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Abstract

This study focuses on utilizing Ensemble Machine Learning to predict and forecast the
Air Quality Index (AQI). The research is motivated by the adverse effects of industrialization and
population growth on air quality, leading to detrimental impacts on human health. While
numerous methodologies exist for air quality prediction, it is crucial to anticipate future air
conditions to minimize their larger consequences. Hence, this study proposes an air quality
evaluation system to facilitate future predictions. The study comprises three primary modules:
Data Preparation, AQI Forecasting, and Evaluating Air Quality. The Data Preparation Module
involves real-time data collection and formatting to ensure compatibility with subsequent
modules. In this research, the Sparse Spectrum GPR (SSGPR) method is employed for AQI
forecasting, while the cloud model is adopted for air quality evaluation. The study's findings
demonstrate the capability of the proposed model to account for the uncertainty and
randomness inherent in air quality prediction. Performance metrics such as Mean Absolute Error
(MAE), Root Mean Square Error (RMSE), and Mean Absolute Percentage Error (MAPE) are
employed to evaluate the models' effectiveness. Based on the evaluation results, it can be
concluded that the Ensemble Machine Learning method utilized in this study effectively predicts
and forecasts the Air Quality Index. These predictions play a crucial role in minimizing the
adverse impact of air pollution on human health by providing insights into future air conditions.
Overall, this research contributes significantly to comprehending and addressing the
increasingly urgent challenges associated with air quality.
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1. Introduction

In an era of ever-evolving industry, rapid population growth is a significant challenge.
The increase in population not only has an impact on economic and social development, but
also contributes to pressing environmental problems. The increased use of fossil fuels, high
levels of transportation, and deforestation as a result of urbanization and industrial growth all
play a role in increasing levels of environmental pollution[1].

Air pollution is one of the most detrimental results of human activity. The process of
burning fossil fuels in motor vehicles, industry, and power plants results in the emission of
various pollutants into the atmosphere. Harmful particles, toxic gases, and volatile organic
compounds released into the air slowly settle in the environment around us. This air pollution
has a serious impact on human health[2]. Exposure to air pollution in the long term can cause
various diseases such as heart disease, respiratory problems, and even lung cancer.

To address air pollution problems and protect public health, a deep understanding of
current air quality and the ability to predict future air conditions are needed[4]. In this context,
this study proposes an innovative and effective evaluation system to measure and forecast the
Air Quality Index (AQI) using the Ensemble Machine Learning approach[5].

AQI is a parameter used to evaluate air quality based on the concentration of certain
pollutant substances contained in it[6]. In this study, the Ensemble Machine Learning approach
will be used to integrate historical air quality data, weather data, and other environmental factors
to obtain accurate AQI predictions in the future. The Ensemble Machine Learning approach is
a method that combines several machine learning algorithms, where each algorithm makes its
own contribution in obtaining better predictive results. By using this technique, it is hoped that
the proposed evaluation system will be able to provide reliable and useful results for decision
makers and related parties in taking steps to mitigate and control air pollution[7].

Through this research, it is hoped that concrete steps will be created in reducing the
negative impact of air pollution. By understanding future patterns and trends in air quality, we
can take appropriate and effective actions to protect our environment and safeguard public
health. This research also contributes to the development of science and technology, especially
in the field of air quality prediction using the approach[8].

2. Related Work

This research presents a hybrid air quality warning system that incorporates forecasting
and evaluation. First, they offer a hybrid forecasting model based on "decomposition and
ensemble” theory combined with a sophisticated data pre-processing approach, with the
supporting vector engine playing an important role in this system. Furthermore, to supplement
this research, they used fuzzy assessment, which is very significant in warning systems.
Forecasting models and fuzzy evaluation methodologies complement each other. The
experimental findings demonstrate that the proposed method is considerably superior in terms
of accuracy and efficacy in assessing air quality. Furthermore, the application of forecasting and
evaluation allows for precise and useful forecasts of future air quality, which provides
considerable benefits[9].

This study creates a dynamic evaluation model based on a fuzzy synthetic evaluation
approach in order to swiftly evaluate future air quality. Using a newly created computational
intelligence optimization approach, they improved the least squares SVM, which estimates six
air pollutant concentrations. The fuzzy synthetic assessment model with entropy weights is used
to predict future air quality conditions. The findings and analysis of air quality demonstrate that
estimations of urban air pollution concentrations and air quality conditions can be objectively
and reliably measured. This demonstrates that the suggested dynamic scoring model, through
simulation design, might be a valuable tool for air quality monitoring[10].

The proposed system integrates complexity analysis, data pre-processing, and the
estimated-optimal module. The suggested system uses a modified least squares support vector
engine to perform complexity analysis on the original time series, which is then optimized using
a multi-objective multiverse optimization algorithm[11]. The system then forecasts the AQI
series every hour with a modified least squares support vector engine and optimizes it with a
multi-objective multiverse optimization method. Experiments using datasets from eight major
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Chinese cities show that the suggested system can achieve high accuracy and stability for air
guality monitoring in an efficient manner.

This research presents a new hybrid model that blends outlier detection and correction
approaches with heuristic intelligent optimization tactics[12]. To begin, they employ a data pre-
processing technique to discover and correct outliers while revealing the primary properties of
the original time series. They then employ an algorithm.

This study describes a new hybrid air quality early warning system with three modules:
data pre-processing, forecasting, and air quality evaluation[13]. To extract chaotic features from
raw data, a new hybrid data pre-processing technique is utilized, resulting in a more stable
collection of pollution data for forecasting. To increase the forecasting module's accuracy and
stability, a multi-purpose locust optimization technique is applied. To offer thorough results, a
fuzzy air quality evaluation module is also provided. This forecasting approach not only
outperforms earlier models in terms of accuracy and stability, but the assessment module also
delivers valid air quality data[14].

To extract critical elements from complicated spatiotemporal interactions and limit error
accumulation and propagation, this study offers a Deep Multi-output LSTM (DM-LSTM) neural
network model with three deep learning algorithms (mini-batch gradient descent, neuron
dropout, and L2 regularization). in air quality predictions with multiple steps ahead. Three time
series of PM2.5, PM10, and NOx were evaluated simultaneously at five air quality monitoring
stations in Taipei City, Taiwan, to put the proposed DM-LSTM model to the test. The suggested
DM-LSTM model increased the spatial-temporal stability and accuracy of multi-step-ahead air
quality forecasting at the regional level by merging three deep learning algorithms[15].

This study introduces a novel Gaussian Process (GP) regression model that is rarely
used. The key idea is to narrow the GP's spectral representation, resulting in a direct and
realistic regression approach[16]. This study reveals that there is a trade-off between prediction
accuracy and processing requirements, and that these models are typically better than today's
more advanced sparse regression models. In the framework of weight space and function space
representation, this novel design prioritizes functions that are always stationary and can
approach various forms of covariance functions within their class[17].

3. Proposed Work

3.1 Data Preparation
This module's goal is to collect real-time data from sensors and calculate AQI in real time[18].

3.1.1 Data collection

The primary aim in this experiment is to configure the sensors. To get a location, this
study used unique sensors for each air pollutant in conjunction with a GPRS connection. The
Arduino MKR1000 board is used to create efficient IoT applications that include on-board wifi.

After configuring the 10T device, the sensor is connected to the Arduino web editor to
be programmed. To activate the sensor, the sketch must be written in the Arduino web editor
and uploaded to the MKR1000 board. When the upload is finished, the sensor begins reading
the data. The following major step is to save the obtained real-time data. As a result, the
Thingspeak platform is used as an efficient data storage in this study[19].

However, only the principal pollutant concentrations were included in the data
repository, notably PM2.5, PM10, SO2, O3, NO2, NH3, and CO. The information is solely for
the pollutants that are saved in the Thingspeak channel. After collecting and updating real-time
data in Thingspeak, the next step is to compute AQI[20].

3.1.2 AQI calculation

The AQI is calculated by computing the sub-index for each pollutant and finding the
greatest value between them. The sub-index is calculated according to a predetermined
formula. The maximum value of all the sub-indices obtained is termed the AQI. This calculation's
drawing will be implemented and combined with the previous stage. When the entire sketch is
uploaded to the Arduino board, the sensor will read the real-time data and simultaneously
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update the data to the Thingspeak channel, along with the real-time AQI calculations. As a
result, the preliminary data for prediction will be prepared and presented as input for the
forecasting module[21].

3.2 AQI calculation

The forecasting module in this study attempts to forecast present and future AQI trends.
This module employs SSGPR, an efficient real-time learning approach. SSGPR is a probabilistic
and non-parametric variation of GPR (Gaussian Process Regression). Because of its increased
computing performance, SSGPR was chosen to analyse real-time data and perform real-time
AQI predictions. The GPR model is improved by modifying the GPR power spectrum and
utilizing a sparse approximation[22].

SSGPR's major purpose is to discover the best amount of frequencies. After
determining the appropriate frequency, the initial mean and variance of the new data can be
computed. The uncertainty in the new output can be assessed using the interval (UB, LB) based
on the mean and variance.

3.3 AQI calculation
In this study, air quality is evaluated using cloud models that are based on predictive
values. Using decision-making procedures, this model may convert quantitative data into
qualitative data. The cloud model is based on three key parameters: Ex, En, and HE. These
three characteristics are useful for simulating data ambiguity and randomness[23].
e EXx - The expected value of the qualitative concept.

e En - Represents ambiguity in a qualitative concept.
e He — Randomness in a qualitative concept.

The air quality evaluation process involves the following series of steps:

1. Select the pollutant to be considered for evaluating air quality.

2. Apply cloud models for each pollutant at each level.

3. Using the entropy-based Super scale weighting method to calculate the weight of each
pollutant.

4. Based on the weights obtained in the previous step, it produces a degree of certainty
for the pollutant to determine the level of air quality.

5. By calculating the average of the results from the previous steps, the final degree of
certainty can be determined.

6. Observing the degree of certainty at each level, consider the level that has the maximum
degree of certainty as the designated air quality level.

4. discussion result

4.1 Reliability Analysis

This study uses Cronbach's a to test the reliability of the results. Based on his exams,
Cronbach's a values for the 5 constructs ranged from 0.8 to 0.9, indicating that the results were
higher than the standard value, which was 0.6[24].

In this study, it has 5 variables consisting of population, vehicle use, air quality,
ensemble machine learning and data preparation (PD) along with the framework images that
will be examined in this study.
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Figure 1. Research Framework

4.2 Measurement Model

The variables used in this study were obtained through indicators consisting of
guestionnaires. To ensure the validity of the resulting data, a truth or validity test was carried
out on the two components to test the construct validity. The level of construct convergence
reliability and validity will be higher if the AVE (Average Variance Extracted) value is also high.
Overall, the measurement model shows adequate reliability, good convergent validity, and
adequate discriminant validity[25].

4.3 Structural Model

The research variables used in this study were the results of a collection of indicators
gathered through the distribution of questionnaires [26]. As a result, the generated data must be
examined for the truth or validity of the two components in order to determine construct validity.
The loading factor and AVE with a value of 0.5 determine the first component, convergent
validity. In this study, two metrics were utilized to test dependability: composite reliability and
Cronbach alpha [27]. Cronbach alpha must be greater than 0.6 and composite reliability must
be greater than 0.7. If the reliability value (alpha) is more than the specified threshold of
dependability, the computation results can be regarded as a measurement tool with high
precision and consistency of thought [28].
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Figure 2. Structural Model Results
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Tabel 1. AVE Result Display

Nama Variable Average Variance Extracted
Population 0.583
Vehicle Use 0.503
Air Quality 0.536
Machine Learning Ensembles 0.510
Data Preparation 0.569

Based on table 1, the AVE results for each variable have met the value above 0.5

Table 2. Reliability Test Results

Nama Variable Cronbach’s Alpha | Composite Reliability Composite
(rho_a) Reliability (rho c)

Population 0.616 0.650 0.802
Vehicle Use 0.500 0.511 0.750
Air Quality 0.549 0.544 0.773
Machine Learning 0.506 0.585 0.746
Ensembles

Data Preparation 0.616 0.622 0.798

Based on the data in table 2, it is clear that all variables meet the criteria for a
Cronbach's alpha value greater than 0.6. Similarly, the composite dependability value for each
variable fits the criteria for a value greater than 0.7. Overall, the measurement model (outer
model) met the requirements, allowing this research to move on to the structural model stage
(inner model) [29].
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Figure 3. Path Coefficients results
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Table 3. Path Coefficients Test Results

Nama Variable Koefisien T value p value Result
Ensemble Machine
Learning -> Air Quality 0.265 1.546 0.122 Not Affect
Population -> Vehicle 0.114 6.201 0.000 Influence
Users
Data Preparation ->
Ensemble Machine 0.119 6.762 0.000 Influence
Learning
Vehicle Users -> Air 0.235 1.647 0.100 Not Affect
Quality
Vehicle User -> Data 0.176 3.934 0.000 Influence
Preparation

From the results of the analysis using SmartPLS, it can be observed that the p-value is
<0.01, which indicates that each variable has a significant level. However, based on existing
data, it appears that the relationship between Social Norms and Behavior, as well as Self
Monitoring and Self Efficiency in Air Pollutants does not show a significant effect [30].

5. Conclusion

The suggested system in this work is made up of three modules: data preparation,
forecasting, and air quality evaluation. Sensors capture real-time data, and AQI is generated in
real-time depending on the data. Furthermore, the Sparse Spectrum GPR model is trained to
analyze real-time data while accounting for uncertainty, and it is utilized to forecast AQI.
Furthermore, cloud models that can deal with ambiguity and randomization are employed to
assess air quality.

As a result, the suggested model is capable of predicting and forecasting future AQI
while accounting for the uncertainty, fuzziness, and randomness of real-time data. Metrics such
as MAE, RMSE, and MAPE are used to assess model performance. More emphasis can be
placed in future research on incorporating data normalization approaches to increase AQI
prediction accuracy.
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