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Abstract

PM2.5, a major contributor to air pollution, has become a severe issue due to rapid urban development and the
growing number of vehicles on the road. This study investigates changes in PMs concentrations in Dhaka,
Bangladesh, from 2016 to 2025, focusing solely on temporal feature engineering. Various machine learning
methods were evaluated to determine their efficacy in forecasting air quality. The techniques explored included
Multiple Linear Regression (MLR), Support Vector Machine (SVM), and Random Forest (RF). Among the
methods analyzed, SVM delivered the best results, achieving an R2 value of 0.998, an RMSE of 3.07 ug/m3, and
an MAE of 1.36 ug/m3. To account for temporal variations, a Long Short-Term Memory (LSTM) neural network
was developed. It produced an R? value of 0.86, an RMSE of 23.78 pg/ms3, and an MAE of 18.18 pg/m?,
demonstrating a satisfactory level of performance. The results indicate that a temporal feature-based model
rooted in inherent temporal patterns can successfully model PM;s fluctuations without depending on external
inputs like weather information and traffic data. This approach, which is efficient in terms of data usage, can aid
policymakers in creating early warning systems and ongoing monitoring strategies for managing air quality,
especially in developing cities with limited data, such as Dhaka.
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1 Introduction

Air pollution has become one of the most focused environmental and public health issues in the 21st century.
PM2s is among the most harmful pollutants because its small size allows deep penetration into human lungs,
causing severe respiratory illnesses. Its minute aerodynamic diameter allows it to invade deeply into the
bronchioles and alveoli, causing respiratory problems. (Reddy et al., 2021) Bangladesh, in particular, Dhaka, has
some of the worst air quality in the world. Despite all the harmful effects of particulate matter being well-known,
few effective approaches are taken to predict and manage air quality. (Doreswamy et al., 2020) The PM, level
forecasting is essential to reduce the exposure and design early warning systems. However, precise predictions
can also assist public health officials in implementing immediate interventions (like traffic restrictions or the
closure of industries at the time of pollution episodes), help hospitals anticipate pollution-related health
emergencies, and alert the public to take preventive action. (Shahriar et al., 2020)

Several studies have tried PM,s modeling based on statistical and ML methods. Kumar et al (2020) used general
statistical models such as multiple linear regression (MLR) to introduce pollution forecasting models based on
time. Chaloulakour et al. (2023) developed and assessed both neural network and traditional regression models in
a comparative analysis to address urban air pollution and its impact. In the past decade, machine learning
methods have become popular due to their capacity in handling complex interdependency and non-linear
relationships, which are great for predicting and modelling air quality (Hardini et al., 2023). Kushwah and
Agrawal (2024), in their study, suggested an EMD-LSTM-Bayesian hybrid approach, which achieved superior
performance. In the study, neural networks showcased excellent performance with a decrease in root mean
square error (RMSE) by 8.2-9.4%. Deep learning methods are also being used extensively. In Delhi, a study by
Karnati et al. (2025) utilized a Bi-LSTM model, which reached an R? value of nearly 0.97 for PM. s, and another
research by Kim et al. (2025) in South Korea showed that RF-guided feature selection enhanced Bi-LSTM
predictions.

In this study, different machine learning models are explored, such as Multiple Linear Regression (MLR),
Support Vector Machine (SVM), and Random Forest (RF), based on their excellence in linear and non-linear
interpretation of data, and then a deep-learning approach was utilized with Long Short-Term Memory (LSTM).
The objective of this study was to view the temporal persistence of PM,s concentration in a certain region
through quantification solely based on intrinsic temporal patterns and thus evaluate the performance of the
selected models. Such an approach would be a viable solution for lower-cost operations, especially in developing
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countries. The prediction was limited to 24 hours to prioritize operational relevance and maximize forecast
reliability from an exclusively univariate dataset. The collected dataset was split for training and testing the
models. Different performance metrics were used to evaluate the performance of the models.

2 Study Area and Methodology

Daily PM;s data for Dhaka were collected from March 2016 to March 2025 and preprocessed to eliminate
missing and null data points. In addition, lag features were created during the process to capture the temporal
dependency, i.e., the short-term persistence of pollution levels, along with rolling averages and rolling minimum
and maximum values, to improve forecasting performance. The finally polished dataset was then used to train
multiple machine learning models.

Table 1. Recapitulation of daily PM;s concentration data

Parameter Mean Standard deviation Minimum value Maximum value
Value 156.46 pg/m? 64.36 pg/md 13.00 pg/m?3 412 pg/m3
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Figure 1. Methodological framework of PM; s prediction

2.1 Models

All the models were built with Python (version 3.11). Scikit-learn library (version 1.5) was used for the
traditional machine learning models, and to develop the Long Short-Term Memory (LSTM) neural network,
TensorFlow (version 2.15) and Keras were used. Data preprocessing and feature engineering were conducted
using Pandas and NumPy. The plots and data visualization utilized Matplotlib and Seaborn.

Multiple Linear Regression (MLR)

Multiple linear regression model is a common statistical technique used to establish a linear relationship between
a dependent variable and one or more independent variables. In this study, it was initially used for baseline
prediction in order to perceive the variance of PM2s clearly using simple linear relationships, before moving on
to other complex models. The model is defined in Equation (1) (Baird et al., 2023)

y=Ro+ BoX1+ B2X2+ B3X3+...8Xn 1)

Where, y is the predicted PM_s concentration, fo is the intercept, and i is the regression coefficient for feature
Xi.

The dataset was chronologically sorted then normalized through feature standardization. Then it was split into
80-20 (training-testing) without any shuffles. Any missing values were omitted from the lag features.

Support Vector Machine (SVM)

The second model employed in this study is a Support Vector Regression (SVR) with Radial Basis Function
(RBF) kernel. It is effective in capturing non-linear patterns in PMys concentrations, which is a significant
advancement from the linear baseline approach. The inputs included lagged PM.s values up to 7 days, rolling
statistics, and cyclical encoding of temporal variables (day, week, month). The RBF kernel function is defined in
Equation (2). (Maulana et al., 2025)

K(zi, ;) = exp(—vl|z: — ﬂfjH2) 2

where X, xj are the feature vectors of two samples, |[xi-xj||> © "¢ squared Euclidean distance between the two
samples, and vy is the kernel parameter
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Random Forest (RF)

Random Forest Regressor is an ensemble of many decision trees built on bootstrap samples with random feature
sub-sampling used to model nonlinear dynamics, which is a suitable fit for daily PM2s concentrations. Like
before, the dataset was chronologically split as 80-20. Since the model is invariant to monotone transforms, there
is no need to scale or normalize the features. The mathematical expression to find forest prediction (average of
trees) is defiTned in Equation (3) (Maulana et al., 2025)

1
i) == filx)
T = ®)

where y(x) is the final prediction, M is the number of trees in the forest, and Tm(X) is the prediction of the m®
decision tree.

Deep learning approach with Long Short-Term Memory (LSTM)

Air quality data such as PM..s inherently exhibits strong temporal correlations. Past concentrations influence
current pollutant levels due to atmospheric persistence, dispersion, and accumulation effects. Traditional
machine learning models struggle to capture such sequential dependencies effectively. To address this limitation,
a deep learning model based on Long Short-Term Memory (LSTM) was employed. LSTM networks are
specifically designed to learn long-range dependencies in sequential data, making them particularly suitable for
time-series prediction tasks. (Van et al., 2020)

Table 2. LSTM architecture table with parameters

No. of ensemble models 3
No. of LSTM layers 2
No .of LSTM neurons 75 (Layer-1), 50 (Layer-2)
Dropout 0.3 (after each LSTM layer, 0.2 (before output)
Units in the dense layer 25 (hidden), 1 (output)
Learning rates 0.001 (Model 1), 0.0015 (Model 2), 0.0008 (Model 3)
Loss Function Huber loss
Train-test split 75%-25%
Optimizer Adam
Qutlier handling IQR-based capping (1.5xIQR)

Performance metrics
Statistical evaluations used to assess the performance of the model in this study are coefficient of determination
(R?), Mean Square Error (MSE), Root Mean Square Error (RMSE), and Mean Absolute Error (MAE).

3 Results and Discussion

3.1 Model performance

Multiple Linear Regression (MLR)

The baseline MLR model achieved R2 = 0.83 on the test set with an RMSE of 26.40 ug/m3 and MAE of 19.51
pg/ma. Although the performance significantly improved (by 59.9%; baseline MSE = 65.86 pug/m3), which also
proves the model's stability, it struggled to capture the non-linear dynamics of PM_s concentration variations.
Feature importance analysis indicated that previous-day PM: s values (lag-1) and the 7-day moving average were
the most influential predictors, highlighting the strong temporal dependency of particulate matter concentrations.

Time Series Comparison (Last 100 Points)
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Figure 2. Prediction results by MLR

Support Vector Machine (SVM)

The SVM model with RBF kernel achieved near-perfect accuracy with test R2 = 0.998, RMSE of 3.07 ug/ms,
and MAE of 1.36 pg/m3. Cross-validation also confirmed robust performance (CV RMSE = 3.54). Such results
indicate that SVM captured the highly nonlinear relationships in the dataset with exceptional precision. The most
influential features were short-term rolling means and lagged PM2s values, aligning with the findings from
Random Forest. However, the model has shown more fluctuations in the recent period than the rest, as seen by
the deviation in the residual plot presented in Figure 3 (c). Implementation of other features, such as
meteorological, traffic, and others, may improve the model. (Lachaud et al., 2023)

Testing: Actual vs Predicted Time Series: Last 100 Days
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Figure 3. Prediction results by SVM

Random Forest (RF)

The Random Forest model demonstrated markedly strong predictive ability with a test R2 of 0.97, RMSE of
10.92 pg/ms3, and MAE of 8.03 pg/m3. Cross-validation further confirmed the model's stability (mean MAE =~
8.25+0.57). Feature importance rankings emphasized the role of short-term rolling averages and
minimum/maximum PMzs concentrations, suggesting that RF effectively captured both short-term fluctuations
and seasonality. Importantly, the RF model showed minimal overfitting (train-test R? difference = 0.02),
indicating good generalization.
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Actual vs Predicted Values Residual Plot
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Figure 4. Prediction results by RF

Long Short-Term Memory (LSTM)

The optimized LSTM ensemble model achieved an RMSE of 23.78 ug/m® and MAE of 18.18 pg/ms,
representing a 20.2% improvement over its unoptimized version. While the LSTM captured temporal
dependencies and produced reasonable forecasts (e.g., predicting a gradual decline from 149 pg/ms3 to 133 pg/m3
over five days), its accuracy was still lower than RF and SVM. This may be attributed to the relatively limited
number of features used, sensitivity to hyperparameter tuning, and the challenge of long-term seasonality in air
quality data. Since the feature space consisted solely of intrinsic temporal features without any exogenous drivers
that strongly influence pollutant dispersion (e.g., temperature, wind speed, humidity), LSTM had limited
effectiveness in stabilizing learning of temporal dynamics. In addition, hyperparameter sensitivity and potential
vanishing gradient effects may have affected its convergence stability, particularly in modeling year-scale
seasonality (Viswambaran et al., 2020).

Time Series: Actual vs Predicted PM2.5 Values
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Figure 5. Prediction results by LSTM

3.2 Comparison of results

Table 3. Performance metric values of models

Training Testing
Model R? RMSE MAE MSE | MAPE R? RMSE MAE MSE | MAPE
(ug/m?) | (ug/m3) | (ug/m3) | (%) (ug/m3) | (ug/m3) | (ug/m3) | (%)
MLR  0.84 25.89 19.05 670.08 - 0.83 26.40 19.51 697.18 -
SVM  0.998 2.52 1.08 - 1.04 0.998 3.07 1.36 '\:A'g‘sg 0.72
RF  0.9925 3.89 . 09718 1092 803 e
Table 4. Performance metric values of LSTM model
. Pearson
2 3 3
Model R RMSE ((ug/m3) | MAE ((ng/m3) | Mean Residual Correlation
LSTM 0.86 23.78 18.18 0.85 0.93

The results presented in Table 3 prove that SVM was the best-performing model in this study, achieving near-
perfect prediction accuracy. However, Random Forest also provided highly reliable results with strong
interpretability, which may be more practical for policymakers. MLR, while less accurate, still outperformed
baseline predictions and highlighted the importance of lagged PM2s. LSTM showed potential in performance, as
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shown in Table 4, capturing temporal dependencies but underperformed compared to tree-based and kernel
methods.

4 Conclusion

The consistently strong importance of lagged and rolling PM,s features across all models underscores the
temporal persistence of air pollution levels in Dhaka. Sudden shifts in concentrations are less random than they
appear, and past values are strong indicators of future trends. From a methodological standpoint, machine
learning models (RF and SVM) clearly outperformed both the linear baseline and deep learning approaches. The
LSTM may be improved by enhancing it with other models, introducing hybrid models such as BiLSTM, etc.,
and incorporating more spatial and meteorological features.
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