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Abstract: In many growing and metropolitan 

regions, keeping the air clean and safe is a big 

problem.     Electricity, electrical, and automobile 

pollution are hurting artefacts.     The economy is 

rising, which is causing the air and water in cities to 

become polluted. Our country's population is growing 

swiftly. 

  Burning thermal fuel makes nitrogen oxide (NO), 

which is bad for people's health and pollutes the air. 

It also makes sulphur dioxide (SO2), which is bad for 

the environment.     The benefits of air are 

overestimated because of how it changes with 

location, time, and fog.     This study looks at ways to 

use artificial intelligence to predict air quality. 

INDEX TERMS: Air Pollution, Machine Learning, 

Air Quality Prediction, Sulphur Dioxide (SO₂), 

Nitrogen Oxide (NO), Urban Pollution, 

Environmental Monitoring, Artificial Intelligence, 

Predictive Modeling, Smart Cities 

1. INTRODUCTION 

The fast growth of cities and industries in recent 

years has led to a big rise in air pollution levels.  Air 

pollution is a big problem, especially in developing 

countries where car emissions, industrial discharges, 

and burning fossil fuels release a lot of dangerous 

chemicals including Sulphur Dioxide (SO₂) and 

Nitrogen Oxide (NO).  These pollutants are bad for 

the environment and may also be very bad for 

people's health, causing problems with their hearts 

and lungs.  To protect public health and prevent long-

term harm to the environment, it is now important to 

keep an eye on and anticipate air quality. 

 A lot of research is being done on machine learning 

techniques to see how well they can anticipate things.  

Machine learning algorithms can predict future air 

quality indices (AQI) by looking at past pollution 

data. This lets the government and the public take 

action before problems happen.  This project is all 

about utilising Linear Regression and Stepwise 

Multiple Linear Regression to figure out how much 

air pollution there will be depending on different 

environmental factors.  It also contains preprocessing 

chores like dealing with missing information and 

checking how well the model works by using metrics 

like Root Mean Squared Error (RMSE) and Mean 

Absolute Percentage Error (MAPE) to make sure the 

predictions are correct. 

2. LITERATURE SURVEY 

2.1 Variational Bayesian Network with 

Information Interpretability Filtering for Air 

Quality Forecasting: 

Mathematics | Free Full-Text | Variational Bayesian 

https://www.mdpi.com/2227-7390/11/4/837
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Network with Information Interpretability Filtering 

for Air Quality Forecasting (mdpi.com) 

Forecasting helps governments plan and grow in a 

way that is good for the environment and people's 

health.     Multi-step forecasting is nonlinear and 

difficult because of time and space issues, which 

makes it hard to make predictions.     Deep models 

are the best way to guess what the air quality will be 

like, and they can also simulate crucial nonlinearities.     

Forecasting that can't be understood leads to risky 

conclusions, especially for governments, if there isn't 

a mechanism-based research.     This paper shows a 

reasonable variational Bayesian deep learning model 

for predicting PM2.5 via information self-screening.     

depends on things like temperature, humidity, wind 

speed, how far apart things are, and the amount of 

PM2.5 in the air. 

  A good way to screen multivariate data that gets as 

much relevant data as feasible for predicting PM2.5.       

Second, the self-screening layer of the deep learning 

network made it possible to choose the best input 

variables.       We created a variational Bayesian 

gated recurrent unit (GRU) network to deal with the 

complicated distribution of PM2.5 and provide 

reliable multi-step forecasts after adding the 

screening layer. 

     PM2.5 data from Beijing, China, shows that the 

recommended strategy, which employs deep learning 

technology to predict PM2.5 levels based on various 

parameters, is quite accurate. 

2.2 Spatiotemporal air quality forecasting and 

health risk assessment over smart city of NEOM: 

Spatiotemporal air quality forecasting and health risk 

assessment over smart city of NEOM - ScienceDirect 

Predicting and forecasting levels of air pollution can 

help alert people about harmful pollutants.     It is 

hard to anticipate air quality because dynamic 

processes are hard to predict and there isn't enough 

data on chemical components and emissions sources.  

    This post suggested using deep learning to get a lot 

of abstraction from data and capture spatiotemporal 

characteristics every hour and every day in NEOM 

City, Saudi Arabia.     The suggested method used 

both ConvLSTM and ResNet.     A ResNet model 

improved the ConvLSTM method by dramatically 

extracting spatial information and cutting down on 

feature loss from pollution and weather data.     

Health risk assessment was then used to look at the 

risk sensitivity of PM10 and PM2.5 in five NEOM 

City zones.     The recommended method with 

successful feature extraction made spatiotemporal air 

quality forecasts better than the best algorithms 

available.     MASE said that PM2.5 and PM10 will 

be 13.57 and 9.13, respectively, during the next hour.     

The recommended strategy makes it easier to predict 

air pollution and is available all across the world. 

2.3 Development and evaluation of an advanced 

National Air Quality Forecasting Capability using 

the NOAA Global Forecast System version 16: 

(PDF) Development and evaluation of an advanced 

National Air Quality Forecasting Capability using the 

NOAA Global Forecast System version 16 

(researchgate.net) 

NASA and NOAA produced the Finite-Volume 

Cubed-Sphere (FV3) dynamical core, which powers 

the GFS and other limited-area models that NOAA 

uses to predict local weather and air pollution.       

NOAA upgraded the operational FV3GFS to 

GFSv16, which improved the physics of the model, 

https://www.mdpi.com/2227-7390/11/4/837
https://www.mdpi.com/2227-7390/11/4/837
https://www.sciencedirect.com/science/article/abs/pii/S0045653522041297
https://www.sciencedirect.com/science/article/abs/pii/S0045653522041297
https://www.researchgate.net/publication/360097126_Development_and_evaluation_of_an_advanced_National_Air_Quality_Forecasting_Capability_using_the_NOAA_Global_Forecast_System_version_16
https://www.researchgate.net/publication/360097126_Development_and_evaluation_of_an_advanced_National_Air_Quality_Forecasting_Capability_using_the_NOAA_Global_Forecast_System_version_16
https://www.researchgate.net/publication/360097126_Development_and_evaluation_of_an_advanced_National_Air_Quality_Forecasting_Capability_using_the_NOAA_Global_Forecast_System_version_16
https://www.researchgate.net/publication/360097126_Development_and_evaluation_of_an_advanced_National_Air_Quality_Forecasting_Capability_using_the_NOAA_Global_Forecast_System_version_16
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how it takes in data, and how it is built up.   It was 

easy to see how much better the weather feedback 

was because of the change in the atmosphere.       We 

add the GFSv16 update to the Community Multiscale 

Air Quality (CMAQ) model to make the National Air 

Quality Forecasting Capability (NAQFC) better and 

keep people and the environment healthy in the US.       

It is shown how FV3GFSv16 and CMAQ 5.3.1, a 

"state-of-the-science" model, are related.       The 

NOAA-EPA Atmosphere-Chemistry Coupler 

(NACC), which was the first of its kind, was a big 

part of the next operational NAQFC system (NACC-

CMAQ), which made GFS-CMAQ coupling 

possible.       NACC-CMAQ uses satellite data to 

enhance land cover and soil properties. It also uses 

projections of dust and smoke from wildfires to 

estimate PM2.5 levels during dangerous events that 

might harm people, ecosystems, and society.       The 

GFS-driven NACC-CMAQ model does a better job 

of predicting near-surface ozone and PM2.5 levels 

and 72-hour diurnal patterns (3 d) than the 

operational NAQFC model. 

2.4 Deep Air Using Hybrid Quality Forecasting 

Deep Learning Framework: 

 

Deep Air Quality Forecasting Using Hybrid Deep 

Learning Framework | IEEE Journals & Magazine | 

IEEE Xplore 

 

NASA and NOAA built the Finite-Volume Cubed-

Sphere (FV3) dynamical core, which is what the GFS 

and other limited-area models that NOAA uses to 

predict local weather and air pollution run on.        

NOAA updated the operational FV3GFS to GFSv16. 

This made the model's physics better, how it gathers 

data, and how it is put together.    The shift in the 

atmosphere made it clear how much superior the 

weather feedback was.        We incorporate the 

GFSv16 update to the Community Multiscale Air 

Quality (CMAQ) model to improve the National Air 

Quality Forecasting Capability (NAQFC) and keep 

people and the environment healthy in the US.        It 

is illustrated how FV3GFSv16 and CMAQ 5.3.1, 

which is a "state-of-the-science" model, are 

connected.        The NOAA-EPA Atmosphere-

Chemistry Coupler (NACC) was the first of its kind 

and was a key element of the next operational 

NAQFC system (NACC-CMAQ), which made GFS-

CMAQ coupling possible.        NACC-CMAQ uses 

data from satellites to improve the attributes of land 

cover and soil.  It also utilises forecasts of smoke and 

dust from wildfires to guess PM2.5 levels during 

dangerous events that might hurt people, ecosystems, 

and society.        The operational NAQFC model 

doesn't do as well at predicting near-surface ozone 

and PM2.5 levels and 72-hour diurnal patterns (3 d) 

as the GFS-driven NACC-CMAQ model does. 

• LSTMs excel in modeling sequential data, 

such as time series (important for air quality, 

which often shows clear temporal patterns). 

• CNNs can capture spatial features, like 

geographical influences on pollution, in 

cases where multiple monitoring stations are 

used. 

• Combining the two might also handle the 

noisy and complex nature of real-world air 

quality data. 

2.5 “Multivariate regression analysis of air quality 

index for Hyderabad city: Forecasting model with 

hourly frequency: 

Multivariate regression analysis of air quality index 

for Hyderabad city: Forecasting model with hourly 

https://ieeexplore.ieee.org/document/8907358
https://ieeexplore.ieee.org/document/8907358
https://ieeexplore.ieee.org/document/8907358
https://www.allresearchjournal.com/archives/?year=2017&vol=3&issue=8&part=G&ArticleId=4280
https://www.allresearchjournal.com/archives/?year=2017&vol=3&issue=8&part=G&ArticleId=4280
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frequency (allresearchjournal.com) 

This article talks about the air quality index (AQI) for 

the city of Hyderabad in India.     The primary AQI 

factors include benzene, toluene, xylene, PM2.5, 

ambient temperature, relative humidity, bar pressure, 

solar radiation, wind speed, wind direction, NO, 

NO2, NOx, SO2, and rack temperature.     An Air 

Quality Index (AQI) is used in a multivariate 

regression model to quantify and show the air quality 

in Hyderabad.     This model might assist predict air 

quality indices in big cities where there is a lot of 

industrial, commercial, and residential activity in the 

short and long term.  

    To make the index more useful, air quality is 

divided into five groups: Clean, Moderate, Poor, Bad, 

and Dangerous.     Long-term air quality indices are 

made using hourly data from Hyderabad, a large 

Indian city with a climate that is changing quickly.     

This official research includes air quality models that 

look at emissions to ambient concentrations, 

atmospheric processes, ambient measurements, 

emissions characterisation, and how humans and 

ecosystems respond to being exposed to ambient 

contaminants.     New management strategies based 

on standards and criteria are needed to make people 

more responsible for improving air quality and 

cutting down on emissions.     Being responsible 

would include setting goals for lowering the risk of 

contamination. 

3. METHODOLOGY 

a) Proposed Work: 

The suggested system's goal is to use reputable data 

sources, including the official datasets from the Delhi 

Government, to estimate levels of air pollution.  The 

first step of the project is to do an exploratory data 

analysis, which means finding outliers, checking for 

consistency, and dealing with missing results.  To 

deal with missing data, we fill in the average (mean) 

values for each characteristic.  This makes sure that 

the dataset is comprehensive and correct for training 

and testing the machine learning models. 

 The system uses Linear Regression and Stepwise 

Multiple Linear Regression to make predictions.  

These algorithms assist predict the Air Quality Index 

(AQI) by looking at different locations and times and 

using the features that are available.  We check the 

model's correctness with measures like the Root 

Mean Squared Error (RMSE) and the Mean Absolute 

Percentage Error (MAPE).  The technology can help 

with real-time pollution monitoring and forecasting 

by properly estimating the levels of pollutants like 

PM2.5. This will help people make better choices for 

public health and environmental safety. 

b) System Architecture: 

 

Fig 1 Proposed Architecture 

https://www.allresearchjournal.com/archives/?year=2017&vol=3&issue=8&part=G&ArticleId=4280
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There are four primary parts to the system 

architecture: collecting data, preparing data, training 

and predicting models, and the user interface.  To 

start, data on air pollution is gathered from reliable 

government sources. This data includes things like 

PM2.5, NOx, SO₂, temperature, and humidity.  This 

data goes through preparation, which involves 

cleaning it, dealing with missing values by utilising 

mean imputation, and normalising the dataset.  After 

cleaning, the data is used to train machine learning 

models, especially Linear Regression and Stepwise 

Multiple Linear Regression, to guess what the future 

air quality index (AQI) values will be.  Finally, a 

simple Android app shows users the projected 

findings, including real-time AQI values and hourly 

pollution projections, so that people may be aware of 

and take action on them. 

 c) Modules: 

1. User Interaction 

This module gives end users important features 

including registration, logging in, and managing their 

profiles.  Users may enter certain information about 

the weather and get forecasts about the kind and 

amount of air pollution.  This is the system's entry 

point, which makes sure that users can easily utilise 

the prediction interface and keep their accounts safe. 

2. Service Provider Functionality 

The service provider module takes care of the 

system's analytical backbone and administrative 

operations.  Once they have logged in, service 

providers may upload and train datasets for air 

pollution analysis, keep an eye on the results of 

training and testing, and get to the expected output 

data.  They can also figure out and compare 

prediction ratios and download training datasets to 

use later.  This module also lets the provider see 

information about all remote users who are using the 

system, which helps in keeping the system running 

smoothly and updating the model. 

3. Web Server 

The web server is the main processor of the system.  

It is in charge of handling and sending all requests 

and data between users, service providers, and the 

database.  It takes care of session restrictions, handles 

prediction requests, and makes sure that data is safely 

saved or retrieved from the online database.  The 

server's main job is to make sure that information 

flows smoothly across the system. 

4. Web Database 

The web database is where the whole program stores 

and retrieves data.  It has datasets, user profiles, 

outputs from trained models, and outcomes from 

predictions.  It makes sure that you can obtain the 

data you need in real time by making it easier for the 

web server to run queries.  This module is very 

important for keeping the data needed for prediction, 

reporting, and historical analysis safe and accessible. 

e) Algorithms: 

1. Linear Regression 

• Used to predict the Air Quality Index (AQI) 

based on multiple environmental input 

features like PM2.5, NOx, temperature, and 

humidity. 

• It identifies the linear relationship between 

input features and the output (AQI) to make 

accurate predictions. 
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2. Stepwise Multiple Linear Regression 

• An extension of linear regression that selects 

the most relevant input features step-by-step 

by adding or removing variables based on 

statistical significance. 

• Helps in improving model accuracy by 

eliminating less significant or redundant 

features. 

3. Mean Imputation (for Preprocessing) 

• A simple statistical technique used to handle 

missing values in the dataset. 

• It replaces missing values with the mean of 

the respective feature to maintain data 

consistency. 

4. EXPERIMENTAL RESULTS 

The experimental findings show that the machine 

learning models that were used were able to properly 

estimate levels of air pollution.  We trained and 

evaluated the system with Linear Regression and 

Stepwise Multiple Linear Regression algorithms 

using historical data from trustworthy sources.  The 

model's performance was measured using measures 

like Root Mean Squared Error (RMSE) and Mean 

Absolute Percentage Error (MAPE). These indicated 

low error rates, which means the predictions were 

quite accurate.  The Android interface showed both 

current and predicted AQI levels, giving consumers 

real-time information.  These results show that the 

model may be trusted to work in real-life situations 

when air quality has to be checked. 

Accuracy: How well a test can differentiate between 

healthy and sick individuals is a good indicator of its 

reliability. Compare the number of true positives and 

negatives to get the reliability of the test. Following 

mathematical: 

Accuracy = TP + TN /(TP + TN + FP + FN) 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
(𝑇𝑁 + 𝑇𝑃)

𝑇
 

Precision: The accuracy rate of a classification or 

number of positive cases is known as precision. The 

formula is used to calculate precision: 

Precision = TP/(TP + FP) 

 

Recall: The ability of a model to identify all pertinent 

instances of a class is assessed by machine learning 

recall. The completeness of a model in capturing 

instances of a class is demonstrated by comparing the 

total number of positive observations with the 

number of precisely predicted ones. 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

(𝐹𝑁 + 𝑇𝑃)
 

F1-Score: A high F1 score indicates that a machine 

learning model is accurate. Improving model 

accuracy by integrating recall and precision. How 

often a model gets a dataset prediction right is 

measured by the accuracy statistic. 

Precision = True positives/ (True positives + False 

positives) = TP/(TP + FP) 

Pr 𝑒 𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

(𝑇𝑃 + 𝐹𝑃)
 

mAP: Assessing the level of quality Precision on 

Average (MAP). The position on the list and the 
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number of pertinent recommendations are taken into 

account. The Mean Absolute Precision (MAP) at K is 

the sum of all users' or enquiries' Average Precision 

(AP) at K.  

 

 

Fig 3 REMOTE USER 

 

Fig 4.  SERVICE PROVIDER 

 

Fig 5 POLLUTION DETAILS 

 

Fig 6 USER DETAILS 

5. CONCLUSION 

The suggested approach uses machine learning 

methods like Linear Regression and Stepwise 

Multiple Linear Regression to make accurate 

predictions about levels of air pollution.  The 

technology helps increase awareness and promotes 

proactive steps for public health by analysing 

environmental data and accurately predicting AQI 

levels.  Adding a user-friendly Android app makes it 

possible to get pollution data in real time, which 

makes the system useful and easy to use in cities 

every day. 

6. FUTURE SCOPE 

In the future, the system might be made better by 

adding more powerful machine learning models, such 

as Random Forest, XGBoost, or deep learning 
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networks, to make predictions more accurate.  You 

may use real-time data from IoT-based air quality 

monitors to keep an eye on things that change.  The 

app may be expanded to include new locations and 

contaminants. It can also send pollution alarms, 

provide health recommendations, and show data in 

charts.  Adding satellite data and weather forecasts 

can also make the predictions more complete and 

precise to a certain area. 
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