Bulletin of Electrical Engineering and Informatics
Vol. 15, No. 4, August 2026, pp. 3216~3226
ISSN: 2302-9285, DOI: 10.11591/eei.v15i4.9996 O 3216

Enhanced air quality index classification: leveraging genetic
algorithm and SMOTE for accurate assessments in Indian cities

Komal Kumar Napa!, Ayodeji Olalekan Salau?®, Angati Kalyan Kumar?, Sepiribo Lucky Braide®,

Aitizaz Ali¢, Ting Tin Tin"8

1Department of Artificial Intelligence and Data Science, Saveetha Engineering College, Chennai, India
2Department of Electrical/Electronics and Computer Engineering, Afe Babalola University, Ado-Ekiti, Nigeria
3Saveetha School of Engineering, Saveetha Institute of Medical and Technical Sciences, Chennai, India
“Department of Computer Science & Engineering (Data Science), Madanapalle Institute of Technology & Science (MITS), Deemed to

be University, Madanapalle, India

SDepartment of Electrical and Electronics Engineering, Rivers State University, Port Harcourt, Nigeria
®Strategic Research Institute, Asia Pacific University of Technology and Innovation (APU), Kuala Lumpur, Malaysia
"Faculty of Data Science and Information Technology, INTI International University, Negeri Sembilan, Malaysia
8School of Information Technology, UNITAR International University, Petaling Jaya, Malaysia

Article Info

ABSTRACT

Article history:

Received Jan 31, 2025
Revised May 22, 2026
Accepted Jun 19, 2026

Keywords:

Air pollution

Air quality index

Extreme machine learning

The escalating air pollution levels in Indian metropolitan regions necessitate
robust predictive systems for air quality assessment. This study presents an
advanced air quality index (AQI) forecasting model leveraging the radial
basis function (RBF) kernel-based extreme learning machine (ELM)
optimized using a genetic algorithm (GA). The proposed model is evaluated
on real-time AQI datasets from four major Indian cities: Vishakhapatnam,
Delhi, Hyderabad, and Patna. Initial experiments without class balancing
yielded prediction accuracies of 83.9%, 88.3%, 87.0%, and 86.9%
respectively. To address the class imbalance and enhance predictive
performance, the synthetic minority oversampling technique (SMOTE) was
applied. Post-balancing, the model achieved significantly improved
accuracies of 93.9%, 94.7%, 92.3%, and 96.2% across the respective cities.

Genetic algorithm

These results underscore the effectiveness of integrating SMOTE with RBF-
Health impact

ELM for AQI prediction and demonstrate the critical role of data balancing
in improving model generalizability. The proposed approach offers a
promising solution for urban air quality monitoring and can assist
policymakers in formulating timely interventions to mitigate health risks
associated with air pollution.
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1. INTRODUCTION

Air quality degradation poses a major threat to public health, particularly in rapidly urbanizing
regions such as India, where rising vehicular emissions and industrial activities have intensified pollution
levels and increased the incidence of respiratory and cardiovascular diseases [1]-[3]. The air quality index
(AQI) provides a standardized measure of pollution severity based on key pollutants such as PM2.5, PM10,
NO:, SO:, CO, Os, NHs, and Benzene, enabling effective public communication and regulatory action [4],
[5]. With advances in sensor technologies and real-time monitoring, large-scale environmental datasets have
become widely available, prompting extensive research into AQI forecasting using regression models, deep
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learning (DL) approaches, ensemble methods, optimization-driven architectures, and internet of things (10T)-
enabled systems [6], [7]. However, despite progress in model design, AQI prediction remains hindered by
severe class imbalance, where minority pollution categories are underrepresented, leading to biased
predictions and reduced generalizability. Although synthetic minority oversampling technique (SMOTE) has
proven beneficial in balancing datasets across various machine learning (ML) tasks [8], its application in AQI
forecasting remains limited, and few studies examine hybrid optimization frameworks. A clear research gap
exists in developing a robust system that jointly addresses data imbalance and model optimization for
improved fairness and predictive accuracy.

To bridge this gap, this study proposes a novel AQI prediction framework that integrates SMOTE-
based balancing with a genetic algorithm (GA)—optimized radial based function extreme learning machine
(RBF-ELM), tailored for four major Indian cities. The contributions include: i) a hybrid GA-ELM model
capable of capturing nonlinear urban pollution patterns; ii) the use of SMOTE to enhance class-wise fairness
and reduce predictive bias; and iii) a comprehensive evaluation comparing imbalanced and balanced datasets
using accuracy, precision, recall, and visual performance metrics [9]. This work provides practical
significance by enabling more equitable and reliable AQI classification, supporting informed policymaking,
facilitating early warning systems, and contributing to urban public health management.

The remainder of this paper is structured as follows: section 2 reviews related work in air quality
prediction and ML approaches. Section 3 outlines the system architecture and dataset description. Section 4
details the methodology including SMOTE, RBF-ELM, and GA integration. Section 5 presents the
experimental results and analysis. Section 6 concludes the paper and suggests future research directions.

2. RELATED WORKS

Numerous studies have explored the use of ML and artificial intelligence (Al) for AQI prediction
across diverse geographic contexts. Rao et al. [10] developed a multimodal imputation-based stacked
ensemble model that combined multiple regression and classification learners to improve AQI prediction in
Indian cities. Expanding on this, their later work proposed a multimodal autoencoder framework integrating
data imputation and DL for AQI classification and prediction tasks, demonstrating strong performance in
heterogeneous data conditions [11].

Natarajan et al. [12] designed an optimized ML model for AQI forecasting, incorporating feature
selection and hyperparameter tuning tailored for major Indian cities. Their approach emphasized robust
performance across different pollutant metrics. Similarly, Swamynathan et al. [13] adopted lightweight ML
methods to build scalable AQI prediction models suitable for smart city deployment within 10T ecosystems.
Mubeen et al. [14] integrated optimization strategies with DL to forecast AQI more accurately, leveraging
historical data and meteorological inputs. In a regional context, Islam [15] conducted an Al-driven
assessment of air pollution in Dhaka, Bangladesh, and proposed integrated ML techniques for both
forecasting and policy-making. Megavarnan and Venkatachalam [16] introduced the POA-DT method, a
pollutant-occurrence-aware decision tree model specifically designed for Indian urban datasets, and
demonstrated improved accuracy and interpretability. Mim et al. [17] presented a comparative analysis of
various ML algorithms under different hyperparameter tuning conditions, revealing significant differences in
AQI prediction effectiveness. Shetty et al. [18] developed a hybrid Al model for both air quality forecasting
and environmental mitigation strategy planning, offering a holistic view of pollution assessment.

From a review standpoint, Malhotra et al. [19] provided a systematic evaluation of Al-based AQI
prediction models, highlighting common challenges such as data imbalance, missing values, and
computational overhead. In response to these challenges, Sawah et al. [20] proposed a hybrid binary particle
swarm optimization (BPSO) with butterfly optimization algorithm (BWAO) for feature selection and
hyperparameter optimization, significantly boosting AQI prediction accuracy. Health impact studies have
also emerged. Rao et al. [21] proposed a novel hybrid framework that links air quality data with lung health
assessment using classification models. Meanwhile, Sanjit and Suchitra [22] applied regression-based
techniques to uncover latent AQI patterns and promote sustainable urban air management. Patel et al. [23]
focused on particulate matter (PM2.5 and PM10) prediction, comparing both ML and DL approaches. Their
results highlighted the importance of pollutant-specific models. Agbehadji and Obagbuwa [24] reviewed
spatiotemporal prediction models using ML and DL techniques, discussing real-world deployment challenges
and evaluation benchmarks. Singh et al. [25] implemented a random forest-based approach, optimizing it for
better prediction of urban air quality, emphasizing model robustness and scalability.

While these studies highlight the diversity of methods used for AQI prediction, many do not
adequately address the challenge of imbalanced datasets, which can bias predictions toward dominant AQI
classes. To bridge this gap, the present study introduces a novel RBF kernel-based ELM optimized using GA,
in conjunction with the SMOTE, to improve classification fairness and accuracy across all AQI categories.
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3. SYSTEM OVERVIEW
3.1. Dataset

This study employs air quality data obtained from the central pollution control board (CPCB), India,
comprising both hourly and daily measurements of various atmospheric pollutants, including the AQI, for the
period 2015 to 2020 [26]. The initial dataset consists of 29,532 entries and 16 features, representing
monitoring stations distributed across 26 cities nationwide. For this analysis, data from four metropolitan
regions, Vishakhapatnam, Delhi, Hyderabad, and Patna were selected to ensure regional diversity and urban
relevance. The dataset incorporates critical air quality indicators such as PM2.5, PM10, NO, NO2, NOXx,
NH3, CO, SO2, 03, Benzene, and Toluene, along with AQI and the associated categorical label
‘AQI_Bucket,” which indicates the qualitative air quality level. An excerpt of the dataset for Visakhapatnam
is presented in Table 1.

Table 1. Sample dataset of Visakhapatnam city
Index Date  PM2.5PM10 NO NO2 NOx NH3 CO SO2 03 Benzene Toluene AQI AQI_Bucket
28075 2016-07-07 35.33 84.31 16.95 44.35 34.22 12.06 0.84 0.57 25.24 4.87 9.37 81.0 Satisfactory
28076 2016-07-08 40.62 92.73 28.48 52.89 47.01 11.91 1.07 0.57 16.24 6.46 12.2  112.0 Moderate
28077 2016-07-09 39.24 93.36 22.33 45.37 39.47 12.71 1.00 0.78 18.38 5.51 955 81.0 Satisfactory
28078 2016-07-10 26.64 69.66 11.26 36.51 26.20 12.62 0.88 0.97 27.98 4.12 8.15 81.0 Satisfactory
28079 2016-07-11 30.04 69.69 13.78 39.01 29.02 8.92 0.92 0.92 24.73 3.87 7.32  79.0 Satisfactory

3.2. Analysis of chosen cities and overview of methods

The selected cities, Visakhapatnam, Delhi, Hyderabad, and Patna were chosen for their
environmental significance and diverse geographic and industrial profiles, enabling meaningful comparative
analysis of regional air quality variations. To prepare the dataset, the ‘Xylene’ attribute with no valid entries
was removed, and all null values were eliminated to ensure data integrity. SMOTE was applied to the
training set to address class imbalance by generating synthetic minority samples, improving model
generalization. The predictive framework employs an RBF-based ELM-RBF, chosen for its fast training and
nonlinear learning capability. Hyperparameters were optimized using a GA implemented through DEAP,
with accuracy guiding fitness selection across evolving populations. Model performance evaluated using
accuracy, precision, and recall on both imbalanced and SMOTE-balanced datasets demonstrates the
robustness and effectiveness of the proposed approach for air quality prediction.

4, METHOD

The proposed air quality prediction framework Figure 1 is designed for four major Indian cities
Vishakhapatnam, Delhi, Hyderabad, and Patna and follows a structured, reproducible methodology. The
dataset, obtained from the CPCB, consists of 29,532 records and 16 attributes from 2015-2020.
Preprocessing includes removing attributes with no valid entries (such as Xylene), dropping rows with
missing values, and imputing remaining numerical gaps using column means. Zero values, considered non-
physical for certain pollutants, are replaced with mean values to prevent distortions. AQI_Bucket labels are
encoded numerically, and Standard scaler is applied to normalize all features.

To address severe class imbalance, SMOTE is employed with k=5 neighbour’s, applied only after a
stratified 70:30 train—test split. This approach balances the training data while preserving the real-world
distribution in the test set, thereby avoiding data leakage. The predictive model uses an ELM with an
RBF-ELM. Its hyperparameters, including kernel width, are optimized using a GA implemented in DEAP.
The GA begins with a population of 100 individuals, each encoding 12 ELM-RBF parameters, and evolves
over 50 generations using one-point crossover and Gaussian mutation. Fitness is measured using
classification accuracy, and the algorithm tracks key statistics across generations. A convergence threshold of
0.6, determined through exploratory trials, is used for early stopping to balance computational efficiency and
optimization quality.

After convergence, the best individual is used as a transformation matrix for feature weighting, and
the optimized feature set is used to train the final RBF-ELM model. Performance is evaluated using accuracy,
precision, and recall on both imbalanced and SMOTE-balanced datasets.

4.1. Data preprocessing
The dataset used in this study, obtained from the CPCB, includes the observation date, city hame,
pollutant concentrations (PM2.5, PM10, NO, NO, NOy, NHs, CO, SO, Os, Benzene, and Toluene), the AQI,
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and its categorical label AQI_Bucket, which classifies air quality into six levels. Although the dataset spans
many Indian cities, this study focuses on Visakhapatnam, Delhi, Hyderabad, and Patna to ensure analytical
clarity and capture diverse pollution patterns.
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Figure 1. Proposed method

Data preprocessing involves removing records with missing values to maintain data quality. To
correct severe class imbalance in AQI categories, the SMOTE is applied, generating synthetic samples for
underrepresented classes. Standard scaler is used to normalize all features, ensuring stable model training.
The predictive framework employs an ELM with an RBF kernel, optimized using a GA. This comprehensive
preprocessing pipeline ensures a reliable foundation for accurate AQI prediction.

4.1.1. Synthetic minority oversampling technique

SMOTE is a powerful technique designed to address class imbalance in ML datasets, particularly
prevalent in scenarios where one class significantly outhumbers the others. It focuses on the minority class,
generating synthetic instances to rebalance the distribution and enhance model performance. The method was
introduced by Chawla et al. [8].

Let X be represent the original feature space, C be the minority class, and x; denote a sample form C.
For a given minority instance xi, let X, be one of its k nearest neighbors. The synthetic instance Xnew is
generated using (1):

Xnew=Xi+A. (Xzi *Xi) (1)

where X is a random value between 0 and 1.

In Visakhapatnam, the AQI bucket distribution was highly imbalanced, with most samples falling
under the “Moderate” and “Satisfactory” categories, while “Very Poor,” “Poor,” and “Good” had limited
representation and “Severe” was completely absent Figure 2. Such imbalance can bias classification models
toward majority classes. To address this, SMOTE was applied to generate synthetic samples for minority
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categories through interpolation, resulting in a balanced dataset. After oversampling, each AQI bucket
Severe, Very Poor, Poor, Satisfactory, Moderate, and Good contained 368 samples Figure 3. This balancing
step significantly improved model fairness, robustness, and overall predictive performance.
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Figure 2. Imbalanced data for Visakhapatnam city
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Figure 3. Balanced by SMOTE

4.1.2. Feature scaling using standard scaler

Standard scaling is a crucial preprocessing step in ML, particularly when features exhibit varying
scales. The method centers the data by subtracting the mean and scales it by dividing by the standard deviation.
This normalization ensures that all features contribute equally to the model preventing biases introduced by
variables with larger scales [27]. The standardization process is mathematically expressed as (2):

_ x—-mean (2)
standard deviation

where X represents the original feature value, meandenotes the mean of the feature, and standard deviationis
the standard deviation [28].
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4.2. Predictive modelling
4.2.1. Extreme machine learning

The ELM is a fast and efficient ML algorithm designed for training single-layer feedforward neural
networks. Introduced by Huang et al. [29], ELM differs from traditional gradient-based methods by using
randomly assigned input weights and fixed hidden-layer parameters, eliminating iterative optimization. The
hidden neurons act as random feature extractors, projecting input data into a high-dimensional space. Output
weights are computed analytically using a linear system solution, which significantly accelerates training.
This structure enables ELM to achieve strong generalization performance while maintaining exceptional
computational efficiency.
The output of the hidden layer can be represented as (3):

H=0(Win . X+bin) 3

where H is the hidden layer output, Wi, is the input weight matrix, X is the input data, and bj is the bias
vector. The activation function ¢ introduces non-linearity.
The output weights are determined by solving the linear system:

Wou=H".Y (4)

4.2.2. Radial basis function kernel-based extreme learning machine

The RBF Kernel-ELM is a powerful ML algorithm that combines the efficiency of ELM with the
nonlinear mapping capabilities of the RBF kernel. ELM, is known for its simplicity and fast learning speed. It
involves a single-hidden layer feedforward neural network (SLFN) with randomly generated input weights
and biases. The RBF kernel enhances the ELM by introducing a nonlinear transformation, allowing the
model to capture complex relationships within the data. The RBF-ELM employs RBF, which are
mathematical functions that depend on the distance from a central point or prototype. These functions
facilitate the mapping of input features into a high-dimensional space, enabling the model to better handle
intricate patterns in the data.
The mathematical representation of the RBF-ELM can be expressed as (5):

f) = Eio B 0([1x — cil) (®)

Here, f(x) represents the output of the RBF-ELM for input x, Bi denotes the output weights, ci represents the
center of the RBF, and (]|x—cil|) is the RBF activation. The key advantage of the RBF-ELM lies in its ability
to efficiently approximate complex functions with a reduced risk of overfitting. The RBF kernel introduces a
nonlinear transformation, allowing the model to capture intricate relationships in the data without
compromising computational efficiency. Siouda et al. [30] have demonstrated the effectiveness of the RBF-
ELM in various applications, including pattern recognition, regression, and classification tasks. The
integration of the RBF kernel with ELM enhances the model's capacity to handle diverse datasets and
improve predictive performance.

4.2.3. Genetic algorithm

In the proposed model, the GA is used to optimize parameters of the RBF-based ELM for improved
AQI prediction [31]. Each GA individual encodes an ELM parameter set, and evolutionary operations
selection, crossover, and mutation iteratively refine the population toward optimal configurations. This
enables the model to capture complex nonlinear pollution patterns more effectively than fixed-parameter
approaches. A convergence threshold of 0.6 serves as an early-stopping criterion, preventing unnecessary
computation and limiting overfitting. By balancing exploration and exploitation, the GA enhances model
robustness, reduces computational effort, and contributes to a more accurate and efficient AQI prediction
framework [32], [33].

5.  EXPREIMENTAL ANALYSIS AND FINDINGS

The proposed air quality prediction model was evaluated using standard performance
metricsaccuracy, precision, and recallto provide a comprehensive analysis of its predictive capabilities across
four urban regions: Vishakhapatnam, Delhi, Hyderabad, and Patna. In the initial phase, the model was trained
and tested on imbalanced datasets without applying any balancing methods, resulting in baseline
classification accuracies of 83.90% for Vishakhapatnam, 88.31% for Delhi, 87.08% for Hyderabad, and
86.91% for Patna.
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In this study, the hyperparameters of the RBF kernel, including kernel width, were not fixed but
optimized using a GA. The GA systematically tuned key parameters such as kernel width, convergence
threshold, and population size to achieve optimal performance, ensuring that the RBF-ELM configuration
was adapted to the specific characteristics of the dataset, thereby enhancing predictive accuracy. To address
class imbalance, SMOTE was applied, with particular care taken to preserve the class distribution during the
train—test split. Specifically, SMOTE was used exclusively on the training set after the initial split, ensuring
that the test set retained its original real-world class proportions. This approach prevented data leakage and
allowed for an unbiased assessment of the model’s ability to generalize to naturally imbalanced distributions
while benefiting from balanced data during training.

The experiments were conducted in Python 3.10 using Jupyter Notebook on an Intel i7,
16 GB RAM system. An RBF-ELM model optimized via a GA (population 100, 50 generations, threshold
0.6) was used. SMOTE-balanced, stratified 70:30 data splits enabled performance evaluation on both
imbalanced and balanced datasets. Table 2 depicts the findings of the study. Figure 4 represents the
performance metrics before and after applying SMOTE for four cities.

Table 2. Performance metrics comparison for air quality prediction

Recall
Ci sz)cel]i(r)f:gy Accuracy (after Precision (before Precision (after Recall (before (after
v SMOTE) (%) SMOTE) (%) SMOTE) (%) SMOTE) (%)  SMOTE)
SMOTE) (%) (%)
Vishakhapatnam 83.90 93.87 83.90 93.87 83.90 93.87
Delhi 88.31 94.85 88.31 94.85 88.31 94.85
Hyderabad 87.08 92.55 87.08 92.55 87.08 92.55
Patna 86.91 96.25 86.91 96.25 86.91 96.25
Performance Metrics
98.00% -
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Figure 4. Performance metrics before and after SMOTE

A substantial improvement in model performance was observed after applying the SMOT to address
class imbalance in the AQI datasets. Before balancing, the model achieved only moderate accuracy across the
four cities. After introducing SMOTE, accuracy increased markedly to 93.87% in Vishakhapatnam, 94.85%
in Delhi, 92.55% in Hyderabad, and 96.25% in Patna, demonstrating that balancing the dataset enables better
generalization and reduces bias toward majority AQI classes.

Precision, which reflects the model’s ability to minimize false positives, showed a similar upward
trend. Initial precision values ranged from 83.90% to 88.31%, indicating moderate reliability in positive
predictions. With SMOTE, precision rose substantially to 93.87%, 94.85%, 92.55%, and 96.25%, showing
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improved correctness in identifying AQI categories and fewer erroneous classifications. This highlights
SMOTE’s effectiveness in strengthening prediction confidence. Recall, measuring the model’s ability to
detect true positive cases, also improved significantly. Originally between 83.90% and 88.31%, recall
increased to 93.87%, 94.85%, 92.55%, and 96.25% after SMOTE, confirming enhanced sensitivity to all AQI
classes, including minority categories.

Overall, the consistent gains in accuracy, precision, and recall affirm SMOTE’s critical role in
improving model fairness, minority-class representation, and overall robustness in real-world air quality
prediction.

6. CONCLUSION

This study proposes a robust air quality prediction framework for four Indian cities
Vishakhapatnam, Delhi, Hyderabad, and Patna. By applying the SMOTE, the model effectively addressed
class imbalance, leading to significant improvements in predictive performance. The integration of an
RBF-based ELM optimized with a GAusing a convergence threshold of 0.6, a population of 100, and 50
generations further enhanced model accuracy and stability. Post-SMOTE, the model achieved strong and
consistent results, with accuracy, precision, and recall reaching 93.87% in Vishakhapatnam, 94.85% in Delhi,
92.55% in Hyderabad, and 96.25% in Patna. These improvements highlight the framework’s reliability for
real-world air quality monitoring and its value in supporting data-driven public health and policy decisions.
Future enhancements may include incorporating real-time loT sensor data for continuous updates and
integrating anomaly detection to identify unusual pollution patterns. Additionally, benchmarking the
proposed method against transformer-based architectures and deep temporal forecasting models such as TCN
and LSTM variants may further improve performance by leveraging their ability to capture long-range
temporal dependencies and complex nonlinear trends, aiding sustainable urban planning and public health
management.
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