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ABSTRACT   

In urban and industrial areas, the prediction of the air quality index (AQI) is important in order to control the 

air pollution and protect public health. The goal of this work is to enhance the AQI prediction by making use 

of the advanced machine learning (ML) and deep learning (DL) models capable of learning spatial and 

temporal dependencies. The main goal of this research is to examine the performance of the different ML 

and DL models such as Random Forest (RF), XGBoost, LSTM, Transformer and Temporal Graph Neural 

Networks (TGNN) for AQI prediction in urban and industrial zones. To capture the variability of data, a 

multi-source data collection approach is taken by using air quality data (PM2.5, PM10, SO2, NO2, CO, O3), 

weather data, satellite imagery, and IoT sensor data. The data were pre-processed and engineered in terms of 

temporal and spatial features and advanced models were used to predict AQI. And key metrics of RMSE, 

MAE and R2 were used to evaluate model performance. Results indicate that Transformer models achieved 

the best performance in urban areas, with an RMSE of 14.1 and R² of 0.89, because they can capture long-

term temporal patterns. In industrial zones, TGNN models achieved an RMSE of 17.9 and an R² of 0.87 

because they could capture spatial correlations and pollution dispersion. Both models exhibited high 

resilience to extreme pollution events and minimal performance degradation under missing data scenarios in 

robustness testing. We show that Transformer and TGNN models outperform traditional ML models by a 

large margin in AQI prediction, especially during high pollution episodes. The results are consistent with 

real-time air quality monitoring and dynamic policy making in urban and industrial environments. Future 

work should implement the models in other regions and improve data quality to increase applicability. 

Keywords: Air quality index, Machine learning, Transformer models, Temporal graph neural 

networks, Sustainable development 

1. Introduction  

Urban and industrial zones around the world have become a critical issue of air quality as high levels of 

pollutants negatively affect public health, environmental sustainability, and overall quality of life. The Air 

Quality Index (AQI) is one of the many tools used to measure air pollution and is one of the most common and 

effective tools of them all. Air quality index is a quantitative measure of air quality and is based on the 

concentration of key pollutants like particulate matter (PM), nitrogen dioxide (NO₂), sulfur dioxide (SO₂), ozone 

(O₃), and carbon monoxide (CO). Accurate real-time forecasting of AQI levels has recently received much 

attention due to the increasing concern about the adverse impacts of poor air quality in densely populated and 

industrialized areas [1]. 

Emission of pollutants has dramatically increased due to urbanization and industrialization, resulting in large 

AQI variations, especially in densely populated and industrially active regions [2]. With cities growing and 

industrial zones expanding, traditional air quality monitoring methods do not provide real-time, location specific 

predictions which can be used to inform public health policies and environmental regulations. Such promises 
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of solving this challenge are given by machine learning algorithms based on big data and deep learning 

techniques, which use large amounts of environmental and meteorological, and traffic data to aid in more 

accurate air quality prediction [3]. 

Addressing air quality in urban and industrial regions is not only a matter of public health, but also a core 

challenge in achieving sustainable development. Clean air is essential to advancing the UN Sustainable 

Development Goals (SDGs), particularly SDG 3 (Good Health and Well-being), SDG 11 (Sustainable Cities 

and Communities), and SDG 13 (Climate Action). By leveraging advanced machine learning techniques for 

real-time AQI prediction, this research contributes to a data-driven framework that promotes environmental 

justice, reduces health inequalities, and supports long-term urban planning. The integration of AI in 

environmental forecasting empowers cities to become more resilient, efficient, and environmentally responsible, 

aligning with global efforts to build smarter and greener urban ecosystems [4]. 

Numerous factors have a bearing on the complexity of air pollution problems, such as geographical location, 

weather patterns, urban infrastructure as well and industrial activities; consequently, air pollution is a highly 

nonlinear and dynamic problem. Because of this, advanced machine learning models must be used to capture 

these intricate relationships and generate accurate predictions. There has been much work done in using different 

ML techniques such as Support Vector Machines (SVM), Random Forests (RF), and more sophisticated deep 

learning methods to predict AQI levels and pinpoint pollution sources in urban environments [5]. 

Despite the progress of ML-based AQI prediction, it remains difficult to achieve high-accuracy predictions in 

real-world settings, in particular in industrial zones where emissions are variable and pollution levels vary 

rapidly. In addition, the quality and availability of data, as well as the inability to deal with missing or incomplete 

data, are the main problems of most existing models. Moreover, most models are individual pollutants, while a 

more comprehensive model incorporating multiple air quality drivers and pollutants has not sufficiently 

explored [6]. Furthermore, previous studies are region-specific, and models are not transferable between 

different geographical locations and pollution conditions.  

This research fills these gaps by developing an ML-based framework to predict AQI with high accuracy in urban 

and industrial zones and solve the problem of incomplete data using advanced imputation techniques [7]. This 

research is important because poor air quality has the greatest impact in urban and industrial settings and could 

help air quality management and public health protection. This research can be used to help improve policy 

making, environmental monitoring, and real time air quality alerts, reducing health risks from air pollution [8]. 

This domain can also be furthered by using advanced machine learning techniques to revolutionize 

environmental forecasting by providing capable, scalable, and adaptable models that operate throughout urban 

and industrial zones globally [9]. 

Another important aspect of this research is the integration of several data sources, such as meteorological data, 

traffic patterns, and industrial activities, into a single machine learning framework. Using this comprehensive 

approach, we can then better detect the variety of factors that impact the amount of air pollution as well as the 

fluctuation of AQI in real-time. In addition, the developed model will be more robust and practical for 

deployment in many real-world scenarios as it can handle missing or incomplete data, a common problem in 

environmental monitoring [10]. 

Machine learning (ML) advances over the past recent years have contributed substantially towards improving 

air quality prediction methods, particularly in developing models that utilize a variety of datasets, including 

meteorological and industrial, for better accuracy [11]. Karimi et al. [12] showed that ML-based white box 

models can predict and analyze the correlation of air pollutants near industrial zones. The work focused on 

explainability, an important aspect for policymakers and stakeholders, to better understand pollution sources 

and their impacts. As Khadom et al. [13] also demonstrated, with the development of advanced ML and DL 

approaches customized for urban environments like communities in Baghdad, it is possible to predict AQI and 

fine particulate matter (PM2.5) levels with high accuracy.  

Air quality modeling has been integrated with deep learning. For instance, Kök et al. [14] demonstrated how 

deep (neural network) learning can be utilized to predict AQI for smart cities, is able to handle the 

complexity/variability of urban air pollution. Liu et al. [15] used Support Vector Regression (SVR) for multi-

dimensional urban air quality forecasting and demonstrated that nonlinear relationships between variables could 

be captured. Collectively, this set of studies has made possible the use of sophisticated ML algorithms for AQI 

prediction. 



 PEN Vol. 13, No. 2, June 2025, pp.425-434 

427 

White box approaches, which emphasize interpretability, or deep learning models for processing high-

dimensional data, are used in recent research. Ma et al. [16] used big data analytics to investigate how various 

pollutants influence AQI and which factors contribute to national-scale AQI deterioration. Combining 

environmental, meteorological, and demographic data with ML, as their study demonstrates, can reveal 

actionable insights. Additionally, Mehmood et al. [17] provide a comprehensive review of current priorities in 

air quality prediction and point out critical research directions, including real time AQI forecasting and spatial 

and temporal dynamics. Specifically, they highlight the need for models that can generalize across regions, an 

area where most studies, including that of Molina-Gómez et al. [18], have demonstrated shortcomings in their 

region-specific focus. 

In this area, there is still a lot of work to be done in dealing with missing or noisy data. For instance, Liao et al. 

[19] used ensemble learning methods to predict urban air quality, but the results were robust, incomplete dataset 

limitations were noted. Similarly, Tella & Balogun [20] also pointed out that the use of GIS-based ML models 

for spatial prediction of particulate matter (PM10) is a promising field, but the improvement in data imputation 

techniques is required to make such models more reliable. Recent studies have made progress in developing 

AQI prediction methodologies; however, there remain several gaps. Scalability and transferability of findings 

across different urban and industrial settings are the major problems of most models. Moreover, while white 

box models are more interpretable, compared to black box models, their prediction accuracy is usually less 

accurate [21]. 

Many are reliant on high-quality, region-specific data. For example, the results in Khadom et al. [13] and Liu 

et al. [15] are very localized, and it is difficult to extend their conclusions to other geographies. In addition, deep 

learning models of the type studied by Kök et al. [14] achieve high accuracy, but at the cost of both 

computational burden and overfitting, primarily when trained on small datasets. An additional problem is the 

absence of integration between environmental and socioeconomic factors in current models. This was identified 

by Mehmood et al. [17] as a gap preventing a holistic understanding of air quality dynamics. Like Liao et al. 

[19], the inability to deal with missing or incomplete data effectively also limits the practical deployment of 

ML-based models in real-time applications. This study fills these gaps by developing a comprehensive ML-

based framework incorporating meteorological, industrial, and traffic data to predict AQI. Missing data is 

handled effectively by advanced data imputation techniques so that the model is robust in real-world 

applications. This research focuses on both accuracy and interpretability, a combination of white box and black 

box approaches [21]. 

In addition, the developed model is designed to be transferable to other geographic and industrial contexts using 

transfer learning techniques to increase generalizability. This study integrates socioeconomic factors along with 

environmental variables to form a holistic view of AQI dynamics that addresses the limitations of previous 

models. Finally, while recent advances in ML have greatly improved AQI prediction capability, this work 

further extends these foundations to develop a scalable, interpretable, and robust framework to address the key 

gaps identified in the literature [19, 20]. We expect these contributions to help pave the way for more effective 

air quality management and policy formulation on a global scale. 

The main goal of this work is to create and evaluate a machine learning based model to predict AQI in urban 

and industrial zones. This will involve the following specific objectives: 

1. An advanced framework capable of modelling spatial, temporal, and interaction AQI prediction features 

is developed. 

2. Interpretability upgrade of the model by using the explainability techniques. 

2. Research method  

The approach used in this study is intended to capture the multifaceted nature of AQI prediction in urban and 

industrial areas. The approach combines state-of-the-art data acquisition methods, feature extraction, ML and 

DL models, and validation frameworks. This section provides a description of the most important stages in 

conducting research. 

2.1. Data collection 

The study focuses on two distinct environmental contexts: the transportation sector, mainly referring to the 

emissions from urban areas where population density is high and traffic activity is frequent, and the emissions 

from industrial areas originating from manufacturing plants, electric power stations, etc. In order to get a rich 

set of data, a multiple-source data collection approach was used. Hourly concentrations of PM2.5, PM10, SO2, 
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NO2, CO, and O3 were collected from regional air quality monitoring networks and OpenAQ. Climate data, 

which includes weather variables including temperature, humidity, wind speed, and precipitation was obtained 

from weather bodies and websites such as the National Oceanic and Atmospheric Administration (NOAA). 

Satellite data, aerosol optical depth (AOD) from MODIS and Sentinel-5P satellites, were used as surrogates for 

particulate pollution. Further, emissions and energy consumption data were obtained from IoT-connected 

industrial sensors, and traffic density and urban activity level proxies were obtained from open sources. In the 

preprocessing phase, several problems were solved, such as outlier detection and removal, where IQR and Z-

score were used. Data that were missing were dealt with using temporal interpolation and KNN imputation to 

reduce information loss. Lastly, in order to facilitate data integration and analysis, all of the datasets were time-

aligned to the hourly level. 

2.2. Feature engineering 

Several advanced techniques were used to capture temporal dynamics. Lagged variables with time lags of 1 to 

72 hours were included to control for the temporal dependence of pollutant and meteorological data. Data, 

lagged variables were included with time lags of 1 to 72 hours. Thus, the models could more accurately predict 

with past occurrences. Periodic trends were encoded using Fourier transformations to handle seasonal changes, 

and long-term seasonal effects were captured. Additionally, we included event indicators, as binary features, to 

account for specific temporal effects like holidays, weekends, and rush hours, which are important to capture 

the diurnal and periodicity of air quality dynamics. 

Sophisticated techniques were used to capture the spatial dependencies between the monitoring stations. The 

features, which contain information about the spatial context of air quality, were geographically encoded and 

included land use categories, distance to traffic sources, and industrial areas. In addition, Graph Neural 

Networks (GNNs) were applied to model the spatial dependencies between monitoring stations. Here, stations 

were represented as vertices of a graph, and the correlation between pollutants or proximity was represented as 

edges. The models were able to capture the spatial interactions and dependencies that are critical for accurate 

air quality prediction using this approach. 

Pollutant and meteorological polynomial terms, such as PM2.5 × humidity and O3 × temperature, were 

developed. 

2.3. Machine learning models 

The study proposed and evaluated different machine learning and deep learning models for the accurate 

prediction of AQI. Baselines were RF and GBM (XGBoost, LightGBM) as they have very good performance 

on structured tabular data. More sophisticated attention mechanisms were used in TemporalFusionTransformer 

and other Transformer-based architectures to model long sequences, while LSTM was used to capture temporal 

dependencies in sequential data. In addition, spatial and temporal features were integrated. Temporal Graph 

Neural Networks (TGNNs) were proposed to learn spatial and temporal features of AQI data, such as spatial 

correlation between monitoring stations and temporal trends of pollutants for improved prediction performance. 

To improve the overall predictive accuracy, a stacked ensemble approach was used to combine the individual 

models. This approach applied weighted averaging in blending out the individual models’ predictions in order 

to harmonise the models’ input according to their performances. Moreover, to enhance the results of the base 

models, a meta-model, including XGBoost, was used to learn from the outputs of the base models. This two-

stage two-platform strategy ensured that all patterns and different types of relationships in the data were 

captured, thereby enhancing the AQI prediction robustness and accuracy. 

2.4. Training and optimization 

The training process applied more comprehensive techniques for the preparation of the given models. Transfer 

learning was used where models were trained on urban and industrial datasets to take advantage of regional 

patterns and achieve faster convergence. Moreover, self-supervised learning was used to pre-train temporal and 

spatial dynamics from unlabeled data to improve the models’ capacity to learn inherent patterns of air quality 

indices. To enhance the accuracy even more, Bayesian optimization was used for hyperparameter tuning. This 

technique methodically adjusted key hyperparameters in traditional machine learning models, such as 

regularization coefficients, tree depths, and learning rates. Especially for deep learning models, it was found 

that certain architectures have parameters like dropout rates and number of hidden units that are optimal to turn 

according. All these strategies together made model training strong and the predictive capability of the model 

excellent. 
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2.5. Evaluation framework 

In the training process, the most modern techniques were used to enhance the quality of the model. Transfer 

learning was used, where the models were trained on the urban and industrial datasets to use regional patterns 

and reduce the convergence time. Additionally, to enhance the models' ability to discover latent patterns in air 

quality indicators, temporal and spatial features were pre-trained from unlabeled data using self-supervised 

learning. To enhance the accuracy, Bayesian optimization was used for hyperparameter tuning. This method 

systematically tuned important factors, including the learning rates, depth of trees in the CART models, and the 

coefficients of the models that were used to regularize traditional machine learning models. In the case of deep 

learning models, architectures specific parameters such as drop outs and number of hidden layers were again 

adjusted to find the best solutions. All these strategies in aggregate provided a reliable model training and better 

predictive accuracy. 

The ability of the models to perform well under difficult conditions was also checked to determine the strength 

of the models. Data missing situations were created to check the stability of the predictions, to make sure that 

the models would not be very off if some data were missing. Additionally, the model's performance was assessed 

under high AQI events, such as industrial emissions and seasonal fogs, which are marked by abrupt changes in 

pollution levels. These analyses demonstrated how well the models handled real-world circumstances and 

significant pollution incidents. 

2.6. Interpretability 

The interpretability of the model was a concern of the study, and this was done using state-of-the-art 

explainability methods. To understand the factors affecting air quality in urban and industrial areas, we applied 

SHAP (Shapley Additive Explanations) to measure the importance of each feature to the model’s predictions. 

Additionally, Transformer models provided attention maps that revealed important temporal regions that could 

detect time frames with greater influence on AQI variations. Practical recommendations based on the 

explainability analysis were provided, such as detection of the main pollutants for urban and industrial settings, 

and temporal trends, including daily AQI variations typical of urban environments. The findings are important 

for targeted prevention and treatment and for policy decisions. 

2.7. Deployment and visualization 

Real-time prediction of the AQI was implemented on a cloud environment with the best models. IoT integration 

was included in this deployment as the constant data feed from air quality sensors was used to provide real-time 

information for timely and accurate predictions. Additionally, light versions of the models were deployed on 

edge devices placed in industrial areas to monitor AQI in real time using Edge AI. The two-fold utilization of 

the system improved the flexibility and expandability of the predictive system for different working contexts. 

3. Results and discussion  

3.1. Performance of machine learning models 

Performance metrics (RMSE, MAE, and R²) of urban and industrial datasets tested for the models are shown in 

Table 1. As more models like Transformers and Temporal Graph Neural Networks (TGNNs) work out, they 

perform better in their respective domains, compared to more basic models such as MLP, CNN, and RNN, 

among many others. 

Table 1. Model Performance on Urban and Industrial Zones 

Model Zone RMSE MAE R² 

Random Forest Urban 18.3 12.5 0.82  
Industrial 22.7 15.2 0.78 

XGBoost Urban 16.8 11.4 0.85  
Industrial 20.5 14.1 0.81 

LSTM Urban 15.6 10.7 0.87  
Industrial 19.3 13.5 0.84 

Transformer Urban 14.1 9.8 0.89  
Industrial 18.7 12.9 0.85 

Temporal Graph Network Urban 14.7 10.2 0.88  
Industrial 17.9 12.3 0.87 
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3.2. Comparative analysis 

The RMSE values for each model in urban and industrial zones are shown in Figure 1. Transformer models 

perform best in urban zones because they can capture long term temporal dependencies. TGNN models are 

particularly good at modeling spatial relationships between monitoring stations in industrial zones. 

 
Figure 1. RMSE comparison between urban and industrial zones 

The R² scores, the variance explained by each model, are shown in Figure 2. Predictive capabilities are shown 

by the Transformer and TGNN models to achieve the highest R² values in their respective zones. 

 

Figure 2. R² Comparison between urban and industrial zones 

3.3. Robustness testing 

We tested the models under scenarios where 20% and 50% of the data were randomly removed. For 

transformers, RMSE increased by only 5% at 20% missing data, while TGNN models were robust in industrial 

zones with up to 50% missing data. 

TGNNs exhibited strong predictive stability during extreme pollution episodes, such as industrial accidents, and 

seasonal smog events, especially in industrial areas. Transformer models could successfully capture urban AQI 

spikes with an RMSE increase of less than 8%. 

3.4. Interpretability and insights 

• Urban zones: Temporal features such as traffic indicators and seasonal patterns were identified as 

dominant predictors. 

• Industrial zones: Spatial features, including proximity to emission sources, played a critical role in 

accurate predictions. 

Insights into key temporal periods that influence predictions were provided by SHAP (Shapley Additive 

Explanations) and attention maps from Transformer models, which helped policymakers identify intervention 

measures to target. 
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3.5. Discussion  

The results indicate that the state-of-the-art machine learning and deep learning algorithms, including 

Transformers and Temporal Graph Neural Networks (TGNNs), achieve better AQI prediction in urban and 

industrial areas. In urban areas (RMSE = 14.1, R² = 0.89), the Transformer model was more accurate and able 

to learn long term temporal features such as rush hour, daily and weekly cycles, and seasonality; whereas the 

TGNN model was more accurate in industrial areas (RMSE = 17.9, R² = 0.87) and captured spatial correlations 

and dispersion of pollutants from point sources. This work supports previous studies that have found that 

traditional models such as Random Forest and XGBoost are fairly accurate but lack the ability to capture 

temporal and spatial dependencies [22]. The more complex models proposed here are in line with the current 

literature on the advantages of hybrid models through the use of attention mechanisms and spatio-temporal 

embeddings. The high accuracy of these models during high pollution episodes like industrial emissions and 

winter fog episodes makes them suitable for real-time air quality monitoring and early interventions [23]. Some 

of the applications of these findings are dynamic traffic control, selective emission reduction, and better 

compliance of industrial areas. However, some of the shortcomings involve using open data that have poor or 

irregular spatial-temporal resolution, elevated costs in training deep learning models, and the model‘s inability 

to extend to rural or mixed-use areas.  

This research contributes significantly to the goals of sustainable development by offering scalable and accurate 

methods for air quality prediction. The implementation of advanced ML models such as Transformers and 

TGNNs enables real-time monitoring and timely interventions, which can reduce health hazards, optimize 

industrial emissions, and improve urban planning [24]. By integrating multi-source environmental data, this 

framework supports evidence-based policy decisions aligned with SDG 3 (Good Health and Well-being), SDG 

11 (Sustainable Cities and Communities), and SDG 13 (Climate Action). The deployment of edge-based AI 

models further enhances energy efficiency and supports low-resource settings, aligning with broader goals of 

environmental sustainability and technological equity. 

Possible directions for future work include the use of the models in other environments, the incorporation of 

higher spatial resolution imagery (e.g., satellite imagery, aerial photography), and the development of more 

portable frameworks for low bandwidth settings. Such efforts can help the enhancement of the presently 

predictive modeling of air quality so as to support policy formulation by evidence, thus enhancing population 

wellness. 

4. Conclusions  

This work shows that the state-of-the-art machine learning and deep learning models, namely Transformer and 

Temporal Graph Neural Network (TGNN) models, can be used to accurately predict the AQI in urban and 

industrial areas. The results show that these models are more effective in capturing temporal and spatial 

dependencies of pollution, while Transformers are more suitable for urban areas because of temporal patterns, 

and TGNNs for industrial areas due to spatial patterns. The results of the proposed approaches were superior to 

the traditional models in terms of prediction accuracy and resilience, especially during the high pollution 

episodes.  

These findings can be useful for dynamic air quality management, as well as for the identification of specific 

measures and the development of policies. However, the current study has some limitations, which are data 

inaccuracy, pulsed analysis is computationally expensive, and requires more empirical studies in various zones. 

Future research should meet these challenges by using data from different sources, employing simple model 

structures, and applying the methods to rural and partly urban contexts. Altogether, this research lays a solid 

ground for using predictive modelling in the management of air quality, and underscores the possibilities of 

these technologies to improve the environment and people’s health. 
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