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Abstract—Air pollution has become a critical environmental and public-health concern, creating a need for accurate and timely
assessment of air-quality conditions. The Air Quality Index (AQI) provides a standardized numerical representation of atmospheric
pollution and converts complex pollutant information into understandable air-quality grades. This review examines Artificial
Intelligence (Al) approaches for predicting AQI values and corresponding air-quality grades using diverse environmental datasets.
It discusses major pollutants, including PM2.5, PM10, NO2, SO2, CO, 03, and NH3, along with meteorological parameters such as
temperature, relative humidity, wind speed, and wind direction. The review further explores machine learning and deep learning
techniques for identifying nonlinear relationships, temporal variations, pollutant patterns, and changing air-quality conditions. Data
sources and preprocessing methods, including monitoring stations, low-cost sensors, mobile monitoring, satellite observations,
calibration, missing-value treatment, and anomaly detection, are also considered. In addition, the study highlights integrated
frameworks combining multi-sensor networks, data fusion, atmospheric information, loT-enabled monitoring, and Al-based
assessment. Challenges related to data quality, nonlinear interactions, spatial-temporal variability, computational complexity, and
model reliability are discussed. Overall, Al-driven AQI prediction can effectively support real-time monitoring, health-risk
communication, environmental management, pollution-control planning, and timely public-health decision-making.

Keywords—Air Quality Index, Artificial Intelligence, Machine Learning, Deep Learning, Air Quality Prediction, Air Quality Grades,

Pollutant Concentration.

I. INTRODUCTION

The major environmental problems facing large cities are
air pollution, driven by population growth and anthropogenic
fuel consumption in transportation and industrial activities.
They are considered a serious environmental threat because
they harm humans and the environment. Air pollutants differ
in their risk on human according to their concentrations and
types, and it is difficult for the public to determine the risk of
air pollution from pollutant concentrations in advance, as they
differ in their determinants and units [1]. Therefore, a method
is needed to determine the combined effect of multiple
pollutants and to rank their health risks as a single number. In
addition, policy-makers have recommended displaying air
quality indices to inform the public and alert them to the risk
of pollution. Air quality index (AQI) is a model used to
convert the concentrations of air pollutants into a single
number representing the level of air quality condition [2].
There are many air pollution indices in the literature with
different names like Air Quality Index (AQI), Air Pollution
Index (API), and Pollution Standard Index (PSI), there are two
types of AQIs according to the principle of their calculation
method [3]. The first type considers the highest sub-index as
AQI after calculating the sub-indices for all pollutants
depending on USEPA or local air pollutant standards [4].

Through this type of AQI, a large amount of information is
lost, while public awareness improved.

An air quality grade prediction model based on the KNN
algorithm [5]. Firstly, the historical measurement data of air
quality is crawled from the relevant weather website. Artificial
Intelligence  (Al), encompassing both ML and Deep
Learning (DL) techniques, has emerged as a powerful solution
to improve traditional epidemiological and environmental
health models. Furthermore, Al plays a crucial role in the real-
time tracking of pollution hotspots, identifying trends in
pollution levels, and modelling the impact of meteorological
factors [6]. This technology enables researchers and regulators
to make sound decisions on air quality management and
public health protection. Al provides rapid, precise, and
trustworthy answers, helping to make sense of complex data
across diverse scientific fields and aiding in data-driven
decision-making processes. ML algorithms, such as ANN,
RF, SVM, and XGBoost, have proven to be invaluable tools
in addressing air pollution and its impact on public health [7].
These algorithms are particularly well-suited for processing
large and multidimensional air quality data sets, which can
lead to a more in-depth understanding of the complex
relationship between air pollutants and their associated health
impacts.
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A. Structure of the Paper

The paper is organized into the following sections. This
section presents an introduction to the study. In Section II,
AQI and prediction of air-quality grade are discussed. In
Section 111, Al-based air-quality assessment is explored. The
Air Quality Index is found in Section IV. The paper is
completed in Section V with a discussion about future work.

Il.  AIR QUALITY INDEX AND AIR QUALITY GRADE
PREDICTION

A standardized measure of atmospheric pollution and
communicates overall air-quality conditions through
understandable grades. Accurate AQI forecasting supports
timely public health warnings, pollution control planning and
environmental management. It also helps authorities identify
deteriorating  air-quality  conditions and implement
appropriate mitigation strategies effectively.

A. Advanced Data-Driven Approaches for Air-Quality
Assessment

To enhance air-quality assessment by integrating diverse
environmental, sensor, and meteorological datasets to identify
complex spatial and temporal pollution patterns. These
approaches support improved data integration, anomaly
identification, exposure estimation, and evidence-based
environmental analysis, enabling more comprehensive and
reliable assessment of changing air-quality conditions across
different locations and time periods.

1) Data Sources and Pre-Processing

Air-quality assessment uses station observations,
meteorological measurements, remote sensing products, and
geographic datasets. Pre-processing includes data cleaning,
calibration, spatial transformation, and geographic correction.
Integrating these heterogeneous sources improves data
consistency, spatial coverage, and temporal analysis,
supporting reliable and comprehensive evaluation of air-
quality conditions across diverse regions [8].

2) Changes in Air Quality Data Acquisition

Recent developments in methods for collecting data on air
quality have helped to shape the way LUR approaches have
developed. Furthermore, consolidate knowledge in this area
by delving into the understanding of how monitoring network
architecture affects modelling outcomes.

e Low-cost monitors and sensors: Recent advances in
technologies have enabled expensive and complex
stationary equipment for air pollution monitoring to be
supplemented with more affordable, portable monitors
or sensors Low-cost monitors (LCMs; note that the
ongoing debate revolves around what constitutes an
LCM [9].

e Mobile monitoring: Air quality data collected by
mobile monitoring have been widely used to develop
LUR models in numerous recent studies Mobile
monitoring shows great promise for understanding
fine-scale spatial pollutant patterns and identifying
emission sources and urban air pollution hotspots
efficiently.

o Satellite observations: The incorporation of satellite
data into LUR models has grown in importance
alongside in-situ monitoring. A significant benefit is
that satellite data offer extensive and synoptic

coverage, capturing both spatial and temporal
variations across vast geographical areas [10].

B. Air Pollution Level Communication

Air pollution level communication translates complex air-
quality information into understandable categories, numerical
values, and health-related messages. AQI-based
communication helps the public recognize pollution severity,
understand potential health risks, and make informed
decisions about outdoor activities and exposure. It also
supports public awareness, community engagement, health
advisories, and environmentally responsible behaviour.

1) Accessible Information

The AQI breaks down intricate data on air quality into
categories or numerical values that are simple to understand.
Through the process of converting technical data into
comprehensible representations, such as colour-coded scales
or descriptive categories (such as good, moderate, and
unhealthy), the public is provided with an understandable
overview of the current state of air quality [11].

2) Health Risk Interaction

One of its main functions is to communicate any possible
health hazards connected to certain AQI values For example,
higher AQI readings indicate more health risks; therefore,
people should take precautions, especially those who are
sensitive to air pollution [12].

3) Information-Based Empowerment

The AQI gives people the ability to make knowledgeable
decisions by giving them access to either periodic or real-time
updates on the state of the air [13]. It allows individuals to
modify their actions in response to pollution levels, for
example, changing their outdoor workout regimens, donning
protective gear, or avoiding exposure during times of high
pollution.

4) Policy Support and Community Engagement

Making AQI data available to the public encourages
community involvement and support for higher air quality
standards. It is an essential tool for citizens, environmental
organizations, and legislators to promote laws meant to
enhance air quality [14][15].

5) Public Health Messaging

When health warnings are issued, AQI data is frequently
included to inform susceptible groups such as children, the
elderly and people with respiratory conditions about the
possible health hazards connected to particular pollution
levels [16]. This proactive advertising encourages
preventative measures to lessen harmful consequences on
health.

6) Long-Term Behavioural Change

Regular exposure to AQI data can lead to long-term
behavioural changes in people, both as individuals and as a
society [17]. It can promote a change to more environmentally
friendly habits, including taking public transportation or
endorsing laws that lower emissions from cars and industry
Essentially, the AQI acts as a vital conduit for complicated air
quality data to the general population, providing them with
knowledge they can use to safeguard their health and promote
environmental stewardship.
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C. Challenges in AQI Prediction

Forecasting AQI is intrinsically problematic owing to the
complex and nonlinear dynamics of environmental systems
[18]. Key difficulties include:

o Data Quality and Availability: Incomplete records,
sensor failures, and inconsistent readings might
influence the credibility of predictions.

e Nonlinear Interactions: Air pollutants interact with
meteorological factors (e.g., temperature, humidity,
wind speed) in complicated, nonlinear ways.

e Temporal and Spatial Variability: Pollutant levels
may change greatly over time (diurnal and seasonal
patterns) and throughout various metropolitan zones,
complicating model applicability.

e Computing Complexity: Advanced forecasting
models, particularly those based on DL, need large
computing resources and careful calibration to prevent
overfitting [19]

I1l. ARTIFICIAL INTELLIGENCE IN AIR-QUALITY
ASSESSMENT

Artificial intelligence has transformed air-quality
assessment by enabling efficient analysis of complex
environmental datasets. Machine learning and deep learning
models identify pollutant patterns, estimate AQI, and evaluate
meteorological influences. Integration with loT sensors
further supports continuous monitoring, hotspot detection, and
data-driven environmental management, improving timely
air-quality assessment and public-health protection.

A. Al for Air-Pollution Monitoring

Analysing data from sensors, meteorological observations,
and environmental datasets. Machine learning models identify
pollutant patterns, detect pollution hotspots, and estimate air-
quality conditions [20]. Integration of loT-enabled sensors
with Al enables continuous monitoring, timely pollution
assessment, and improved environmental decision-making for
effective urban air-quality management.

1) Data Imputation for Handling Missing Values

A number of factors, including malfunctioning sensors,
incorrect data transfer, and outside interference, can lead to
inaccurate or missing readings in air quality monitoring. For
air quality evaluations and analyses that follow to be based on
reliable data, it is crucial to handle these outliers correctly
[21].

2) Sensor Calibration and Drift Compensation

Data accuracy in air quality monitoring relies on accurate
sensor calibration. Sensors are susceptible to drift over time as
a result of ageing, environmental changes, or the accumulation
of pollutants. Data integrity and accuracy are at risk when this
drift is not addressed on a regular basis. ML methods such as
ANN, RF, and multiple linear regression have been employed
for the calibration process [22]. By making modifications in
real-time and adjusting for sensor drift, these methods allow
for the optimization and automation of calibration. These
techniques make low-cost sensors more effective and increase
data quality and dependability, opening the door to their use
in environmental monitoring on a grand scale.

3) Anomaly Detection and Outlier Treatment
There are a lot of potential causes for air quality
monitoring  issues, such as sensor malfunctions,

environmental disturbances, or temporary changes in
pollutant levels [23]. In order to keep the data accurate and
reliable, it is crucial to detect and handle these outliers.
Anomaly detection using ML methods helps differentiate
between real environmental abnormalities and sensor
mistakes, guaranteeing that analyzes like pollution forecast
and cause attribution are grounded on correct data.

4) Short-Term Air Quality Forecasting

Forecasting short-term air quality is crucial for real-time
pollution monitoring and control, particularly in metropolitan
regions where pollutant concentrations can change quickly. If
you have access to historical data, you may use time-series
analysis to discover patterns, seasonality, and irregular
oscillations in pollution levels [24]. Better datasets are the
result of these techniques' ability to detect anomalies,
imputation of missing data, and outliers.

5) Air Quality Index (AQI) Estimation

Air quality index (AQI) is a numerical metric utilized by
health organizations and government bodies globally to
convey air pollution levels. The public can easily grasp the
present air quality conditions and the health concerns
connected with them since it simplifies complicated data on
several contaminants into a single, standardized number [25].
Effective air quality monitoring relies on reliable AQI
estimates because they give a common metric for informing
the public about possible health hazards.

B. Integrated Air Quality Assessment Frameworks

Air quality assessment lies in integrating the strengths of
various techniques to overcome individual limitations.
Integrated frameworks combine ground-based monitoring,
satellite observations, atmospheric modelling, and ML/AI
algorithms to provide a more comprehensive, accurate, and
actionable understanding of air quality [26].

1) Multi-Sensor Networks

Deploying dense networks of calibrated low-cost sensors
alongside strategic reference-grade stations creates a multi-
tiered monitoring system, providing both high-accuracy data
at specific points and broad spatial coverage with reasonable
accuracy [27].

2) Data Assimilation and Fusion

Advanced data assimilation techniques merge real-time
measurements from diverse sources with outputs from
chemical transport models, leading to improved air quality
forecasts and analyses [28]. ML algorithms are instrumental
in this data fusion process, handling the heterogeneity and
large volume of data.

3) Citizen Science and Community Engagement

Citizen research in air quality monitoring has been on the
rise due to the proliferation of affordable sensors. Community-
led initiatives, often supported by accessible sensor
technologies and online data platforms, empower citizens to
collect local air quality data, raise awareness, and advocate for
clean air policies [29]. While data quality from citizen sensors
can vary, their sheer number provides valuable localised
information and promotes public engagement.

C. Meteorological Parameters and Their Impact on Air
Quality
The monitoring of meteorological conditions plays a
crucial role in understanding and predicting air quality
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patterns [30]. These parameters interact with pollutants in
complex ways, significantly influencing their dispersion,
concentration, and overall impact on air quality:

e Temperature: TEMPERAT °C  Temperature
variations  significantly influence air pollution
dynamics through vertical air movement and pollutant
dispersion, chemical reaction rates of atmospheric
pollutants, formation of ground-level ozone in warmer
conditions, thermal inversion effects that can trap
pollutants, and the impact on local wind patterns and
pollution transport.

¢ Relative Humidity (RH%): Humidity levels affect
air quality through several mechanisms: particle size
and composition modifications, formation of
secondary aerosols, visibility reduction in high
humidity conditions, impact on photochemical
reaction rates, and the influence on pollutant
deposition rates.

o Wind Speed (WS m/s): One important aspect of the
dispersion of pollutants is the speed of the wind. As a
general rule, better air quality is achieved at faster
speeds due to more mixing. Low speeds can lead to
pollutant accumulation. Noteworthy are the impact on
dust suspension and transport, the influence on
pollutant concentration patterns, and the effect on
atmospheric stability conditions.

e Wind Direction (WD): Wind direction determines the
pollutant transport patterns from source regions, the
impact areas of industrial emissions, the urban
pollution distribution patterns, the regional air quality
influences, and the seasonal pollution patterns based
on prevailing winds.

D. Machine Learning and Deep Learning for Air-Quality
Monitoring

The ability of ML and DL to understand complicated
correlations from varied meteorological and environmental
data has made them crucial tools for air-quality monitoring.
These techniques support the analysis of pollutant
concentrations, meteorological conditions, and temporal
variations while identifying nonlinear patterns that are
difficult to capture through conventional methods. Their
ability to process large-scale and continuously generated
datasets improves air-quality assessment, forecasting, and
timely identification of changing pollution conditions [31].

IV. AIR QUALITY INDEX

The Air Quality Index (AQI) has the ability to simplify the
complexity of the information on air pollution into an easily
understood numeric value, which makes it easier for both the
general public and policymakers to comprehend the air quality
[32]. The Air Quality Index (AQI) measures levels of
pollutant concentrations beyond those given in WHO criteria
in order to determine air quality categorization, which is
indicated by a range from very excellent to extremely
dangerous.

A. Pollutants Considered in AQI

Air Quality Index (AQI) evaluation takes into account
several major air pollutants that directly affect environmental
quality and human health. The pollutants that are monitored
include particulate matter (PM2.5 and PM10), nitrogen
dioxide (NO2), sulfur dioxide (SO2), carbon monoxide (CO),
ozone (03) and ammonia (NH3). These pollutants are emitted

from sources including wvehicles, industry, construction,
biomass burning and natural processes [33]. They are
measured and then translated to pollutant-specific sub-indices
which are then used to calculate the overall AQI, and the air-
quality grade. The pollutants included in the AQI are listed
below:

e Particulate Matter (PM:.5 and PM10): These are
very small solid or liquid particles in the air. The
particles are categorized into PMa.s (diameter of 2.5
pm or less) and PMio (diameter of 10 pum or less).

e Nitrogen dioxide (NO:): A significant gas pollutant
emitted mainly from vehicle exhaust, industrial
combustion and power generation, and other situations
involving combustion at high temperatures.

e Sulfur dioxide (SO:): The gaseous pollutant mainly
released from fossil-fuel combustion and industrial
activities. Can cause irritation to the respiratory system
and cause acid rain and particulate pollution.

e Carbon monoxide (CO): A colourless and odourless
gaseous pollutant, primarily resulting from incomplete
combustion of fuels in transportation, industries and
domestic appliances. Because CO decreases the
blood's capacity to carry oxygen, high levels can lead
to headaches, dizziness, shortness of breath and can
have serious cardiovascular and neurological effects.

e Ozone (0s): A reactive gas pollutant produced close
to the ground by the reaction of nitrogen oxides and
volatile organic compounds in the presence of
sunlight. High levels of ozone can cause irritation of
the lungs, decreased lung function, and worsening
asthma and other breathing conditions.

B. AQI Categories and Health Implications

The AQI categories represent the severity of air pollution
and its potential impacts on human health. Good air quality
means it poses little risk, Satisfactory/Moderate means that it
can impact sensitive people. Respiratory discomfort and
exacerbation of existing diseases may occur with Poor and
Very Poor air quality [34]. Extremely high levels of pollution
pose a significant threat to the health of everyone, but notably
to the young, the old, and those who already suffer from
respiratory or cardiovascular conditions.

e Good Air Quality: Air pollution levels are minimal
and provide little to no risk to human health when air
guality is good. In this kind of atmosphere, people can
carry out normal outdoor activities without having to
consider particular health issues arising from pollution.

e Satisfactory air quality: Satisfactory Air Quality
means that overall concentrations of pollutants are
generally acceptable and do not pose significant health
risks to most people. Sensitive individuals might
experience some pain if they are exposed to pollutants
for longer, especially if pollutant levels rise briefly.

e Poor air quality: High concentrations of air
pollutants, which are harmful to human health, are
what is known as poor air quality. Those most
vulnerable, such as youngsters, the elderly, and those
with compromised immune systems, may have more
severe side effects from prolonged exposure, including
coughing, sore throat, trouble breathing, and impaired
lung function.
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V. LITERATURE REVIEW

Machine learning, deep learning, 10T sensors, spatio-
temporal models, and air quality index (AQI) prediction have
all been the subject of recent Al research. These techniques
improve prediction accuracy, early warning, and
environmental decision-making, while challenges remain in
real-time adaptation, cross-region generalization, and
heterogeneous sensor integration.

S. Vorapatratorn and N. Thongsibsong (2026) provided
care, an loT-based air quality monitoring system that
combines LoRa and wi-fi connection with inexpensive
particle and meteorological sensors to gather data in real time.
The device measures PM1.0, PM2.5, PM10, temperature,
relative humidity, and atmospheric pressure, and is connected
to web and mobile applications developed on the Yakkaw
platform, which provide intuitive geospatial mapping and
access to historical trends. A field deployment in Chiang Rai,
Thailand, demonstrated that m-care achieved a
communication range of up to 200 m with a packet delivery
rate of 97 % under favourable conditions [35].

M. Karmoude et. al. (2026) presented the first use of
spatio-temporal modelling for 24-hour forecasting using data
from a cost-effective air-quality monitoring system deployed
in Africa. Applied spatio-temporal deep learning models to
pollutant data collected from several sites monitored by an air
system, enabling the extraction of both spatial and temporal
patterns relevant for forecasting [36].

S. Varshney, et al. (2025) used machine learning
algorithms to predict the taj trapezium zone’s air quality
index. Such predictions can inform preventive action to
mitigate air pollution. The study compares four algorithmic
approaches: light gradient boosting machine (lightgbm),
categorical boosting (catboost), adaptive boosting (adaboost),
and extreme gradient boosting (xgboost). These algorithms’
performance is evaluated based on several parameters,
including R-squared, mean squared error (mse), root mean
squared error (RMSE), and (MAE) [37].

J. D. Sinha, et al. (2025) united high-grade series temporal
AQI data constructed in the form of Markov decision
processes (MDP) along with thorough data pre-processing
techniques such as min-max normalisation to improve
learning stability and preserve causation. The model yielded a
final mse of 0.00208 and an R2 score of 1.00000 alongside
very low variance and policy inconsistency in received reward
suggesting remarkable convergence and consistent decision-
making reliability [38].

S. Lawande, et al. (2024) investigated the feasibility of
using ML models for AQI prediction. The air quality data of
Delhi city throughout the years is being used to construct this
model. Application of exploratory data analysis (EDA) is

applied to the dataset prior to delivering it as input to the
TABLE I

learning model. The goal is to evaluate XGBoost and Random
Forest, two ML maodels, for their ability to forecast Delhi,
India's air quality index. The air quality index (AQI) with
precision, allowing for proactive or preventative measures to
be implemented to manage air pollution. Ultimately, it is
helpful for public health management. Along with this, are
bringing attention to future research on the implementation of
an air quality monitoring system using recent technologies
[39].

S. K. Sunori, et al. (2024) discussed a very critical
parameter — air quality index (AQI) which has a serious
impact on human health. It is imperative to properly manage
AQI in the current environmental discourse, and it is crucial
to have reliable and accurate models to predict AQI. This
study is making significant contributions in this aspect with
the study of two approaches to AQI prediction modelling. One
is the classical one which is known for being simple, namely
linear regression model. The other one is an advanced
technique based on fuzzy logic and neural networks named
adaptive neuro-fuzzy inference system (ANFIS) model. The
models have been developed and analyzed using MATLAB as
one of the main tools [40].

F. S. Pramudya, et al. (2023) collect data on air pollution
in Jakarta, Indonesia, and use it to determine the air quality
index (AQI) for the city. The AQI for Jakarta is determined by
analysing six major pollutants, namely PM10, PM2.5, CO,
03, SO2, and no2. The researchers have utilised geographic
information system (GIS) software to visualise the data, which
provides a clear and concise representation of Jakarta's air
quality index. The visualisation of AQI allows policymakers
to assess the severity of air pollution and take the necessary
steps to improve the city's air quality [41].

Despite advances in loT-enabled monitoring and data-
driven air-quality prediction, existing studies remain
fragmented across sensing, communication, forecasting,
spatial analysis, and decision-making. Most approaches focus
on monitoring, AQI prediction, or visualization rather than
integrating these capabilities into a unified adaptive
framework. ML models show promising performance, but
their dependence on location-specific datasets limits
generalization across cities, pollution patterns, sensor
configurations, and environmental conditions. Low-cost 10T
systems provide continuous measurements, yet integrating
heterogeneous sensor data with spatio-temporal deep learning
remains challenging. Existing forecasting approaches capture
temporal or spatial dependencies but provide limited support
for autonomous real-time decisions and adaptive responses.
GIS-based systems mainly emphasize visualization rather
than predictive control. Table I highlights these limitations
and the need for an integrated framework combining loT
sensing, communication, multimodal data, deep learning, AQI
forecasting, and adaptive decision support.

SUMMARY OF STUDIES ON ARTIFICIAL INTELLIGENCE APPROACHES FOR PREDICTING AIR QUALITY INDEX AND AIR QUALITY GRADES

Author & Objective / Approach Technology / Key Findings Advantages Limitations
Year Method

S. Developed an IoT system | Low-cost  sensors, | Monitored PM1.0, PM2.5, | Low-cost, real-time | Communication may

Vorapatratorn for real-time air-quality | LoRa, Wi-Fi, | PM10, temperature, | monitoring, wireless | decline under

and N. | and meteorological | Yakkaw web/mobile | humidity, and pressure; | connectivity, and | unfavourable conditions;

Thongsibsong monitoring. platform, geospatial | achieved 200 m range and | spatial visualization. | limited deployment and

(2026) mapping. 97% packet delivery rate. geographic validation.

M. Karmoude | Investigated 24-hour AQI | Spatio-temporal deep | Extracted spatial and | Combines spatial- | Depends on  sensor

et al. (2026) forecasting using cost- | learning, low-cost | temporal pollutant patterns | temporal coverage  and data
sensor networks, information; quality; deep learning
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effective monitoring | multi-site  pollutant | for forecasting and early | supports distributed | may require high
networks across Africa. datasets. warning. monitoring and early | computational resources.
warning.
S. Varshney et | Predicted AQI in the Taj | LightGBM, Compared boosting-based | Systematic  model | Geographically focused;
al. (2025) Trapezium  Zone for | CatBoost, AdaBoost, | ML models for AQI | comparison; performance may vary
preventive pollution | XGBoost; R2, MSE, | prediction using standard | supports proactive | across  regions  and
management. RMSE, MAE. metrics. pollution datasets.
management.
J. D. Sinha et | Developed a real-time | MDP, Min-Max | Achieved MSE = 0.00208 | Supports adaptive | Very high R2? requires
al. (2025) decision-support normalization, and R?z = 1.00000, | decision-making and | validation on diverse
framework  for  AQI | reinforcement- indicating strong | real-time AQI | datasets; implementation
management. learning-based convergence and decision | control. complexity may limit
decision framework. | reliability. deployment.
S. Lawande et | Predicted Delhi's AQI for | EDA, Random | Compared RF and | Uses established ML | Delhi-specific historical
al. (2024) preventive pollution- | Forest, XGBoost. XGBoost for AQI | models; supports | data may limit
control actions. prediction and pollution | proactive decision- | generalization;  limited
management. making. model diversity.
S. K. Sunori et | Compared approaches for | Linear Regression, | Applied linear regression | Compares classical | Limited to two
al. (2024) accurate AQI prediction. ANFIS, MATLAB. and ANFIS to model AQI | and intelligent | approaches; ANFIS
relationships. approaches; ANFIS | requires parameter tuning
captures  nonlinear | and higher

relationships. implementation

complexity.

F. S. Pramudya
etal. (2023) and

Assessed Jakarta's AQI
visualized spatial
pollution conditions.

GIS, AQI analysis,
PM10, PM2.5, CO,
03, SOz, NO-.

GIS

represented AQI conditions
and pollution severity.

visualization | Effective spatial | Emphasizes visualization
visualization; over prediction; limited
integrates multiple | forecasting and real-time
pollutants. capabilities.

VI. CONCLUSION AND FUTURE WORK

Al has emerged as a promising approach for improving the
prediction and assessment of air quality. This review
examined Al-based approaches for predicting Air Quality

How to cite this article:

B. K. Sharma, “Atrtificial Intelligence Approaches for Predicting Air
Quality Index and Air Quality Grades: A Comparative Study,”
Journal of Artificial Intelligence in Governance and Public Policy
vol. 1, no. 3, pp. 29-35, Jul.—Sep. 2026. Doi-XXXX

Index values and corresponding air-quality grades using
pollutant, meteorological, sensor, satellite, and monitoring
data. Machine learning and deep learning methods can [1]
identify complex nonlinear relationships, temporal variations,
and pollutant interactions that influence air-quality conditions.

The integration of loT-enabled monitoring, low-cost sensors,
mobile platforms, satellite observations, and multi-sensor data

(2]

fusion further strengthens real-time air-quality assessment.
However, prediction reliability remains influenced by data
quality, missing observations, sensor calibration, anomaly [3]
detection, spatial-temporal variability, and computational
requirements. Accurate AQI prediction can support early [4]

warnings,

health-risk communication,

pollution-control

planning, and environmental management. Future Al systems

should focus on integrated, scalable, and reliable frameworks
that combine heterogeneous environmental data with real-
time monitoring capabilities.

Overall,

(5]

Al-driven AQI

prediction and classification can contribute significantly to
timely decision-making, improved pollution management,
and effective public-health protection.

(6]

Future work should focus on developing hybrid Al models

that integrate machine learning, deep learning, 10T sensors,
satellite observations, and meteorological data for more [71
accurate real-time AQI prediction. Research should also
address sensor reliability, missing data, spatial-temporal
variability, model interpretability, and scalable deployment (8]
for effective early-warning and environmental management
systems.
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