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Abstract: Air pollution is a growing concern that directly affects public health, climate stability, and overall well-being. Exact
Forecasting of air quality is Needed for enabling early interventions and informed policy decisions. In presently this work, a machine
learning—driven framework is developed to forecast air quality based on a dataset combining meteorological variables and pollutant
concentrations. The data undergoes thorough preprocessing, including handling missing entries, scaling features, and optimizing
relevant parameters to ensure reliable model outputs. Several algorithms—Random Forest, XGBoost, Gradient Boosting, and
LSTM—are trained and tested, with performance assessed using 2-precision, 3-recall, 4- F1-score, 1- accuracy, and AUC metrics.
Among these, Gradient Boosting demonstrates superior predictive capability across most evaluation criteria.

IndexTerms - Air quality prediction, Machine learning, Gradient Boosting, Pollution forecasting.
INTRODUCTION

Air pollution is increasingly recognized as a major global challenge, posing serious risks to human health, natural ecosystems, and
economic productivity, making accurate forecasting of air quality an essential component of environmental management strategies
(WHO, 2022). Traditional statistical models which as multiple linear regression and ARIMA have been widely used for prediction;
however, their performance often declines in the presence of non-linear patterns, irregular temporal structures, and multivariate
dependencies inherent in environmental datasets (Goyal et al., 2006). in machine learning and deep learning have Seen many of
these challenges by activating the capture of complex relationships between pollutant concentrations and meteorological variables.
Ensemble-based algorithms like Random Forest, Gradient Boosting, and XGBoost have demonstrated strong predictive capabilities
in multi-factor air quality modeling (Zhanget al., 2021), while recurrent neural network architectures such as LSTM and GRU have
shown effect in handling linear and long-term dependencies in pollutant time series (Lin et al., 2021).

Hybrid frameworks that integrate spatial and temporal learning—such as CNN-LSTM models—have further improved forecasting
accuracy in city-scale studies by extracting local feature patterns and combining them with temporal trends (Sarkar et al., 2022). In
addition, multi-model ensemble strategies, including the use of GRU-based predictors combined through regression (MLEGRU),
have produced lower RMSE and MAE values compared to single-model approaches in diverse monitoring environments (Hong et
al., 2021). Despite these advancements, practical deployment remains challenging due to sparse monitoring networks,
heterogeneous meteorological influences, and unbalanced pollutant datasets, highlighting the need for comprehensive preprocessing
techniques—such as missing data imputation, feature scaling, and permutation-based feature selection—to ensure robust and
generalizable performance in real-world applications (Bucharest case study; Zhang et al., 2021).

LITARTURE REVIEW

The integration of machine learning and deep learning into air quality forecasting has significantly improved predictive capabilities,
often surpassing traditional statistical and time-series techniques. Goyal et al. (2006) introduced early approaches such as ARIMA
and multiple linear regression for pollutant level estimation but noted their inability to handle nonlinear relationships and temporal
complexities. Zhang et al in 2012 recognized the potential of machine learning in environmental prediction, while Yi et al. (2018)
successfully applied advanced models for urban AQI estimation. which was later adapted by Sarkar et al. (2022) into a hybrid
LSTM-GRU framework for Delhi’s air pollution, achieving improved results across RMSE, MAE, and Rz Cho et al. in 2014
Showcased the Gated Recurrent Unit (GRU), which has been widely adopted due to its computational efficiency in sequential data
tasks. Lin et al. (2021) expanded this concept with MLEGRU, an ensemble GRU approach designed to improve forecast stability
across Taiwan’s monitoring stations.
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Hybrid deep learning frameworks have also gained traction in recent studies. Zhang et al. (2021) introduced Deep-AIR, which
combines CNN and LSTM for spatial-temporal AQI forecasting, delivering higher accuracy in city-scale scenarios. Hong et al.
(2021) incorporated external parameters such as shipping activity into RNN-based models, showing that contextual environmental
data can significantly enhance predictions. Li et al. (2021) stressed the role of preprocessing methods—such as feature scaling and
imputation—in ensuring model generalization in low-data environments. Comparative evaluations have reinforced the advantage
of deep models over conventional approaches. Zheng et al. (2015) assessed large-scale air quality forecasting systems and noted
the persistent challenges of sparse monitoring networks. Lin et al. (2019) applied feature selection and segmentation strategies to
enhance pollutant-specific predictions.

Ensemble methods, as outlined by Dietterich (2000), remain crucial for robust AQI estimation under diverse meteorological
conditions. Evaluation metrics like RMSE, MAE, and R? are widely used benchmarks, as seen in studies comparing LSTM, GRU,
and hybrid networks (Padilla et al., 2020). The growing use of CNN—RNN hybrids, transformer-based models, and portable
forecasting systems points toward a future of more precise, efficient, and accessible air quality prediction, supporting proactive
environmental and public health measures.

METHODOLOGY

The machine learning and deep learning are adopted into air quality forecasting has significantly improved predictive capabilities,
often surpassing traditional statistical and time-series techniques. Goyal et al. (2006) introduced early approaches such as ARIMA
and multiple linear regression for pollutant level estimation but noted their inability to handle nonlinear relationships and temporal
complexities. Zhang et al in 2012 recognized the potential of machine learning in environmental prediction, while Yi et al. (2018)
successfully applied advanced models for urban AQI estimation. which was later adapted by Sarkar et al. (2022) into a hybrid
LSTM-GRU framework for Delhi’s air pollution, achieving improved results across RMSE, MAE, and R2. Cho et al. in 2014
showcased the Gated Recurrent Unit (GRU), which has been widely adopted due to its computational efficiency in sequential data
tasks. Lin et al. (2021) expanded this concept with MLEGRU, an ensemble GRU approach designed to improve forecast stability
across Taiwan’s monitoring stations.

Hybrid deep learning frameworks have also gained traction in recent studies. Zhang et al. (2021) introduced Deep-AlIR, which
combines CNN and LSTM for spatial-temporal AQI forecasting, delivering higher accuracy in city-scale scenarios. Hong et al.
(2021) incorporated external parameters such as shipping activity into RNN-based models, showing that contextual environmental
data can significantly enhance predictions. Li et al. (2021) stressed the role of preprocessing methods—such as feature scaling and
imputation—in ensuring model generalization in low-data environments. Comparative evaluations have reinforced the advantage
of deep models over conventional approaches. Zheng et al. (2015) assessed large-scale air quality forecasting systems and noted
the persistent challenges of sparse monitoring networks. Lin et al. (2019) applied feature selection and segmentation strategies to
enhance pollutant-specific predictions.

Ensemble methods, as outlined by Dietterich (2000), remain crucial for robust AQI estimation under diverse meteorological
conditions. Evaluation metrics like RMSE, MAE, and R? are widely used benchmarks, as seen in studies comparing LSTM, GRU,
and hybrid networks (Padilla et al., 2020). The growing use of CNN-RNN hybrids, transformer-based models, and portable
forecasting systems points toward a future of more precise, efficient, and accessible air quality prediction, supporting proactive
environmental and public health measures.
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Fig 2. Workflow Diagram

This Figure 2 depicts the typical workflow of a supervised machine learning project. The process begins with raw data being fed
into the system. This data is then passed through an essential preprocessing stage, where it is cleaned and organized into the proper
format. Once prepared, a classification model is administered to the dataset to generate prediction values. In the final stage, the
model’s accuracy and overall performance are assessed through evaluation metrics.

Classification

Diata sphitting

Fig 3. ER Diagram

This Figure 3 shows the main stages and components of a machine learning classification workflow. It starts with data acquisition
and selection, where the dataset is loaded and imported into the system. Next comes the preprocessing phase, which involves
managing missing values and applying label encoding to categorical features. The after Cleaned data is then parted into training
and testing subsets for classification using algorithms such as Random Forest (RF). At the final stage, the model’s predictions are
Evaluvated using performance metrics like accuracy to determine its effectiveness.

Performance Metrics:

Accuracy: Our model’s effectiveness is evaluated primarily through its accuracy. This metric reflects how reliably the approach
identifies both correct positive and negative classifications, as well as how closely the predicted results align with the actual recorded
values. Equation (1) expresses the calculation of accuracy for the proposed system.

TP+TN
Aceuracy = 1
CEUTACy TP+TN+FP+ FN N

Precision: The total number of correctly predicted instances belonging to a particular class is obtained by counting the true
positivesPrecision tells you what percentage of the positive predictions were actually correct. To figure this out, you simply do the
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number of true positives upon the Entire number of times the model predicted a positive result (true positives addition to false
positives). This is shown in Equation (2).

TF (2)
TP+ FP
Recall: This also called the Exact Positive Rate, which Counts a model's completeness. It shows how good the model is at finding
all the existing positive examples in the data. The formula for this is the no of exact positives Cleaved by the Entire number of

actual positive cases (Exact positives plus false negatives). More the Recall Number the model is correctly capturing the relevant
data without missing significant instances. Equation (3) provides the recall formula.

Precision =

TP (3)

Recall = —————
T TP Y FN

RESULTS AND DISCUSSION

Based on the machine learning workflow which is outlined for air quality prediction, a thorough analysis would compare how well
each model performed. This is not t just about picking one winner; this is about understanding the strengths of each approach. The
models Random Forest, XGBoost, Hybrid Classifier, and the higher deep learning models like LSTM and GRU—would each has
their performance measured against key Evaluvation metrics like 1-Accuracy,2-Precision,3-Recall, and the 4 -F1 Score. The final
results would clearly show which model is the most effective and reliable for the specific task of predicting air pollution, helping
to ensure the final system is robust and trustworthy.
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Fig 4. Model Comparison

Based on the Figure 4, this comparison shows how well each of the five models learned the patterns in the training data. The
Random Forest and XGBoost models performed very well. with Random Forest Resulting a near-perfect accuracy of 99.83%. The
deep learning models, LSTM and GRU, showcased more moderate and very similar results to each other. However, such high
accuracy on training data can be a sign of overfitting,

Fig 5. ConfusionMatrix - Random Forest

The Figure 5 shows This confusion matrix of the Random Forest model shows a strong overall performance,.1,908 '‘Moderate' and
1,731 'Satisfactory' air quality instances. It demonstrates high accuracy on the main diagonal, correctly classifying most cases for
each category. The model's primary area of confusion lies between these adjacent middle-tier labels, where it misclassified .252
'Satisfactory' samples as ‘Moderate' and 230 'Moderate' samples as 'Satisfactory'.
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Fig 6. The ConfusionMatrix - XGhoost

The Fig 6 shows this confusion matrix of the XGBoost model shows a significant tendency to predict the 'Severe' class, with very
low accuracy across most other categories. It correctly classified only 339 'Severe' air quality instances, while misclassifying al most
every other true category. The model's primary area of confusion lies in its overwhelming bias toward the 'Severe' label, where it
misclassified 2,237 'Moderate' samples, 2,029 'Satisfactory' samples, and 1,177 'Unknown' samples as 'Severe'.

Confusion Matrix - LST™

Fig 7. The Confusion Matrix - LSTM

Fig 7 shows This confusion matrix of the LSTM model shows a strong predictive performance, correctly identifying 1,745
‘Satisfactory' and 1,707 'Moderate' air quality cases. Its primary challenge lies in the significant confusion between these similar
mid-range categories, highlighted by the 352 "Moderate' samples it mislabeled as 'Satisfactory'. Overall, the matrix confirms the
model is highly effective but could be improved by better distinguishing between these adjacent air quality levels.
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Confusion Matrix - GRU

Fig 8. The Confusion matrix - GRU

The Fig 8 shows GRU model's performance, detailed in this confusion matrix, is excellent, with its most accurate predictions being
for the 'Satisfactory' category, where it correctly identified 1,805 cases. Its primary weakness, similar to the LSTM, is the confusion
between adjacent levels, notably misclassifying 394 '‘Moderate' instances as 'Satisfactory'. Overall, the GRU proves to be a highly
reliable classifier.

Confusion Matrix - Hybrid Classifier

Fig 9. The Confusion Matrix - Hybrid Classifier

The Fig 9 Shows confusion matrix for the Hybrid Classifier shows its strongest performance on the 'Moderate' category, correctly
identifying 1,970 cases. However, the model struggles significantly with other categories, Incorrectly Classifying a large number
of Samples, such as the 557 'Unknown' samples predicted as 'Poor'. This indicates that while the hybrid approach is effective for
the most common class, its performance is inconsistent and much weaker on less frequent or harder-to-distinguish categories.

CONCLUSION

The results demonstrated that advanced models significantly outperformed simpler baselines. The hyperparameter-tuned Random
Forest and the GRU deep learning network yielded the highest predictive accuracy, an outcome consistent with findings in the
supporting literature. Key limitations of this project include its reliance on a single dataset and a standard feature set that does not
incorporate more complex physical principles.

Future work can expand on this foundation by employing advanced techniques like Bayesian Optimization, exploring state -of-the-
art Transformer architectures for large-scale forecasting, or developing physics-guided models for enhanced robustness.

In conclusion, this project provides a robust validation of modern forecasting techniques and serves as a strong foundation for a
practical, real-world air quality prediction too.
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