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Abstract 

 

Air pollution is a critical environmental and public health concerns in Bangladesh, with limited monitoring due to 

only 16 ground-based stations, which limits spatial coverage. To address the challenge, this study develops 

machine learning models to predict real-time ground-level concentrations of major air pollutants: particulate matter 

(PM2.5 and PM10), sulfur dioxide (SO2), nitrogen dioxide (NO2), and carbon monoxide (CO) across Bangladesh. 

By integrating satellite-derived pollutant data with ground observation and meteorological parameters (relative 

humidity, wind speed, temperature and wind direction) from 16 monitoring stations between January 2023 and 

December 2024, the model aims to improve spatial coverage and accuracy for environmental monitoring. Random 

Forest (RF), and eXtreme Gradient Boosting (XGBoost), two machine learning algorithms, were employed to 

predict ground-level concentrations. Spearman correlation analysis revealed that PM₂.₅ and PM₁₀ showed strong 

interrelationships and moderate associations with meteorological conditions, particularly temperature and 

humidity. Model evaluation showed that XGBoost consistently outperformed RF in predicting most pollutants, 

achieving the highest R² values for PM₁₀ (0.95), PM₂.₅ (0.93), and NO₂ (0.92), with lower RMSE values. RF 

demonstrated slightly better performance for SO₂ prediction. The strong agreement between predicted and 

observed values, especially for particulate matter, confirms the effectiveness of XGBoost in capturing complex, 

non-linear patterns in pollution data. This study provides a scalable solution for real-time pollution tracking in 

areas with insufficient air quality monitoring systems. This research advances innovative environmental 

management by delivering actionable air quality data that supports sustainable urban planning, climate-resilient 

infrastructure, and public health initiatives, ultimately promoting healthier and more sustainable communities in 

Bangladesh and beyond.  
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1 Introduction 
 

Air is the fundamental component of the environment, and in recent decades, environmental degradation has 

become a substantial issue on a national, and international scale (Eckhoff, 2009). Air quality is one of the most 

urgent problems in developing countries which affects city viability and global health (Sannino et al., 2021). Over 

the past two decades, South Asian countries have experienced tremendous economic growth, and as a result of 

these developmental activities, an excessive amount of air pollutants have been created, resulting in a significant 

risk to public health (Ma et al., 2020). The primary pollutants affecting metropolitan regions globally include 

particulate matter (PM₂.₅ and PM₁₀), carbon monoxide (CO), sulfur dioxide (SO₂), and nitrogen dioxide (NO₂). 

These contaminants are linked to substantial adverse health impacts, for instance respiratory illnesses, 

cardiovascular diseases, and increased rates of premature mortality. The World Air Quality Report (2019) by IQAir 

AirVisual identified Bangladesh as the most polluted country in 2019, with Dhaka frequently ranking among the 

most polluted capital cities across the world’s major urban centers. The World Health Organization reports that air 

pollution is the second foremost global mortality risk factor, responsible for approximately 8.1 million deaths 

annually in 2021. Low and middle-income nations, such as Bangladesh, are disproportionately impacted, with an 

estimated 102,456 premature deaths in 2024 attributed to PM2.5 exposure (Nesan et al., 2025). Bangladesh faces 

challenges in air quality monitoring due to only 16 ground-based stations, leading to inadequate spatial and 

temporal coverage. The absence of data complicates the ability to make informed decisions regarding policy and 

public health. 

Satellite measurements of air pollutants enhance regional to global pollution impact assessment, providing spatially 

extensive, near-real-time data that overcomes limitations of ground-based monitoring. Researchers have looked at 

using remotely sensed satellites to monitor, analyze, and retrieve air pollutants like sprays, NO2, SO2, PMX, CH2, 

O3, and CO (de Laat et al., 2020; Manisalidis et al., 2020). Instruments such as the Sentinel-5P TROPOMI, 

moderate-resolution imaging spectroradiometer (MODIS) provide researchers with high-resolution measurements 

of significant pollutants, enabling them to monitor air quality over extensive regions (Song et al., 2021). Machine 
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learning (ML) algorithms effectively model non-linear processes to estimate air pollutants concentrations using 

satellite remote sensing and meteorological data (Lary et al., 2016). However, satellite data alone are inadequate 

for accurate ground-level concentration estimates due to atmospheric interference, necessitating calibration with 

ground measurements. Several studies highlight the successful application of ML techniques such as Random 

Forest (RF) and eXtreme Gradient Boosting (XGBoost), in addressing the complexities of air quality prediction 

(Wei et al., 2019; Zhan et al., 2017). 

The primary objective of this study is to develop machine learning models that can predict real-time ground-level 

concentrations of key air pollutants NO₂, SO₂, CO, PM₂.₅, and PM₁₀ across Bangladesh. These models combine 

satellite-based pollutants data with meteorological variables to generate accurate air quality estimates. Using data 

collected from 16 monitoring stations along with satellite observations between January 2023 and December 2024, 

the study aims to improve monitoring of pollution across both urban and remote areas. This research addresses the 

critical necessity for scalable and cost-effective methods to monitor air quality in areas with limited monitoring 

infrastructure, contributing to sustainable urban planning, the development of climate-resilient infrastructure, and 

the protection of public health. 
 

2 Materials and Methods 
 

2.1 Study Area 

Bangladesh is located in South Asia's Ganges delta and shares borders with India, Myanmar, and the Bay of Bengal. 

It covers roughly 147,570 square kilometres and lies between latitudes 20ºN to 27ºN and longitudes 88ºE to 93ºE 

(Rahman et al., 2020). Bangladesh is an air pollution hotspot in the Indo-Gangetic Plains region due to its high 

population density (Emberson et al., 2009). As per the 2022 annual Air Quality Life Index (AQLI) report, 

Bangladesh experienced a 13.1% rise in PM₂.₅ average concentration to 75 μg/m3 between 2019 and 2020 

(Greenstone et al., 2022). The two primary contributors to air pollution in Bangladesh are emissions from vehicles 

and industries. Additionally, a rising source of air pollution in Bangladesh is the burning of bricks in kilns, 

particularly during the dry season (Tusher et al., 2018). There are 16 Continuous Air Monitoring Stations (CAMS) 

located in various parts of Bangladesh, including Dhaka, Savar, Agargaon, BARC of Farmgate, Barisal, Khulna, 

Gazipur, Narayanganj, Darus Salaam, Mymensingh, Cumilla, Agrabad of Chittagong, Sylhet, Rangpur, 

Chittagong, Rajshahi, and Narsingdi (Figure 1). These stations run by the Department of Environment in 

Bangladesh for automatically analyse the data on air quality. PM₂.₅, PM₁₀, ozone, NO₂, SO₂, and CO are the six air 

pollutants that the CAMS continuously monitors. 

 

 
Figure 1. Location of 16 ground-based air quality monitoring stations 

 

2.2 Data Collection and Preprocessing 

The ground monitoring data of the five air pollutants (NO₂, SO₂, CO, PM₂.₅, and PM₁₀) used in this research were 

collected from the 16 Department of Environment (DoE) monitoring stations covering the period from January 

2023 to December 2024. Satellite data were obtained from the Sentinel-5P TROPOMI, MODIS, and ERA5-Land, 

which provides daily global measurements of NO₂, SO₂, CO, Aerosol Optical Depth (AOD), Relative Humidity 

(RH), Wind Speed (WS, Land Surface Temperature (LST), and Wind direction (WD). Google earth Engine 

platform was used to extract columnar concentrations of pollutants and meteorological parameters over 

Bangladesh. To ensure data quality, missing values were addressed through linear interpolation, and temporal 

alignment was applied to synchronize satellite and ground data. The data preprocessing also included the 
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identification and elimination of outliers through the interquartile range (IQR) method, and the data were 

normalized to a standard scale for model input. 
 

2.3 Machine Learning Models 

In recent years, ML algorithms have been prominent in air pollution prediction due to their capacity to consider 

independent factors and tackle complex non-linear problems. In this study two ML algorithms were utilized: 

Random Forest (RF) and eXtreme Gradient Boosting (XGBoost). RF is a method that uses ensemble learning to 

create multiple decision trees and aggregate their predictions, reducing variance and overfitting high-dimensional 

datasets with non-linear relationships. Each tree is trained on a bootstrap sample of the dataset, and node splitting 

is performed using a random subset of features, which further improves generalization by lowering correlation 

among trees (Zhan et al., 2017). XGBoost is an advanced gradient-boosting framework, improves predictive 

accuracy through iterative tree construction. It employs shrinkage (learning rate) and column subsampling for 

further optimization, while integrated built-in regularization techniques effectively reduce overfitting and improve 

model stability (Aljanabi et al., 2020). Both models were selected for their capability to process interactions among 

satellite, ground, and meteorological data. To achieve an optimal balance between effective model training and 

comprehensive performance evaluation, the dataset was split into 80% training and 20% testing sets and 

hyperparameter optimization involved grid search with 5-fold cross-validation (Wu et al., 2012). Model 

performance was measured using coefficient of determination (R2) and root mean squared error (RMSE) offering 

an assessment of predictive accuracy and robustness. 
 

3 Result and Discussion 
 

3.1 Statistical Analysis 

The descriptive statistics of major ground-level and satellite-based air pollutants along with meteorological 

parameters, from January 2023 to September 2024, are summarized in Table 1. The variables for the statistics 

include the mean, standard deviation, median, minimum, maximum, and Shapiro–Wilk test results for assessing 

the normality. Among the ground-based pollutants, the mean concentrations of NO₂, SO₂, and CO were 4.370 ppb, 

5.527 ppb, and 2.218 ppb, respectively. Particulate matter concentrations were considerably higher, with PM₂.₅ 

averaging 97.722 µg/m³ and PM₁₀ at 158.218 µg/m³. Meteorological variables such as LST, relative humidity 

(RH), wind speed (WS), and wind direction (WD) showed mean values of 69.064%, 1.498 m/s, 229.434°, and 

29.376 °C, respectively. Satellite-derived pollutant concentrations showed lower magnitudes, with NO₂, SO₂, and 

CO recorded as 7.16E-05 mol/cm², 3.95E-04 mol/cm², and 4.51E-02 mol/cm², respectively. Aerosol Optical Depth 

(AOD) had a mean value of 616.292. The Shapiro-Wilk test was performed to evaluate the normality of each 

variable. At a significance level of 0.05, none of the variables followed a normal distribution, as all p-values were 

less than 0.001. 

 

Table 1: An overview of the air pollutants and meteorological parameters from January 2023 to September 2024 

 

Variable 
Statistics Normality 

(Shapiro-Wilk)* Min Max Mean Median Std. Dev 

Ground 

Level 

Monitoring 

NO2 (ppb) 0.060 168.405 4.370 3.905 3.329 No 

SO2 (ppb) 0.010 65.090 5.527 4.148 4.761 No 

CO (ppb) 0.010 23.055 2.218 1.273 2.685 No 

PM2.5 (μg/m3) 4.325 471.25 97.722 88.092 54.813 No 

PM10 (μg/m3) 7.300 682.630 158.218 150.625 77.712 No 

Satellite 

Monitoring 

RH (%) 28.429 88.684 69.064 70.850 10.623 No 

WS (m/s) 0.044 5.936 1.498 1.465 0.733 No 

WD  0.292 359.915 229.434 254.758 106.148 No 

LST (C) 15.250 42.030 29.376 29.730 4.535 No 

NO2 (mol/cm2) 5.36E-06 2.17E-04 7.16E-05 5.82E-05 4.35E-05 No 

SO2 (mol/cm2) 7.99E-07 1.29E-03 3.95E-04 3.32E-04 3.05E-04 No 

CO (mol/cm2) 3.05E-02 6.15E-02 4.51E-02 4.48E-02 5.48E-03 No 

AOD (degree) 2 2394 616.292 577.000 333.353 No 

*p-value < 0.001 

3.2 Relationship Between Pollutants and Meteorological Conditions 

The Spearman correlation analysis (Figure 2) indicates a substantial positive correlation between PM2.5 and PM10 

(r = 0.72), suggesting they may originate from the same source or exhibit similar atmospheric behavior. Carbon 

monoxide exhibits a weak positive correlation with sulfur dioxide (r = 0.23), although it lacks substantial 

associations with meteorological variables such as RH wind speed, and direction. PM2.5 exhibits a tenuous inverse 

correlation with LST, indicating that variations in temperature result in the dispersion of particles. A negative link 

exists between PM2.5 and PM10, and RH, suggesting that the pollutants may be washed away. The weak correlations 
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between pollutants and meteorological conditions indicate that air quality in Bangladesh is influenced by several 

intricate interactions. 

 

 
Figure 2: Spearman correlation heatmap between air pollutant concentrations and meteorological factors 

 

3.3 Prediction of Major Air Pollutants using ML Models  

Two ML models RF and XGBoost were employed for predicting ground-level concentrations of major air 

pollutants in Bangladesh. The results are illustrated in the scatterplots (Figure 3-4) and summarized in Table 2. 

Both models demonstrate robust performance, with XGBoost slightly outperforming RF in most scenarios.  

For NO₂, the XGBoost model achieved an R² of 0.92 and an RMSE of 3.29, while RF showed a slightly lower R² 

of 0.88 and a higher RMSE of 4.06. The scatterplots show XGBoost predictions cluster closely along the 1:1 line, 

indicating more consistent accuracy in capturing NO₂ variability. In the case of SO₂, RF performed better than 

XGBoost, achieving a R² of 0.75 and an RMSE of 4.11, whereas XGBoost achieved a R² of 0.72 and an RMSE of 

4.49. Both models' scatterplots display notable SO₂ prediction variability, suggesting moderate uncertainty likely 

due to complex formation processes and point sources like industrial emissions that may not be fully reflected in 

satellite and meteorological data.  

 

  

  
Figure 3: Scatterplots of NO2, and SO2 concentrations for training and validating models: Random Forest (a-b) 

and XGBoost (c-d) 

(a) (c) 

(b) (d) 
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Figure 4: Scatterplots of CO, PM2.5, and PM10 concentrations for model training and independent validation (e-g) 

Random Forest (h-j) XGBoost 
 

Table 2: Estimation performances of the RF and XGBosst models 

Pollutants 
Accuracy evaluation 

R2 (RF) R2 (XGBoost) RMSE (RF) RMSE (XGBoost) 

NO2 (ppb) 0.88 0.92 4.06 3.29 

SO2 (ppb) 0.75 0.72 4.11 4.49 

CO (ppb) 0.81 0.84 0.20 0.18 

PM2.5 (μg/m3) 0.84 0.93 0.06 0.03 

PM10 (μg/m3) 0.93 0.95 0.07 0.04 

 

For CO prediction, XGBoost again performed better with an R² of 0.84 and RMSE of 0.18, compared to RF’s R² 

of 0.81 and RMSE of 0.20. The scatterplots illustrate a strong correspondence between predicted and actual values 

for both models. However, the XGBoost model exhibits fewer outliers and a more uniform alignment with the 

identity line, demonstrating its better generalization capability. For both models, predictions for PM₂.₅ and PM₁₀ 

showed the highest levels of performance among the pollutants analyzed. XGBoost achieved R² values of 0.93 for 

PM₂.₅ and 0.95 for PM₁₀, alongside notably low RMSEs of 0.03 and 0.04, respectively. RF also demonstrated 

strong performance, with R² values of 0.84 for PM₂.₅ and 0.93 for PM₁₀. The scatterplots indicate that the predicted 

particulate matter concentrations closely correspond to the observed values, especially in the XGBoost 

visualizations, where data points are densely distributed along the ideal reference line. The results indicate that 

particulate matter levels are more predictable, likely because they strongly correlate with satellite-derived data 

(like AOD) and meteorological variables (such as LST, humidity, and wind patterns), as illustrated in Figure 2. 

Overall, XGBoost demonstrated higher predictive accuracy than Random Forest for most pollutants, including 

NO₂, CO, and PM concentrations. The sequential error reduction of the gradient boosting approach may account 

for this outcome. In comparison, Random Forest produced slightly better predictions for SO₂, which could be 

attributed to its ability to manage noise and overfitting in datasets containing more outliers or irregular 

distributions. 

(e) 

(h) 

(j) 

(i) 
(f) 

(g) 
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4 Conclusion 
 

This research effectively utilized satellite-derived variables and meteorological data to forecast ground-level 

concentrations of key air pollutants in Bangladesh through the application of machine learning models. 

Comprehensive correlation analysis and model assessment revealed that pollutants, such as PM₂.₅ and PM₁₀ exhibit 

strong interrelationships and are moderately influenced by meteorological factors like temperature and humidity. 

Among the two ensemble machine learning approaches evaluated, XGBoost consistently outperformed Random 

Forest in predictive accuracy across most pollutants, particularly for NO₂, CO, PM₂.₅, and PM₁₀, with higher R² 

values and lower RMSE scores. The findings highlight the efficacy of machine learning, especially XGBoost, as 

a valuable tool for air quality monitoring in regions with limited data availability. These models can serve as a 

reliable alternative or complement to ground-based monitoring stations by providing real time and spatially 

continuous estimates of air pollutant levels. Accurate predictions of pollution concentrations over time and space 

can assist in urban planning and public health preparedness by directing the design of transit systems, industrial 

zoning, and early warning systems. Furthermore, ML based prediction frameworks provide policymakers with 

cost-effective tools to complement limited monitoring, enabling evidence-based interventions and progress 

tracking toward sustainability goals. 
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