolation method, which has been used 
widely in air pollution mapping and modelling [39–42]. The IDW calculation is in the equation below: 

𝑧௝ = ∑  ௜ 𝑧௜𝑑௜௝∑  ௜ 1𝑑௡೔ೕ (2)

where 𝑧௝ is the value of a known data point, 𝑑௜௝ is the distance of a known point, 𝑧௝ is the value at 
the unknown point.    

2.8. Machine Learning (ML) for Prediction    

This paper used machine learning algorithms to predict the internal relationship between AOT 
(dependent variable) and ten air pollutants (independent variables). The annual average data from 
2002-2022 was used with no seasonal variation in this prediction modelling. The standard process of 
a machine learning system, such as data collection, preparation, feature selection, training data 
generation, data testing, and evaluation, were followed to execute the Rational quadratic GPR, 
Exponential GPR, Matern 5/2 GPR, and Squared Exponential GPR classifiers [43–46]. Finally, the 
Mean Absolute Error (MAE), Root Mean Square Error (RMSE), Mean Square Error (MSE), and 
Coefficient of Determination (R2) were used to evaluate the model performance of these classifiers. 
The equations of these performances are given below:  

𝑀𝐴𝐸 = 1𝑛 ෍  ௡
௜ୀଵ |𝑃௜ − 𝑂௜| (3)

𝑅𝑀𝑆𝐸 = ඩ1𝑛 ෍  ௡
௜ୀଵ ሺ𝑃௜ − 𝑂௜ሻଶ (4)

𝑀𝑆𝐸 = 1𝑁 ෍  ே
௜ୀଵ ሺ𝑦௜ − 𝑦ො௜ሻଶ (5)

𝑅ଶ = ∑  ௡௜ୀଵ ሺ𝑃௜ − 𝑂തሻଶ∑  ௡௜ୀଵ ሺ𝑂௜ − 𝑂തሻଶ (6)
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where n is the number of sample data points (190), Pi is the predicted data point, and 𝑂ത is the mean 
of the observed data.  

3. Results and Discussion 

3.1. Descriptive Statistics of All Parameters   

The basic descriptive information of all parameters is shown in Table 2. This analysis revealed 
that all of the variables' mean concentration ranges from 0.005 to 82.11, while the standard deviation 
ranges between 0.002 and12.49. Among all the variables, the mean concentration was very high for 
CO (82.11), PM2.5 (65.29), NO (56.15), and O3 (23.28). On the other hand, standard deviation was the 
highest for NO (12.49), ARP (3.83), and PM2.5 (1.23) (Table 2). The minimum and maximum values 
variations were also observed in NO (28.58 - 74.26) and APR (10.64 - 28.14).      

Table 2. Basic statistical parameters of all variables. 

ParametersMean Std. Deviation MinimumMaximum 
AOT 0.503 0.011 0.472 0.522 
PM2.5 65.29 1.233 62.30 67.47 
CH4 6.331 0.034 6.240 6.382 
CO 82.11 0.089 81.94 82.33 
NO 56.15 12.49 28.58 74.26 

HCHO 0.893 0.043 0.802 0.966 
O3 23.28 0.785 23.96 24.14 

SO2 1.026 0.385 0.467 1.855 
APR 16.46 3.831 10.64 28.14 
NOx 0.005 0.002 0.001 0.010 
BC 0.673 0.020 0.638 0.694 

3.2. Seasonal Analysis of AOT  

The seasonal and spatial variations of AOT are presented in Figure 2. The mean concentration 
of AOT was higher in December-January-February (0.50) and March-April-May (0.50), while it was 
a bit less in June-July-August (0.33) and September-October-November (0.37). The standard 
deviations of December-January-February (0.01) and March-April-May were the same (0.01) (Table 
3). During the December-January-February seasons, the most concentrated areas were found in the 
central, western, and southern parts of Dhaka, Narayanganj, and Munshiganj districts (Figure 2). 
Eastern and Southern parts of Narayanganj and Narshingdi were highly concentrated. On the other 
hand, a similar concentration pattern was found in June-July-August and September-October-
November seasons (Figure 2).    

Table 3. Seasonal variations of AOT in the study area. 

Seasons MinMaxMean Std. Deviation 
December-January-February 0.46 0.52 0.50 0.01 

March-April-May 0.45 0.53 0.50 0.01 
June-July-August 0.25 0.40 0.33 0.03 

September-October-November 0.33 0.42 0.37 0.02 
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Figure 2. The spatial and seasonal variations of AOT in the study area, showing (a) December-
January-February, (b) March-April-May, (c) June-July-August, (d) September-October-November, 
and (e) graphical presentation of AOT pattern. 

Among the most populated nations, Bangladesh and other countries had the highest aerosol 
loadings [47]. Numerous types of research have been done on the effects of AOT and their seasonal 
patterns in various regions of the world, mainly to explore why AOT is so high and the seasonal 
variance found throughout Bangladesh. Research in Dhaka indicated that biomass burning 
contributed to 40.2% of all pollutants and that the annual increase in AOD was mainly caused by 
biomass burning during the winter [48]. Anthropogenic factors such as emissions from vehicular 
transportation, burning of biomass, industrial activities, and activities for urban growth, and natural 
sources of aerosols include forest fires, burning of crop waste, marine aerosols, and mineral dust and 
the adjacent maritime areas of Asia are the key reasons for occurring AOT in Bangladesh [47–49]. 
Over the Indian subcontinent, AOT patterns are significantly increasing [47]. Bangladesh experiences 
very high yearly aerosol loading, and because of its location, its seasonal AOT pattern is comparable 
to the neighbouring country, India [9,50,51].  

An array of quality research papers has also reported that AOT has a seasonal variation, which 
explains why it is happening in Dhaka and other parts of the globe. AOT's seasonality exhibits higher 
values during pre-monsoon & monsoon seasons whereas lower values during post-monsoon & 
winter seasons [9,47,48]. During the DJF (December, January, February) season, high AOD values are 
the manifestations of anthropogenic activities (coal fire plants, vehicle emissions, biomass burning) 
and meteorological conditions that concentrate the aerosol load in the East Indo Gangetic Plains [47]. 
In the summer season, MAM (March, April, May) AOT is seen to increase, which is expected to occur 
because of high temperature, high wind velocities, and higher concentrations of water vapour in pre-
monsoon, which has been shown to have a relationship with increasing AOT [9]. The minimum AOT 
values are recorded during SON (September, October, November) season when the meteorological 
conditions favour an increasing AOT pattern [47,51]; this is similar to reducing AOT concentration in 
Dhaka, Bangladesh.  

3.3. Correlation Analysis among Parameters  

A heat map was generated to show the results of Pearson’s correlation (Figure 3). The correlation 
results reveal that AOT correlated positively with four air pollutants which were statistically 
significant to PM2.5 (0.60), CH4 (0.80), NO (0.76), and BC (0.83). On the other hand, AOT was correlated 
negatively with CO (-0.66), HCHO (-0.16), SO2 (-0.41), APR (-0.48), and NOx (-0.20). 
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Figure 3. The correlation between dependent (AOT) and independent factors (ten air pollutants). 

Worldwide, the total aerosol optical thickness appears to be equally influenced by sulphate, 
dust, and carbonaceous particles (organic carbon, black carbon) and sea salt to overall AOT [50,52]. 
Black and organic carbon aerosol emissions, including mineral ash, are mainly brought on by forest 
fires [53]. Aerosols can be divided into two categories based on their origin: terrestrial (from sources 
like industrial smoke, bushfires, sandstorms, volcanic eruptions, and crop burning) or marine (from 
sources like salt crystals, ocean spray, and hygroscopic salt nuclei) [54,55]. Biomass burning 
significantly increases monthly loading and order of magnitude daily spikes for tropical sites [56]. A 
study conducted by [57] in the Netherlands on determining a relationship between AOT and PM2.5 
found that the correlation between AOD and PM2.5 is reasonably high in the more polluted areas. The 
paper’s study area has found that vehicular transportation, burning biomass and crops, wildfires, 
and mineral dust contribute to the AOT in Bangladesh [47–49].  

CH4 has risen gradually from 2018-2021 in several districts within Bangladesh, such as Dhaka, 
Gazipur, and Munshiganj. Furthermore, a positive correlation has been established between CH4 and 
different air pollutants such as black carbon, dust, NO2, PM2.5, O3, and AOT [58]. Previous research 
revealed in Alabama, USA, that a significant positive relationship was found between AOT and PM2.5 
[5,59]. A positive correlation between AOT and surface PM2.5 has been shown in this investigation 
[60]. A study done in Thailand found that the PM2.5-AOD association was comparable to research 
conducted elsewhere in the world [61]. During the spring and fall seasons, higher correlation 
coefficients between PM2.5 mass and AOD were seen, and they appeared to be caused by the transfer 
of Asian dust (desert crustal material) particles from outside the region [62]. In a study to assess the 
relationship between simulated carbon monoxide (CO) and aerosol optical depth (AOD), it was 
discovered that over eastern and central Africa, at the transition between forest and savannah 
environments, there was a strong relationship between CO and aerosols from biomass burning [63]. 
Despite being spatially associated with the AOT field and one another, each trace gas field exhibits 
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its unique characteristics [60]. The northeast of China has high NO2, SO2, HCHO, and AOT 
concentrations, and the spatial patterns exhibit strong spatial connections [64]. According to a study 
by [65], aerosol loading is positively connected with ozone concentrations in big cities like Shanghai, 
especially during the summer. [60] examined the relationship between AOT and trace gasses, it was 
discovered that NO2 was present over heavily populated and industrialized areas such as the German 
Ruhr, the Rotterdam-Antwerp region in the Netherlands and Belgium, and the Po Valley in Italy. 
Furthermore, because AOT was similarly high in Poland and the Mediterranean basin, the study 
concluded that there is a strong spatial association between AOT and NO. The concentrations of NO2, 
SO2, HCHO, and AOT are high in the northeast of China, and the spatial patterns exhibit strong 
spatial correlation [52,55,66].  

3.4. Machine Learning for Predictive Analysis  

This paper used four classifiers of supervised machine learning tools to predict the internal 
relationship between AOT and ten air pollutants. The evaluation of four classifiers revealed that the 
R2 values were from 0.94 to 0.96, which found a strong relationship (Figure 4). The Rational quadratic 
GPR (RMSE-0.0024, MAE-0.0015, R2-0.96), Matern 5/2 GPR (RMSE-0.0023, MAE-0.0015, R2-0.96), and 
Squared Exponential GPR (RMSE-0.0015, MAE-0.0015, R2-0.96) were found good prediction with the 
AOT (Figure 4) 
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Figure 4. Major machine learning results: (a) Rational quadratic GPR, (b) Exponential GPR, (c) Matern 
5/2 GPR, (d) Squared Exponential GPR, and (e) evaluation performance table. 

Machine learning techniques are used to analyse data from AOT measurements to improve 
understanding of aerosols and their effects on climate and air quality [45,67]. For example, machine 
learning algorithms classify different types of aerosols based on their optical properties or to predict 
AOT values from other atmospheric data [68,69]. Along with air pollutant data [70], different 
meteorological data such as temperature, relative humidity, wind speed, and wind direction have 
influential contributions to AOT in the State of Nuevo León, in Northeast Mexico. The overall R2 
values were from 0.68-0.71, which is very close to the paper.  

Satellite-based AOT measurement and its prediction are essential in local and regional planning. 
[71] used multi-sensor satellite data, meteorological information, and ground-based parameters to 
predict AOT in the eastern part of China and Japan using machine learning classifiers. The R2 value 
of their results (0.82 to 0.89) was similar to the values found in this study. This is perhaps due to the 
lower number of sample points that were used. Vegetation coverage was a suitable variable for 
predicting AOT because it controls dust, rainfall, and particulate matter [72]. However, they 
suggested that the sample points close to dusty areas are the key reasons for the difference between 
observed and predicted values of AOT in the ground. The seasonal variations of climate, 
environment, social, and development variables change the patterns of the AOT's concentrations. 
Deep machine learning is also a proven technique to predict the AOT using different sets of variables 
[73,74]. [74] found higher R2 values (0.77 to 0.89) in observed and predicted AOT when the model 
uses a three-fold cross-validation process, which was not followed in this paper. Satellite-derived 
AOT data matches and predicts climatic and environmental data [73]. However, this paper used only 
the air pollutant parameters with good evaluation performances.   

4. Conclusions 

The key objective of this paper was to understand the seasonal concentration of AOT and its 
relationship with ten air pollutants, which were analyzed and mapped using temporal remote 
sensing, GIS, and machine learning tools. This study has opened a new decision-making window to 
protect current and future air pollution mitigation in Bangladesh. The seasonal variations of AOT 
have a significant role in air pollution in the study area. On the other hand, different air pollutants 
are also responsible for increasing AOT and its spatial concentration in Bangladesh. However, the 
critical summary of the paper can be described as follows: 

• The mean concentrations were higher in CO (82.11), PM2.5 (65.29), NO (56.15), and O3 (23.28).  
• The most AOT concentrated areas were found in the central, western, and southern parts of 

Dhaka, Narayanganj, and Munshiganj districts.  
• The concentrations of AOT were higher in December-January-February (.50) and March-April-

May (0.50), while it was a bit less in June-July-August (0.33) and September-October-
November (0.37). 

• The AOT was correlated positively with PM2.5 (0.60), CH4 (0.80), NO (0.76), and BC (0.83), 
while correlated negatively with CO (-0.66), HCHO (-0.16), SO2 (-0.41), APR (-0.48), and NOx (-
0.20). 

• In machine learning, the Rational quadratic GPR (RMSE-0.0024, MAE-0.0015, R2-0.96%), 
Matern 5/2 GPR (RMSE-0.0023, MAE-0.0015, R2-0.96%), and Squared Exponential GPR (RMSE-
0.0015, MAE-0.0015, R2-0.96%) were found good prediction with the AOT.  

Along with these factors, more environmental, climatic, development, social, and high-
resolution air pollutants data are suggested to make such analysis for deeper understanding. The 
paper’s results may be used by UN agencies, government line departments, and local and regional 
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councils for air pollution mitigation and long-term protective measures. The methodology used in 
the paper may be used in similar global geographical settings.    
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