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Abstract

The Air Quality Index (AQI) must be accurately and highly evaluated to limit the
effects when exposed to air pollution on individual health and the ecosystem. The traditional
techniques are used to predict air quality ineffective in managing the nature of the
environmental data being analyzed and minimizing the effects of the most significant features
of large numbers of dimensions. The purpose of this work is to address these issues using the
creation of a hybrid deep learning algorithm implementing Feature Selection Techniques,
Recurrent  Neural Networks and a  Quantum-Inspired  Genetic  Algorithm
(QIGA). The eXtreme Gradient Boosting (XGBoost) will be applied to the environmental
dataset to evaluate importance of features. Additionally, the Principal Component Analysis
(PCA) will reduce the dataset's dimensionality using most significant features from the original
dataset as inputs for the prediction model. Recurrent Neural Networks (RNNs) are able to
detect time-variant patterns of air quality (i.e., the pattern changes over time) based on the use
of controlled memory. The use of quantum-based methodologies will allow rapid searches over
high-dimensional datasets resulting higher performance than traditional optimization methods.
This innovative methodology will lead to improved accuracy, computational efficiency and
interpretability of AQI predictions. This method will be the basis for smart environmental
monitoring systems used by researchers, policymakers and urban planners to make innovative
decisions. Finally, the flexibility of the system makes it possible for users to apply it in any

other forecasting-based environmental issues showing the scalability and efficiency.
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1. Introduction

Air pollution has become increasingly problematic for human health and the economy
for the environment in major cities. The Air Quality Index (AQI) research provides a better
forecast of air quality so that people can accurately predict whether the air is polluted. The
processes involved in producing an AQI forecast are complicated. Several sources and types
of pollutants can significantly affect air quality, weather conditions complicate forecasts and
human factors in unpredictable ways. Due to the high volume of air quality data, it is an
impossible due to the level of complexity and the size of the database used for an AQI
prediction. A significant quantity of advanced statistical approaches must be used to achieve
accurate AQI predictions. Traditional prediction methodologies are completely incapable of
accurately collecting the complex and highly variable responses that dominate the
environmental and meteorological databases used by analysts to evaluate air quality
assessments. Thus, using traditional forecasting methodologies will not only provide inaccurate

products but also result in additional times to air pollution incidents.

Using traditional techniques such as Genetic Algorithms (GA), Support Vector
Machines (SVM) and Extreme Gradient Boosting (XGBoost) will display the issues that follow
while identifying and evaluating feature sets to increase the accuracy and performance of
Environmental Modeling and Forecasting of Air Quality Index (AQI): 1) the algorithms require
significant computational time; 2) as the amount of input data changes, the algorithms require
different inputs for large datasets; 3) the algorithms are unable to recognize the connection
between temporal patterns and remaining patterns are not represented globally. There are also
advantages and disadvantages to using previous identified values/factors, such as the
possibility of bias increases the probability of creating defective models and reduces the
generalization capability of the trained models across every period and regions. This work will
utilize a deep-learning architecture integrates the design and implementation of Convolutional
Neural Networks (CNN) and the application of Recurrent Neural Networks (RNN) with Long
Short-Term Memory (LSTM) Networks to address the limitations of existing approaches.

The integration of these two architectures establish automated AQI data. This

innovation will reduce manual feature development and also contribute overall accuracy of
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forecasting models. The CNN/LSTM architecture provides possible ways to extract integrate
feature sets. Through the ability to generate a wide range of feature sets from both the spatial
and temporal domains, this combination accurately predicts the pollutants and meteorological
variables as the LSTM units changing the air quality. The model's previous patterns
significantly improve its performance when predicting future developments. Furthermore, it
has a high level of flexibility/scalability due to the architecture's modular design and is capable
of supporting additional data from future camera installations to make minor modifications for

changes in the natural environment, with minimal changes to overall configuration.

QIGAs used to forecast the system to improve the overall performance. It uses the
concepts of interference and superposition in quantum dynamics increase the possibility for
investigating and utilization of the hyperparameter search region. It has the higher level of
convergence than traditional GA and provide a larger number of possible solutions for effective
deep learning model. Additionally, It can be used in CNN-LSTM system to achieve more
optimal selection of hyperparameters reducing the training time for the model and subsequently

leading to a more stable evaluation of the AQI.

By utilizing quantum-based approaches, This system optimize models' effectiveness
when handles incomplete or inaccurate datasets enabling forecasting systems suitable for larger
systems that can monitor changes to the environment over extensive period. As a result of this
enhancement can achieve long-term sustainability goals, efficiently for urban development and
improve overall quality of life for all citizens. This method explains a new hybrid approach
that employs two sequential optimization methods that implements the quantum-based global
search method to find hyperparameter space and a more conventional method of local
optimization based on particle swarm optimization (PSO). This combination differentiate from
the standard hybrid RNN-XGBoost-PSO approaches.

2. Literature Survey

2.1 Machine Learning Based Approaches

Machine learning (ML) algorithms played a basic role in the evolution of Air Quality
Index (AQI) prediction systems due to their ability to model nonlinear connections between
atmospheric pollutants and meteorological variables. Traditional statistical models such as

ARIMA faces problem to capture complex interactions among multiple pollutants; therefore,
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data-driven ML techniques have become increasingly preferred. Ensemble-based learning
methods such as Random Forest (RF) and Gradient Boosting Machines (GBM) have
demonstrated better robustness in handling high-dimensional environmental datasets [3], [13].

These algorithms effectively model nonlinear dependencies between PM2.5, PM10,
NO2, SOz, CO, Os and meteorological parameters including temperature, humidity,
atmospheric pressure and wind speed. Random Forest provides feature importance scores
improve interpretability and support environmental policy decisions. Support Vector Machines
(SVM) have also been widely adopted due to their capability to handle small-to-medium sized
datasets while maintaining generalization performance [3]. Kernel-based transformations
allow SVM models to represent nonlinear pollutant interactions efficiently. Dimensionality
reduction methods such as Principal Component Analysis (PCA) are often integrated with ML
pipelines to eliminate redundancy among correlated pollutant variables [2]. By projecting high-
dimensional pollutant space into orthogonal components, PCA enhances computational

efficiency and reduces overfitting risk.

Hybrid ML models combining signal decomposition techniques with predictive
algorithms have further improved short-term AQI forecasting accuracy. For instance,
decomposition-based preprocessing isolates intrinsic temporal patterns before prediction,
enabling models to better capture pollution increases and seasonal transitions [12]. Despite
their effectiveness, ML-based methods have certain limitations. They generally require certain
feature engineering are sensitive to data imbalance and may struggle with spatial dependency
modelling across monitoring stations. Nevertheless, the lower computational cost makes
suitable for scalable and near real-time AQI monitoring systems.

2.2 CNN Based Approaches

The growth of high-resolution environmental sensing and satellite-based monitoring,
deep learning models like Convolutional Neural Networks (CNNs) have emerged as effective
tools for AQI prediction. CNNs are capable of automatically extracting hierarchical spatial
features from structured pollutant grids and remote sensing imagery. The work [1] proposed a
CNN-ILSTM hybrid architecture that integrates spatial feature extraction using convolutional
layers with temporal modelling through improved LSTM units. This approach demonstrated
superior performance compared to standalone ML models by combining learning spatial and

temporal pollutant correlations. Grid-based AQI prediction using 2D and 3D CNN
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architectures has shown effectiveness in modelling pollutant dispersion patterns derived from
satellite Aerosol Optical Depth (AOD) data combined with ground station measurements [5],
[7]. Multi-channel inputs including PM2.5 concentration maps, temperature fields and
humidity layers are processed through convolutional kernels to capture localized

environmental dynamics.

CNN-LSTM hybrid models further enhance predictive performance by combining
convolutional feature extraction with recurrent temporal learning [9], [10]. These architectures
are effective in multi-step forecasting situations where both short-term changes and long-term
seasonal patterns influence pollutant behaviour. Recent advancements include graph-based
deep learning methods that integrate CNN layers with Graph Convolutional Networks (GCNSs)
to model spatial dependencies among distributed monitoring stations [15]. Such hybrid
architectures capture both intra-station temporal variations and inter-station spatial
connections, improving predictive stability in sparse sensor networks. However, CNN-based
approaches are computationally intensive and require large labelled datasets. Their deployment
in edge or loT environments demands model compression, reducing or optimization methods

to balance accuracy with computational efficiency.
2.3 Other Approaches

Beyond traditional ML and CNN frameworks, several advanced learning paradigms
have been introduced for AQI prediction. Recurrent Neural Networks (RNNs) and Long Short-
Term Memory (LSTM) models are widely used to capture long-term dependencies in pollutant
time-series data [10], [12]. These architectures effectively model temporal autocorrelation but
may suffer from disintegrating gradient problems when predicting extended forecasting
horizons. Transformer-based models have recently been adopted to address limitations of
sequential recurrence by leveraging self-attention mechanisms [6]. Transformers enable
parallel processing of time-series data while capturing long-range dependencies between
pollutant variables and meteorological conditions. Empirical studies show improved 24-hour
and 48-hour forecasting performance compared to traditional LSTM models. Evolutionary
optimization techniques integrated into AQI forecasting systems. Genetic Algorithms (GA)
and Particle Swarm Optimization (PSO) are employed for hyperparameter tuning, feature
selection and weight optimization [11]. These optimization-driven learning frameworks

enhance convergence stability and reduce overfitting, particularly in highly uncertain pollution
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datasets. Probabilistic approaches such as Gaussian Process Regression (GPR) provide

uncertainty-aware AQI forecasts [13].

Unlike deterministic models, GPR produces confidence intervals alongside point
predictions, which are crucial for risk-sensitive environmental decision-making. However, its
computational complexity increases dataset size. Reinforcement learning methods have been
explored to optimize air quality sensor placement and adaptive monitoring strategies in smart
city environments [14]. By modelling the environment as a Markov Decision Process,
reinforcement learning agents dynamically learn optimal sensing policies, leading to improved
spatial coverage and forecasting performance. Although these advanced methods improve
prediction accuracy and adaptability, they often focus on isolated aspects such as optimization,
uncertainty estimation, or spatial modelling, rather than providing an integrated end-to-end

framework
2.4 Interpretability

Interpretability remains a critical challenge in the development of machine learning and
deep learning models for Air Quality Index (AQI) prediction. In environmental applications,
transparency is important because policymakers and public health authorities depend on model
outputs to make regulatory and safety decisions. However, most high-performing models,
particularly deep neural networks such as Convolutional Neural Networks (CNNs) and
Recurrent Neural Networks (RNNSs), operate as black-box systems. Although they achieve high

predictive accuracy, their internal decision-making processes are not easily interpretable.

Deep learning models perform multiple nonlinear transformations across hidden layers,
extracting abstract feature representations from pollutant concentrations, meteorological
variables and satellite-derived data. While these representations improve forecasting
performance, they do not explicitly indicate the relative contribution of individual
environmental factors such as temperature, humidity, wind speed, or specific pollutant levels.
This lack of transparency limits trust and adoption in real-world environmental governance
systems. To address this limitation, several explainable Al (XAIl) techniques have been

introduced.

Attention mechanisms highlight windows or pollutant variables influencing
predictions. Post-hoc explanation methods such as SHAP (SHapley Additive exPlanations) and
Layer-wise Relevance Propagation (LRP) quantify feature contributions and provide local
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interpretability. However, these approaches depend on approximations and may not align with
physical environmental principles. Furthermore, their computational overhead restricts their
use in real-time or resource-constrained deployments. Human-in-the-loop (HIL) systems have
also been proposed to enhance interpretability by allowing domain experts to interact with
model predictions. Although this improves transparency, manual intervention may introduce
subjectivity and reduce scalability across different operational contexts. Recent research
emphasizes incorporating interpretability directly into model architecture. Modular neural
network designs assign specific components to well-defined environmental factors improving

transparency of prediction pathways.

Graph-based neural networks explicitly model connections between monitoring
stations and pollutant interactions aligning more closely with environmental domain
knowledge. Additionally, rule-based and symbolic Al systems provide inherently interpretable
predictions, though the cost of reduced predictive accuracy.

Despite these advancements, most existing AQI prediction frameworks handle feature
selection, dimensionality reduction, temporal modeling and hyperparameter optimization as
independent processes. There remains a research gap in developing a unified and interpretable
framework that integrates supervised feature evaluating, orthogonal transformation techniques,
temporal sequence modelling, and global optimization within a coordinated architecture.
Therefore, this study aims to address these limitations by proposing an integrated hybrid
framework that enhances predictive accuracy while maintaining structural interpretability and
optimization coherence. The existing studies have applied machine learning and deep learning
techniques for AQI prediction. Most approaches handle feature selection, dimensionality
reduction and hyperparameter optimization as independent processes. Furthermore, limited
studies integrate global and local optimization strategies within a unified system. These

limitations highlight the need for a coordinated hybrid framework.
2.5 Research Gap

Despite extensive research on AQI prediction using machine learning and deep learning
techniques, most existing studies address feature selection, dimensionality reduction, and
hyperparameter optimization independently. This dispersed approach may lead to suboptimal
performance due to lack of coordination among model components. The problem addressed in

this work is the design of a unified framework that combinely integrates supervised feature
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selection, orthogonal transformation, temporal modeling and hybrid global-local optimization.
The objective is to minimize prediction error while maintaining stability under dynamic
environmental conditions. Existing air-quality prediction models typically optimize learning
algorithms, feature selection and hyperparameters independently lead to suboptimal global
performance. There is a lack of integrated frameworks that jointly optimize model structure,
feature representation and training parameters. This study addresses this gap by proposing a
coordinated optimization approach using QIGA-PSO.

3. Proposed Algorithm

The proposed framework shows the sequential deep learning and population-based
optimization. RNNs is able to learn long-term temporal connections in non-stationary
environmental datasets, while evolution-based optimization methods will allow efficient
exploration of complex multidimensional spaces. Results of statistical comparison tests on
dataset models demonstrate that by incorporating features based on supervised learning,
dimensionality reduction and hybridization with evolutionary optimization algorithms predicts
accuracy and generalizability were significantly increased. This proposed framework used
across multiple geographical locations and includes the additional environmental variables,

makes it applicable to large-scale Air Quality Monitoring Systems.
3.1 Dataset Description

The dataset's focus on 2006 to 2008 contains measurements of the air pollution
indicator (PM2.5, PM10, NO 2, CO, O 3, and SO 2) and related weather conditions
(temperature, humidity, wind speed, atmospheric pressure, etc.). By providing useful data
about pollution levels and physical factors that affect pollution, the features have provided a
possible development of prediction models using machine learning. Some preprocessing steps
will need to analysis before proceed to the dataset. The most common method handle with
recorded missing values to perform an imputation. The air quality dataset has missing records

due to malfunctioning sensors or records being affected when maintenance or altering the data.

Feature normalisation is required because pollutant and weather measurement levels of
varying degrees must be normalised and handled similarly. All inputs are included to the
algorithms (e.g., Gradient Boosting, Long Short-Term Memory (LSTM), Random Forest) will

be handled equally to provide an accurate output. Another crucial preprocessing phase will be
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feature selection, because few of the recorded characteristics (attributes) correlate with an
accurate predicting of Air Quality Index (AQI) values. The techniques such as Recursive
Feature Elimination (RFE), correlation analysis, or domain-driven selection assist in isolating
the most effective variables, dimensionality reduction maximizing the predictive power.
Moreover, the data is typically split into a training and testing set, most commonly 70:30 or
80:20, to help model development and testing. Cross-validation is to determine the models
generalize to new data and reduce overfitting and make them robust.

3.2 Data Preprocessing

CNNs combined with the meteorological variables and made the basis upon the air
quality could be predicted, depending on the levels of the contaminants of the environment.
The CNNs can retrieve multidimensional dense data which has a spatial relationship between
the meteorological data and the contaminant data extract better spatial data. The Long Short-
Term Memory (LSTM) Networks provide the temporal /sequential variations of the particles
may be monitored throughout time using this geographical data.

The LSTM Networks can determine the pattern which has remained in their cyclic
behaviour and lack of connection to the pollutants using a huge time series data. The neural
networking approach (CNN and LSTM Networks) provides a composite model that may be
utilized in the simulation of the additive dynamic behavior with a high level of accuracy. The
combination of forecasting model will be precise and not vulnerable to noise. It will provide

better decision-making functions when it comes to air quality and air pollution.

A better data quality processing system will be developed with re-evaluation of missing
values and accessible in other comparable values until the complete continuous time of each of
the pollutant measurements is verified. The statistical threshold approach identify anamolies
and the corresponding data were substituted. To ensure the focus on the pollutant and weather
conditions are comparable in the heterogeneous sources of the data (i.e. multiple sensorslt was
organized in a way that the time-related communication was independent, and the time frame
varied across the measurements of various sensors. All these techniques will enhance the
overall result and will decrease the bias to enhance the learning rate concerning time patterns.

Fig. 1 illustrates this process in particular.
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Figure 1. Block Diagram of Data Preprocessing
3.3 Feature Selection Using PCA and XGBoost

The combination of PCA and XGBoost will develop a very effective way to reduce
dimensionality by using both feature selection for an accurate Air Quality Index (AQI). The
use of XGBoost combines with PCA will provide a method to list the supervised variables able
to predict outcomes. Therefore, using the most predictive pollution and weather variables can
develop a model to make AQI predictions. Using XGBoost is recommended in identifying
those predictive variables that fail to contribute and transferring PCA to those remaining
variables will destroy variability and develop individualized or orthogonal data components.
This method will also reduce the number of predictors used and reduce the amount of time and

work required to calculate a predictive model.

PCA can lower the amount of variability and decrease the size of the feature space with
lack of data providing rapid training but also provide better generalization of data. The
differences of PCA on XGBoost provide a relevant and non-redundant features that the end
result significantly higher computational efficiency and a higher amount of data related to the
model. Both PCA and XGBoost provide a way for the model to focus on the most important
patterns associated with both pollutants in the environment and those pollutants affect the
quality of the air. After applying XGBoost, the only difference selecting non-redundant

features will allow rapid measurements and higher model operates.

When performing PCA on the raw inputs, the latent variables or structures of the input

will be visible. This is useful for situations where there are large amounts of data that may or
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may not have heterogeneous distributions of data. The XGBoost-PCA process is a vital
component for scalable air quality forecasting works using low power, descriptive operations
space. XGBoost allows developed measures based on the gradient-based split gain of all
features selected by the XGBoost algorithm. This ensures that only discriminative features will
be used to create dimensions to be reduced. When PCA is applied to each of the variants of

feature selection, the noise is reduced and the relevant variance is retained.
3.4 Model Building Using RNN and PSO Optimization

The AQI Temporal Dependencies for RNN Model Building: The time-series
forecasting aspects of the AQI (Air Quality Index) data are capable of forecasting future values
with high accuracy. The process with any type of data with temporal elements, RNNs have
become the technical solution for dealing with the temporal aspects of data, such as trends of
air pollutants and changes in weather. Since the timing of present air pollutants is heavily
correlated to their timing related to the environmental history, timing has become vital to

forecasting air quality.

RNNs expose the model system to both long term dependencies, and incidents that
occur periodically with the same timing, i.e., seasonal patterns or pollutant peak's that occur
delayed from the pure data set presented. To improve the performance of the model's training
process, this method employ the Particle Swarm Optimization (PSO) algorithm. The PSO is a
Meta Heuristic Algorithm based on the social behaviors of the flocks of birds that obtains the
global optimum of feature weights by employing a method of feature weight optimization via
a population based XGBoost and PCA system. The PSO also ensures that the most predictive
features will receive a higher level of weighting throughout the training process to ensure
accuracy while reducing the redundancy in the number of features being trained and to produce
an accurate model output. PSO can learn to apply adaptive weights to each subset of features

it uses by moving the RNN towards more beneficial convergence and learning.

xft = xf + vt

vt = wuf + o (p — %) + cora(g — x7)

Where v;is velocity, x;is position, p;is personal best, and gis global best. In the
proposed model, PSO was implemented with 30 particles and executed for 50 iterations. These

parameters were selected to balance optimization accuracy and computational efficiency.

ISSN: 2582-2012 52



Saranya K G., Akalya A., Harini G.

3.5 Forecasting Using 2009 AQI Data

In 2009, the development of a Recurrent Neural Network (RNN) model enabled air
quality forecasting. In developing this RNN model, relevant attributes were determined based
on their combination with predictive capability (via PSO analysis) and derived from the PCA
and XGBoost feature importance scores. The RNN use these weighting schemes to determine
the corresponding PCA Variance of Variation or ECF (estimated through XGBoost Attribute
Imputation) estimates produces the highest levels of predictive capability for each item.
Utilizing the most significant attribute group(s) has enhanced the accuracy and reliability of
predicting outcomes using the predictor becoming more robust as a consequence of time-of-
year data from preious years for such phenomena as an unexpected increase in pollution due to
high-frequency increases, gradual or slow-to-occur changes and the continuous growth of the
environmental moratoriums caused by (i.e., deteriorating/erosion of the environment)
meteorology (the weather), Activity (transportation) and Government regulations on pollution
recognized based upon time. Finally, the optimized RNN-PSO model not only leads to the next
stage in AQI predictions but also shows the way to accept adaptive, smart approaches in the

field of environmental monitoring.
3.6 System Architecture

The proposed system has a hybrid deep learning model using three techniques:
recurrent networks, ensemble approaches and fully-connected neural networks. The temporal
features of observations are learned with a two-layer Long Short-term Memory (LSTM)
network. Initally LSTM layer will have 128 units, the second layer 64. The collecting non-
linear temporal connections will be achieved by applying ReLU and Tanh activation functions
form each of the two LSTM layers. Feature-based representation learning will be performed
using XGBoost with 100 trees and a maximum tree depth. The XGBoost classifier will provide
features that demonstrate complex interactions and will help improve prediction accuracy. The
feature representations extracted from the LSTM and the features generated from XGBoost
will be passed through two fully connected dense layers (64 and 1 neurons, respectively). The
ReLU activation function will be used to generate the intermediate dense layer representations,
the Sigmoid activation function will be used for the final prediction output. The entire hybrid
deep learning architecture will be trained with the Adam optimizer and binary cross-entropy

loss helping to provide rapid convergence and stable learning.
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Figure 2. Architecture of Proposed System

RNN +PSO

The methodology of the AQI Forecasting System as shown in figure 2, is a
comprehensive system created to provide a forecast of future air quality by utilizing past
environmental data. The first step of the system is data preparation: aggregation of AQI records
from 2006-2008 into one time series dataset. This aggregation allows more extended periods
of analysis and helps to define long-term and seasonal trends. The next step is an extensive and
detailed preprocessing step includes methods for filling in missing values (interpolation),
removing noise (via smoothing algorithms) and standardizing the scale of variable
measurements. Preprocessing steps will help to reduce sensor noise, process missing data and
normalize feature scales allow for better convergence speed and stability of models. The
complete preprocessing workflow for this research can be seen in Figure 1. These
preprocessing techniques ensure data integrity, reduce any anomalies and prepare the data for

use in the training and verification of the forecasting models.

The second step will be the selection of features which the system uses to select two
strong options namely XGBoost and Principal Component Analysis (PCA). XGBoost will rank
all the variables according to their predictive value. This is a method will develop the
significant variables PM 2.5, PM 10, NO 2 and meteorological variables. PCA is a technique
is used to reduce the number of variables in a dataset by converting a set of correlated variables
into a smaller set of uncorrelated variables which will contain the most variance in the data.
The second step of the modeling process will be the feature selection step. The feature
representation will be reduced from two sources, thereby decreasing the amount of
computational complexity associated with the forecast modeling process. Using PCA, the data
set is reduced by taking several variables that are correlated and combining them into fewer
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variables, which are not correlated for the highest amount of variance in the data. In this case,
the first step in the duplication procedure to select features that have unique data, or not
redundant. Only those features that have unique data and produce very few results should be

selected to proceed the model for developing step.

XGBoost is combined with PCA produce a strong feature application and will help to
reduce the complexity of the calculations needed to develop the forecast model. When
developing the model, RNN's are used to model the time dependencies within the AQI data set
using a two-layer LSTM network with 128 hidden units and 64 hidden units, as the first and
second layers of the RNN. The RNN has two activation functions ReLU and Tanh to model
non-linear time dependencies in the AQI data set. After passing through the two layers of
LSTM, the output of the LSTM is passed through two fully connected dense layers with 64 and
1 neurons with Activation functions ReLU and Sigmoid respectively. Finally, the model is
trained using the Adam optimizer and binary cross-entropy loss functions.

Using a Particle Swarm Optimization (PSO) algorithm in the training of the predictive
model will enhance accuracy in predicting the AQI. Using both PCA (Principal Component
Analysis) and XGBoost produces feature that will be given optimal weights by the PSO. The
final step is to predict the AQI for the year 2009 based on the most useful features identified in
the previous two steps. The PSO allows the integration of weights from both the XGBoost
output and the PCA output to ensure that the model uses features with the greatest significance

when making predictions.

The AQI prediction can be created through a nonlinear time series regression analysis
where pollutants during previous periods relate to changes in the current environmental
conditions of pollutants at the current time and between various meteorological factors. The
traditional statistical approaches are incapable of capturing the impact of long-term temporal
dependencies (time-based relationships that span multiple measurements of time) or the
nonlinear correlation among various pollutants. The research will model the sequential
dependencies of the transition from one hidden state to another will further optimize the search
for optimum ASHRAE parameterizations in multi-dimensional solution space by utilizing
recurrent architectures of neural networks. This will allow for the prediction of an increase in
pollution levels increases, and providing the opportunity for proper communication to the

population regarding the increase in pollution levels and subsequent action(s) aimed to
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eliminate or reduce the negative effects of an increase in pollution levels and/or to increase the

understanding of the environment.
3.7 Quantum-Inspired Genetic Algorithm

The previous approach consists of stand-alone models employed individually to create
traditional hybrid model (i.e., RNNs, XGBoost, and PSO). The new framework enhances the
form of one integrated system in which the feature importance values produced from the
XGBoost learning machine are used in combination with PCA transformation. The parameters
are collectively optimized through a hybrid of Quantum-Inspired and Particle Swarm
Optimization methods. This new design provides a easy flow of communication between the
various modules of the system, eliminating independent module optimization and possible
local minima, which can negatively affect predictive accuracy and stability. “Quantum-
Inspired” refers to the mathematical principles used in quantum computing used for actual
quantum-based hardware included in the algorithm design based on the concepts of developed
quantum mechanics, such as the probability distributions created by the spinning of a qubit and
the incorporation of those principles into the search process. These new design parameters, the
chromosomes will represent multiple possible solutions simultaneously provide a significantly
higher capability than traditional genetic algorithms to complete a thorough search for potential

solutions.

Within the proposed framework, the Quantum-Inspired Genetic Algorithm (QIGA) is
used as an integral component to optimize hyperparameter settings for global optimal solutions
and to minimize the premature convergence associated with conventional evolutionary
algorithms. Each chromosome is modeled as a quantum bit defined by |[y) = a|0) + B|1), subject
to the normalization constraint o> + f? = 1, where o and [ denote probability amplitudes
corresponding to states O and 1, respectively. Using this representation allows for a
superposition-based search. Therefore, it allows a single chromosome to represent more than
one state. This improves the ability to explore large, high-dimensional search spaces. During
evaluation, qubit chromosomes represent binary solution vectors based on the probability
amplitude of qubit values, while the state of qubits collapses when the random number is

compared with o2

Each gene is represented by a probability amplitude pair:

Yy =al0)+ B |1)
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subject to the normalization constraint:
la >+ B 1*P=1

A chromosome encodes a probability distribution over possible solutions rather than a
fixed binary string. Candidate solutions are generated by sampling, according to these
amplitudes.

The update of amplitudes is performed using a quantum rotation gate:

[a’] _ [cos(AB) —sin(AH)] [a]
B'] ~ [sin(A8) cos(AB) |IB

where A@controls convergence toward better solutions. The probabilistic representation
utilized by QIGA enhances the exploration of the global search space while eliminating early

convergence that often occurs within a traditional genetic algorithm.

The QIGA extends a GA in that it used the qubit (quantum bit). A qubit has an
associated probability amplitude represented by both a real and imaginary component. Each
qubit is represented by probability amplitudes (a, ) satisfying |af?> + |B[> = 1. Quantum rotation
gates are used to update the probability amplitudes of populations, which generates population
evolution and allows for rapid exploration of a global search space based on fitness feedback.
This probabilistic approach to population evolution reduces the potential for early convergence
when compared to classical genetic algorithms, and suited to solve problems with many

dimensions.
3.8 Hybrid QIGA _PSO

(i.e., QIGA and PSO), This model will simultaneously optimize all components of the
framework using Joint optimization of Hyper Parameters (QIGA) using the hybrid mechanism
of two optimization algorithms. The first step is performed using QIGA's to explore the entire
space of possible global parameter configurations (i.e. Learning Rate RNN, Number of Hidden
Units XGBoost, Tree Depth, and PSO Coefficients) to identify a set of parameters for each
candidate solution. After identifying these configurations using QIGA, PSO will be used to
explore the region near each of those configurations in a localized format and the process of
convergence to an optimal configuration. The Joint Optimization Process takes the
interdependencies between model elements into consideration which helps to achieve

improved overall results.
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The air quality forecasting issue is an example of a nonlinear multivariate time series
which predicts one or more future pollutant focus based on historical pollutant
interrelationships in combination with concurrent meteorological data to forecast future
pollutant concentrations. Current linear modeling approaches are not able to model the long-
term connection of variables and any nonlinear correlation that exists among those variables.
RNNs are theoretically able to perform well for these types of applications because they can
model temporal connections between data points by transitioning between hidden states over

time:
ht = f(WxXt + Whhrl + b)
where h, represents the hidden state at time t.

With feature selection using XGboost, eliminating the irrelevant variables that are able
to improve the signal to noise ratio and PCA will give orthogonal transformations to reduce
multicollinearity. This will require to have an optimization algorithm to tune the
hyperparameters of deep models. This is because tuning of deep models is a non-convex high-
dimensional optimization problem. The traditional hybrid optimization methods such as the
QIGA - PSO method will have a combined global search capability (QIGA) and a local search
capability (PSO). This will theoretically create an optimal balance between exploring and
exploiting, thus enhancing the probability of finding optimal solutions when using either of the

two optimizers separately.

The use of the LSTM will capture temporal dependencies, the use of the XGboost will
model complex nonlinear connections and the hybrid optimization process of the QIGA and
PSO will yield globally and locally optimized solutions. Therefore, these methods are capable
of simultaneously addressing multiple temporal patterns, multiple feature interactions and
multiple sources of uncertainty in the estimated parameters. Hence, the proposed hybrid design
is particularly applicable to environmental forecasting because the performance of complex

ML system function of interaction.

Let the overall predictive system be represented as a function:

y = f(x; Oryn, OxGe) OpR)
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where Oxnn, Oxce, and Oppdenote the hyperparameters of the recurrent neural network,
XGBoost classifier and dimensionality reduction module. Instead of optimizing these
parameters separately, the proposed framework performs joint optimization over the combined
parameter space:

0 = [6rnn, OxcB) OpR, Bopr]
The optimal configuration is obtained by minimizing validation loss:

0" =arg mein L,,(0)

This formulation ensures that dependencies between modules are captured during

optimization, leading to a globally consistent solution. Table 1 shows the comparative analysis.

Table 1. Comparative Analysis

Aspect Conventional Single Proposed Hybrid
Tuning Metaheuristic Framework
Optimization Independent Partial system Entire pipeline jointly
Scope modules
Search Strategy Exhaustive / Global or Local Global + Local hybrid
Random only
Interaction Ignored Limited Fully considered
Handling
Convergence Slow Risk of local Faster and stable
optima

Scalability Low Moderate High
Robustness Dataset-dependent | Moderate High

The proposed framework differs from classical methods it synchronously optimizes all
components of its predictive system compared to sequentially proceeding through each step of
operating an entire predictive system. Classical approaches handle each individual parameter
separately, whereas many single metaheuristic optimizations are too exploratory and therefore
cannot find the best balance between exploration and exploitation. When comparing the
coordinated QIGA—PSO mechanism solves both of these problems. First, it determines a region
to begin searching for solutions, after the solutions have been found, they are refined for greater

accuracy and more stable results.
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Hyperparameter Optimization Mechanism

In the proposed framework, all hyperparameters of the predictive pipeline are optimized
together. The system handles the entire configuration as a single solution instead of tuning
RNN, the XGBoost, PCA, PSO and QIGA independently.

Each candidate solution contains:
«  RNN parameters (hidden units, learning rate, batch size)
- XGBoost parameters (tree depth, number of estimators)
+ PCA components
« PSO parameters (inertia weight, acceleration factors)
+  QIGA parameters (population size, mutation rate)
«  This combined parameter set forms one unified search vector.
«  The optimization is performed in two stages:
Stage 1: Global Exploration (QIGA)

QIGA generates multiple diverse parameter configurations using probabilistic

encoding. It explores a large search space and identifies promising regions.
Stage 2: Local Refinement (PSO)

The best configurations from QIGA are passed to PSO. It fine-tunes these parameters
using cooperative swarm updates. Each configuration is evaluated using validation RMSE. The

configuration with the lowest validation error is selected as optimal.
This coordinated process ensures:
« Interdependencies among modules are considered
« Global search prevents premature convergence

« Local refinement improves convergence speed
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Thus, hyperparameters are jointly optimized through a unified representation and

hybrid search strategy.

Algorithm

Input: Training dataset D
Output: Optimal parameter set 6

Begin
1. Initialize QIGA population with probabilistic encoding

2. Define unified parameter vector
0={6 RNN, 0 XGB, 6 PCA, 6 PSO}

3. Repeat until maximum iterations or convergence:

3.1 Generate candidate parameter configurations using QIGA

3.2 For each candidate 0;:

a) Apply XGBoost feature selection using 6 XGB
b) Apply PCA using 6 PCA

c¢) Train RNN using 6 RNN

d) Evaluate validation error (RMSE)

3.3 Select best-performing candidates
3.4 Apply PSO refinement to selected candidates
3.5 Update parameter vectors using PSO velocity-position rules

3.6 Re-evaluate updated configurations

4. Select configuration 8* with minimum validation error

Return 6*

End

4. Experiment and Result

When selecting characteristics for an air quality prediction system, the selection process

for the quality of input data to train the model. Two primary methods were used for extracting
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and useful data about the air quality data collected over the years: the Extreme Gradient
Boosting (XGBoost) and Principal Component Analysis (PCA). XGBoost assigns a score to
each characteristic therefore the level of importance of each characteristic is based on the
decision trees created using the ensemble of trees and PCA provides an enhanced version of
transformed characteristics through projecting the original correlated variables into a new
orthogonal basis. The model dispenses with redundancies by focusing on the most independent
patterns of variance identified in the data sets.

By optimizing this method of training, this new model is able to produce better solutions
through improved generalization and also reducing the amount of variability in its output. The
output produced by this new method is also more stable than the results produced by training
with XGBoost selected features. XGBoost was able to identify features with higher
performance and not apply a self-orthogonality constraint allowing some features to be
positively correlated. In addition to causing instability in the model's learning dynamics, this
loss of the orthogonal constraint resulted in the RNN being less able to predict the future values
for the observed real-time variation. The achievement of this model demonstrates that the
critical importance of considering features that are not only statistically relevant but also related
to the overall structure of a sequence model in the context of forecasting a complex time series

such as AQI forecasting.

While static models were strong candidates at predicting the short-term static behaviour
of air pollutants based on observable characteristics, their inability to accurately reflect any
variation over time would result in inaccurate predictions of the short-term behaviour of air
pollutants. On the other hand, RNN models provide a better ability to model the behaviour of
air pollutants over time than static models. Furthermore, the inclusion of benefits, the PSO
integration with RNN models will have significant positive effects on convergence rates and
overall error minimisation, thereby representing a suitable candidate for both future research
and implementation of these technologies. Finally, dynamic long-term modelling (e.g., long-
term memory cells in the RNN model provide the ability of the entire model to retain and
retrieve data associated with air pollution over long periods of time should be an issue for any

future research related to understanding how air pollutants accumulate and diminish).

The effective case of such integration in the large-scale deployments of the high-
dimensionality and the multivariate air quality data, further extending the predictive

environmental analytics boundaries. A comparative summary of the feature selection results of

ISSN: 2582-2012 62



Saranya K G., Akalya A., Harini G.

both XGBoost and Principal Component Analysis (PCA), as part of the air quality forecasting
model are provided in Table 2. Both approaches are different sets of features depending on the
mechanism behind them, optimization of inputs and dimensionality reduction. The XGBoost
model has chosen three significant characteristics, as follows: Nitrogen Dioxide (NO 2) Annual

average (nug/m 3), Sulfur Dioxide (SO 2) Annual average (ug/m 3), and Station.

This result indicates the tendency of XGBoost to prioritize the importance of features
within the tree-based ensembles according to the intensity of their predictions and pollutants
and the space contexts are the most important. By comparison, PCA, or projecting correlated
variables onto a collection of uncorrelated principal componentsincluding City, Location,
Nitrogen Dioxide (NO 2) Annual average (mcg /m 3), Sulfur Dioxide (SO 2 Annual average
(mcg /m 3) and Station. A long segment reveals that PCA is able to keep some variables (e.g.,
city and location) while getting rid of duplicated data. When these two variable names are
added to pollutant indicators, it can be inferred that PCA provides a more complete spatial and
temporal representation. These additional variables contributed more context to the forecasting
model which supports a better understanding of how pollutants behave in different kinds of
urban areas. Each modeling technique had identifiable differences in the amount and
composition of features that were converted into quantifiable impacts on the output of the
model and the accuracy of the results. Models trained on features that were selected using PCA
generally exhibited greater stability because of the component orthogonality, reduces the
impact of interference with the learning of the RNN structure. The higher range of encoding
space provided through the use of city and location also increased the range over which the

model could generalize from missing data.

Five separate, unrelated features were included made the convergence of the model
easier and allowed the model to predict more accurately tested on actual data consisting of the
2009 AQI data. Table 2 not only consider the technical variation of feature selection approach
but also points directly to the role of input organization in controlling the behavior and
performance of deep learning models in environmental predicting. Table 3 shows a detailed
analysis of the combinations of feature weights to the input variables selected in the PCA using
the Particle Swarm Optimization (PSO). The features W1 to W5 are the relative weights of the
five features City, Location, Nitrogen Dioxide (NO 2) Annual average (ug/m 3), Sulfur Dioxide
(SO 2) Annual average (ug/m 3) and Station. The weights were tuned into a series of iterations

to investigate their effect on the accuracy of the prediction.
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The findings indicate definite patterns in the influence of weight distributions on the
performance of the model indicating the paramount importance of optimized input significance
to model performance. The initial load set-up (W1 =0.12, W2 = 0.14, W3<|human|>The initial
weight bearing (W1 = 0.12, W2 = 0.14, W3<|human|>The initial weight arrangement ( W1 =
0.12, W2 = 0.14, W3<|human|>The initial weight loading ( W1 = 0.12, W2 = 0.14,
W3<|human|>The initial load condition ( W The highest accuracy (99.50) was obtained at =
0.18, W4 = 0.26, W5 = 0.30) suggests that there was an optimum balance where the model

extensively depended on both spatial and pollutant concentration features.

It is notable that Station and SO2 concentrations had higher weight implying that these
attributes had a higher contribution to prediction ability. This configuration enabled the RNN
to give high priority to the strong signals and still have an even contribution of the other
variables so that the learning patterns were stable and reliable. The second set up (W1 = 0.10,
W2 = 0.15, W3 = 0.20, W4 = 0.25, W5 = 0.30) resembled the first set up with slightly
manipulated weights resulting in a slightly lesser accuracy of 99.00. This small change that
slight decrease of the weight of the city and focus on the Location was proved the weight
sensitivity of the model. Although accuracy measurement had decreased only by 0.50, it still
accepted the concept that even small changes in feature weighting could affect the learning
curve. of the generalization capability of the model. The third arrangement took the uniform
distribution (W1). The final model was W2 = W3 = W4 = W5 = 0.20) thereby yielding very
low accuracy of 91.54%.

This result indicated an inefficiency of equal weighting in the situation when some
features hold higher predictive power than others. The model not make the most prevailing
patterns imbedded in certain input variables resulted in inefficient learning by valuing all
features as being equally important. This further justifies the need to use smart optimization
algorithms such as PSO in governing the weight assignment using performance feedback. In
general, the experiment justifies the combination of PSO as a effective tool of improving the

model performance by assigning weights to features.

Data from 2009 showed that with PSO weighting, the models performed better at
replicating air quality trend works than any of the other dimension reduction techniques used.
Additionally, PSO weights help to improve the model’s performance on train data and can
provide a real and significant impact on generalizing to new data is critical for environmental

modelling where external factors change continuously. When using PCA to reduce
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dimensionality, the resulting features are independent and orthogonal. PSO can be used to
evaluate contributions of features generated by PCA through a feedback mechanism based on
performance. The enhancements to the two-phase model of dimensionality reduction and
adaptive weighting have also improved both the reliability and interpretability of the overall
models. Finally, Table 4 represents a complete analysis of the various feature selection methods

for predicting AQI using PSO and the various feature models produced by PCA and XGBoost.

Table 2. Features Selected Using XGBoost and PCA

Method | Number of Selected Features Selected Features

XGBoost 3 Nitrogen Dioxide (NO2)- Annual average
(ng/m3), Sulfur Dioxide (SO2)- Annual
average (ng/m3), Station

PCA 5 City, Location, Nitrogen Dioxide (NO2)-
Annual average (ug/m3),  Sulfur
Dioxide (S0O2)- Annual average (ug/m3),
Station

The table 2 provides an overview of alterations to the weighting of specific features in
different experimental executes the affected and a Recurrent Neural Network (RNN) can make
accurate forecasts of time-series data generated by an environmental monitoring system. The
role of feature selection and optimum feature weighting for improving accuracy and reliability
of time-series forecasting was analyzed across three sets of trials using PCA (Principal
Component Analysis) for comparing the impact of feature weighting across the trial period
(Trials 1-3) on the accuracy of forecasted outcomes. The highest accuracy achieved through
Trial 1 using five feature weights (feature data) was 99.50%. The statistical significance of this
value indicates that the feature station is to valid predictor in combination with other features
including noxious gases (NO2 and SO2) located within specific regions (cities and sites). The
accuracy achieved in Trial 2 was slightly lower (99.00%) relative to Trial 1 due to the change
in weight distribution during the trial period. However the overall level of accuracy between

the two trials remains consistent.

These precision results demonstrate the ability of PCA to make large datasets with
many dimensions and reduce the data into a single dimension used effectively by an RNN.

However, using the same weight for all five variables (0.20) and varying weights on the five
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variables (PCA setup 3) reduced accuracy to 91.54% showing the importance of weighting the
densities of the features for maximum potential. If there is no concentration on the most
important variables, the model will not make accurate predictions. This finding also indicates
that the PSO algorithm can easily change variable importance, resulting in rapid convergence
of RNN training and higher alignment between PSO and actual AQI trends observed in the

environment.

As an example of a comparison, the NO2 (Nitrogen Oxide), SO2 (Sulfur Dioxide) and
Station (the fixed point of sampling at the geographic location) are the 3 features that were used
to train these models using XGBoost. All were assigned the same equal weight (0.3333 for all
features), resulting in a very low accuracy (81.02%) which indicates the need to give attention
to the distribution of the weightings of the features differently. However, a small change (i.e.,
to distribute the weights slightly differently, i.e., 0.30, 0.33, 0.37), increased the performance
level of the models dramatically (from 81.02 to 86.57) which indicates the potential benefits
of refining the contributions of the features to improve the accuracy of the RNN's ability to
model pollution dynamics, indicating that the model was achieved due to the application of
PSO and XGBoost and the lack of Z(0)-based projections for training on the smaller features.
Table 3 represents the accuracy for PCA

Table 3. Accuracy Table for PCA

Method | W1 W2 W3 W4 W5 Accuracy
(Feature 1) | (Feature 2) | (Feature 3) | (Feature 4) (Feature 5)

PCA 0.12 0.14 0.18 0.26 0.30 90.50
0.10 0.15 0.20 0.25 0.30 89.00
0.20 0.20 0.20 0.20 0.20 91.54

The first trial of tests of the XGBoost model consisted of 3 selected features (NO 2, SO
2 and Station) with separate and distinct weights assigned to each feature in an XGBoost
configuration. The first test of equal weight on each feature (0.3333 for every feature) resulted
in relatively low performance score of the XGBoost Model (81.02%) which demonstrates the
need for increased on different feature contributions when developing a model using XGBoost.

After some incremental adjustment of weights in narrow variance (e.g., 0.30; 0.33; 0.37) to
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reflect varying degrees of contribution by individual features, the model performance has
dramatically increased (86.57%) and provides evidence that by refining the contribution of
features can effectively enhance the RNN model in capturing the dynamic behavior of
pollutants. The results provide proof that applying PSO combined with XGBoost provides an
advantage when compared to PCA-based feature projection. The number of adjusted features
available for predicting is considerably less than those used to predict via PCA. It is relatively
stable in actual performance (i.e., accuracy) achieved across various permutations of feature
weightings (within the approximate range of 0.3037) demonstrates that the RNN model may
possess some ability to effectively optimize variable weightings, assuming that all significant
(i.e., key, highly weighted, most impactful) features have been given proper attention in their
respective hierarchy of importance.

Table 5 presents a performance comparison of two popular feature selection techniques,
namely XGBoost and PCA, in combination with RNN models for predicting AQI values using
a broad range of classification evaluation metrics. The primary metrics of evaluating model
performance include precision, recall, F1-Score, overall accuracy and rank (based on overall
score). Together, these evaluations allow the RNN models integrated with either feature
selector are capable of providing appropriate and usable information about the various
attributes associated with classifying items. Based upon the results presented through this
analysis, the PCA-based model produced superior results across all evaluated metrics,
including a very high precision score of 1.0000 and a relatively high recall of 0.9891. The
resulting F1-Score of 0.9945 represents near-perfect balance to identifying relevant AQI
classifications. However, the high precision and high recall suggest that both feature selectors
identify almost entirely different groups of AQI categories when training RNN models. Overall
accuracy of 99.50% indicates that PCA feature selection provides similar results to identifying
features to help improve RNN model prediction capability. Such an better outcome of PCA
demonstrates its efficiency in the dimension reduction of features and preservation of important
details needed to classify objects correctly. XGboost has a precision of only 0.5000 with a very
low recall of 0.1111 and thus a weak F1-score of 0.1818. Table 4 represents the accuracy for
XGboost
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Table 4. Accuracy Table for XGBoost

Method W1 (Feature 1) | W2 (Feature 2) | W3 (Feature 3) Accuracy
XGBoost 0.3333 0.3333 0.3333 81.02
0.30 0.33 0.37 86.57
0.37 0.30 0.33 86.57

The overall results also highlight the applicability of PCA techniques to the predictive
modeling of the AQI using various deep learning methods. With a metric of 1.0000 precision
and 0.9945 F1-score, PCA not only have the highest level of accuracy also proved to be reliable
in each of its respective metrics. This indicates the ability of PCA techniques to appropriately
reduce dimension while maintaining the integrity of predictive capabilities. The ranking is
determined using a weighted scoring function that combines accuracy, precision, recall and F1-

score. The overall ranking score R is computed as:

wyAcc; + wy(1/RMSE;)
>w

Models are ranked based on descending order of R, ensuring balanced evaluation

Score; =

across classification metrics.

Table 5. AQI Prediction Model

Method w1 W2 W3 W4 W5 Accuracy
(Feature | (Feature | (Feature | (Feature | (Feature
1) 2) 3) 4) 5)
Proposed 0.18 0.20 0.21 0.20 0.21 95.8
Model
Proposed 0.19 0.18 0.22 0.21 0.20 96.0
Model
Proposed 0.17 0.21 0.20 0.22 0.20 95.9
Model

To assess the stability and predictive performance of the optimized AQI forecasting

model, total number of configurations used to assign weights of input and output features for
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the AQI prediction model were evaluated. In Table 5, the AQI prediction model achieved high
accuracy for all weight distributions tested. Furthermore, using a balanced weight distribution
resulted in the highest accuracy of 96.0% for AQI prediction, confirming that the optimization
method is effective at identifying an optimal set of influential input features for predicting AQI.
For example, when test weight assignments varied only slightly from the balanced
distributions, the AQI prediction model's accuracies were 95.8% and 95.9%, respectively. This
indicated that the AQI prediction model is robust to generalized feature input configuration
across multiple configurations. The results also demonstrate that the QIGA-PSO-optimized
RNN AQI prediction model is capable of accurately modeling highly complex nonlinear
relationships between pollutant and meteorological variables and generate stable and accurate
AQI forecasts for a variety of weight configuration relationships.

5.1 Ablation Study

A comprehensive ablation study was conducted to quantitatively assess each of the
components of the proposed AQI forecasting framework contributed to its achievement. The
baseline model was a separate Recurrent Neural Network (RNN) trained on raw input data with
no feature selection or dimensionality reduction or optimization. A variety of variations of the
baseline model were then created by removing key modules, potentially negatively impacting
the performance of each variant. The removed modules were XGBoost-based feature selection,
PCA, QIGA global optimization and PSO local refinement. All variants of the base model were
tested and their root mean square error (RMSE), mean absolute error (MAE) and prediction
accuracy were used to evaluate the effectiveness of the RMSE and MAE and prediction
accuracy of each of the variants as shown in Table 6. The absence of XGBoost-based feature
selection led to an increase in the RMSE of each of the variants due to an increased number of
redundant and less informative features (i.e., increased the number of features used to train the
model), reinforcing the importance of supervised feature importance ranking prior to

dimensionality reduction.

Based on these results, it can be concluded that QIGA increases the exploration of the
hyperparameter search space, whereas PSO increases the exploitation of those hyperparameters
through fine-tuning, resulting in a balance between exploration and exploitation. Overall, the
total integrated framework (RNN + XGBoost + PCA + QIGA + PSO) provided the highest
performance across all three metrics that were used to evaluate these three optimization

configurations. Thus, this research supports the that the proposed model (QIGA - PSO hybrid)
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is combination of current optimization techniques. The hybrid optimization architecture of the
proposed model has been specifically designed such that each module has the potential to work

together to provide an overall increase in performance.

Table 6. Ablation Study Results of the Proposed AQI Forecasting Framework

Model Configuration RMSE MAE Accuracy (%)
Base CNN/LSTM model 28.6 21.4 88.9
Base model + Feature Selection 241 18.7 91.3
Feature Selection + Deep Learning | 21.5 16.2 93.6
Without Optimization Algorithm 19.8 14.9 94.4
Proposed Model (with Optimization) | 17.2 12.8 96.0

5. Conclusion

XGBoost is an advanced machine learning model that has been developed with
innovative approaches for using different techniques to produce multiple predictions of an
expected Air Quality Index (AQI). This implementation of AQI uses four methodologies like:
(1) Temporal Model - a time series prediction methodology; (2) Feature Selection - a statistical
analysis method for selecting the correct variables; (3) Dimensional Reduction - a statistical
analysis method for reducing the number of variables using Principal Component Analysis
(PCA) and (4) Hyper-parameter Optimization using Quantum Inspired Genetic Algorithm
(QIGA) and Particle Swarm Optimization (PSO). This implementation of AQI utilized each of
these methodologies within an XGBoost framework for AQI predictive model. This develops
an accurate model by using multiple independent data resources which provide data about long
term air quality in a single model. Recurrent Neural Networks (RNN) identifies the time-based
connections among the various pollutants while QIGA exploits the entire search space for the
candidates and PSO locally exploits each candidate leading to rapid convergence and superior
performance against non-linear environmental conditions for air pollutants. This work shows
that the proposed methodology of forecasting AQI values exhibits lower Root Mean Square
Error (RMSE) and Mean Absolute Error (MAE) than that produced using other baseline models
such as GRU, MLP or single optimizer approaches and concludes that using a combination of
multiple hybrid optimizers is more desirable and/or valid for determining characteristics of

AQI. A study conducted via an ablation showed that the features selected using supervised
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ranking, transformed to orthogonal space, and optimized with two stages collectively produce
forecasts of air quality (AQI) with a greater accuracy than they would individually.
Consequently, the method integrates the three techniques in a manner that produces a robust
systemic approach to performing complex tasks related to predicting AQI using only current
and known technologies. The integrated approach will provide the user with increased levels
of accuracy and offer numerous practical benefits related to scalability, adaptability, and
deployment feasibility of the technology in near real-time to continuously monitor the
environment. The modular design allows for integration with EDGE computing platforms and
distributed sensor networks, making the environmental monitoring of air quality entirely
decentralized. In addition, the use of explainable Al methods will enhance the level of
transparency provided for users and offer decision-making support by creating policies and
action items that can provide a solid foundation for the public health system. Finally, future
work includes expanding upon the existing model by incorporating multiple modalities of data
(e.g., weather data, traffic data, and satellite imagery), developing computationally efficient
hybrid models that can be understood intuitively, and creating and implementing real-time
hazard mitigation strategies that will function effectively in a dynamic and unpredictable

atmosphere of non-stationary pollutants.
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