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ABSTRACT

Reliable prediction of the Air Quality Index (AQI) can support public awareness, environmental monitoring, and
timely pollution-management decisions. This paper presents an Enhanced Machine Learning Model (ELMM), a
Random Forest Regression-based workflow that combines data preparation with pollutant-derived feature
engineering for AQI estimation. The study uses a publicly available Kaggle air-quality dataset containing pollutant
measurements and meteorological variables. The workflow includes duplicate and invalid-record handling,
missing-value imputation, normalization, feature selection, and derived features representing particulate-matter
ratios, combined particulate matter, particulate interaction, and gas-pollutant interaction. The dataset is divided
into training and testing subsets. ELMM is compared with Decision Tree Regression (DTR) and standalone
Random Forest Regression (RFR) using tolerance-based accuracy, Mean Absolute Error (MAE), and Root Mean
Squared Error (RMSE). In the reported experiment, the integrated ELMM pipeline performed best across the
evaluated metrics. These findings describe performance on the evaluated data split and should not be treated as
proof of generalization to other locations or time periods. The contribution is the integrated prediction workflow,
rather than a newly invented Random Forest algorithm.

INTRODUCTION

Air pollution has emerged as one of the most pressing environmental challenges of the twenty-first century, posing
serious threats to human health, ecosystems, and long-term development. Rapid industrialisation, urbanisation,
population expansion, and increased usage of motor vehicles have all led to a steady rise in air pollution
concentrations. Nitrogen dioxide (NO:), sulphur dioxide (SO2), carbon monoxide (CO), ozone (0Os), and fine and
coarse particulate matter (PM2.! and PM.') are significant pollutants; exposure to them is linked to respiratory and
cardiovascular problems as well as ecological degradation [1], [2].

By combining the concentrations of many pollutants into a single numerical value, the Air Quality Index (AQI)
is a widely used statistic that represents the general quality of ambient air. AQI enables governments,
environmental agencies, researchers, and the general public to assess pollution levels and take appropriate
preventative measures. Accurate forecasting of AQI is critical for delivering early warnings, supporting policy
choices, and raising public awareness about air pollution [3].

Conventional air quality monitoring systems rely mainly on fixed monitoring stations equipped with specialist
sensors. Although these systems produce accurate readings, they have high installation and maintenance costs and
are generally limited in geographical coverage. Furthermore, typical statistical techniques may fail to accurately
simulate the complex and nonlinear interactions that exist between pollutant concentrations, meteorological
conditions, and seasonal fluctuations [4], [5].

Recent breakthroughs in machine learning (ML) have opened up new possibilities for constructing intelligent air
quality forecast systems. Machine learning algorithms may detect hidden patterns in previous environmental data
and make good forecasts without having explicitly specified mathematical correlations. Their capacity to analyse
vast datasets and identify nonlinear connections makes them ideal for predicting air quality and assisting in
environmental decision-making [5], [6].

The effectiveness of machine learning models depends not only on the learning algorithm but also on the
preprocessing stage and the quality of the input data. Environmental datasets commonly contain missing values,
noise, duplicate records, and inconsistencies in feature scales, which can lower prediction accuracy. Therefore, in
order to improve model performance and produce reliable predictions, thorough data cleaning, missing value
management, normalization, and feature selection are essential steps [7], [8].
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This research proposes the Enhanced Machine Learning Model (ELMM) for Air Quality Index (AQI) prediction
using a publicly available Kaggle Air Quality dataset. ELMM integrates data cleaning, missing-value handling,
four pollutant-derived features, normalization, and feature selection with Random Forest Regression. Its
performance is compared with Decision Tree Regression (DTR) and standalone Random Forest Regression (RFR)
using tolerance-based accuracy, Mean Absolute Error (MAE), and Root Mean Squared Error (RMSE). The
proposed ELMM demonstrates better overall performance than both DTR and standalone RFR across all three
evaluation metrics in the reported experiment.

RELATED WORK

Various researchers have investigated the application of machine learning algorithms for predicting air quality
through various datasets, geographical locations, input variables, and prediction aims. Existing research shows
that machine learning can provide accurate predictions; nevertheless, variances in datasets, preprocessing
methods, algorithms, and assessment criteria make individual approaches context-dependent.

Table 2.1 presents a comparative analysis of existing studies. The comparison is based on the prediction technique
used, the primary contribution of the study, and its major limitation. The analysis indicates that although
significant progress has been made in air quality forecast or prediction, several challenges still exist, including
data quality issues, high computational complexity, and the need for improved prediction accuracy using simple
and efficient models.

Ref. Authors Technique Used Major Contribution Limitation
[1] IShahbazi etal. (2024) |Machine Learning Im_proved air qu_allty forecasting Furtner_lmprovemen_t in
using ML techniques prediction accuracy is required
[3] Cabaneros et al. Acrtificial Neural Comprehensive review of ANN  [High computational
(2019) Network models for air pollution prediction |requirement
[4] |Feng etal. (2015) ANN + Wavelet Improved PMe.s prediction Complex implementation
Transformation accuracy
[5] |Freeman et al. (2018) |Deep Learning Time-series air quality forecasting [Longer training time
[6] [Sharma et al. (2005) ﬁre?vf\;g'r?(l Neural Vehicular pollution modelling Review-based study
[8] |Narkhede et al. (2023) |Hybrid MIA-LSTM  |Improved PMa.s forecasting High computational
complexity
[9] |Alsaber etal. (2021) |Random Forest Missing value imputation Focused only on preprocessing
N . Comparison of missing value Prediction model not
[10] |Zainuri etal. (2015) |Data Imputation handling methods developed
[11] |Garg & Jindal (2021) Tlme—Se_r 1es Comparison of forecasting models Dataset-dependent
Forecasting performance
Kumar & Pande . . Air pollution prediction for Indian [Scope limited to selected
[12] (2023) Machine Learning cities datasets
[13] |Maduri et al. (2023) |Machine Learning Air Pollution Index prediction Limited comparative analysis
Sachetti & Mota . Review of LSTM-based .
[14] (2025) LSTM Review prediction models Review study only
[15] Drewil & Al-Bahadili LSTM + Metaheuristics Impro_ved_predlctlon using Increased computational cost
(2022) optimization
Rybarczyk & . Prediction using affordable .
[16] Zalakeviciute (2017) Regression Models environmental data Moderate prediction accuracy
[17] |Gupta et al. (2023) Comp_aratlve Machine Com_pa_ratlve ane_lly5|s of AQI No preprocessing framework
Learning prediction techniques proposed
Stamenkovi¢ et al. Acrtificial Neural . . . . -
[19] (2017) Network NOy emission prediction Specific to emission prediction

Table 2.1: Comparative Analysis of Existing Studies
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RESEARCH FRAMEWORK

The research framework presents the systematic approach used to develop and evaluate the proposed Enhanced
Machine Learning Model (ELMM) for AQI prediction using a publicly available Kaggle Air Quality dataset. The
process includes dataset collection, data inspection, cleaning, missing-value handling, normalization, and feature
selection. The preprocessed data is divided into training and testing sets in a 70:30 ratio. ELMM combines feature
engineering with Random Forest Regression and is compared with standalone Random Forest Regression (RFR)
and Decision Tree Regression (DTR). Model performance is evaluated using tolerance-based accuracy, MAE,
and RMSE. The complete research framework is illustrated in Figure 3.1.
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Figure 3.1: Research Framework

RESULTS ANALYSIS

The results indicate that the proposed ELMM outperforms both Decision Tree Regression (DTR) and standalone
Random Forest Regression (RFR) across all three evaluation metrics. It achieves higher tolerance-based accuracy
and lower MAE and RMSE, demonstrating more accurate AQI predictions with smaller prediction errors. While
RFR performs better than DTR, ELMM delivers the strongest overall performance. These improvements may be
attributed to its integrated pipeline, which combines data cleaning, missing-value handling, pollutant-derived
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feature engineering, normalization, feature selection, and Random Forest Regression. However, the individual
contribution of each component requires further investigation.

The graphical comparison of the three models is presented in Figures 4.1, 4.2, and 4.3.
In this experiment, the goal is to expand the number of items in the dataset. The results highlight the comparative
performance of our proposed algorithm against the Apriori algorithm.
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CONCLUSION AND FUTURE SCOPE

This research presents the Enhanced Machine Learning Model (ELMM) for Air Quality Index (AQI) prediction
using a publicly available Kaggle dataset. The proposed model integrates data cleaning, missing-value handling,
pollutant-derived feature engineering, normalization, feature selection, and Random Forest Regression.
Experimental results show that ELMM outperforms Decision Tree Regression (DTR) and standalone Random
Forest Regression (RFR), achieving higher tolerance-based accuracy and lower prediction errors. The study
demonstrates the potential of the proposed approach for air-quality prediction. In the future, the model can be
evaluated using diverse datasets, additional environmental factors, and advanced machine learning and deep
learning algorithms. Integration with 10T sensors, cloud computing, and web or mobile applications could further
support real-time air-quality monitoring and public awareness.
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