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Abstract

Air pollution is a mounting global concern due to its adverse effects on human
well-being and the environment. Despite the substantial attention given to air pollution
as a significant environmental issue, there is a research gap in terms of comprehensive
measurements of pollutant concentrations, including CO, NO2, SO2, O3, PM2.5 and
PM10. This gap limits the ability to accurately predict air pollution in advance, making
it challenging for individuals to manage their health and for governments to make
informed policies.

This thesis introduces intelligent air quality monitoring system that synergizes
Internet of Things (IoT) technology with Multilayer Perceptron (MLP) deep learning
models to forecast air pollution levels. This system built by using min-max normalized
and rectifies missing values in preprocessing, employing the Pearson correlation
coefficient, a judicious selection of the most influential features, including pm2.5,
Pm10, NOx, NO2, NO, 03, and CO2, is undertaken. In the classification stage, this
model prefers to choose adam optimizer that considers more suitable in deep learning.
ReLU and softmax as activation functions. cross-entropy as loss function, two datasets
have been implemented to evaluate the suggested model, the standard Central
Pollution Control Board (CPCB) dataset and India air quality station dataset. Integral
to the system's operation are IoT components such as sensors and Arduino devices,
instrumental in real-time collection of air quality data. This data undergoes processing
before being fed into the MLP model, which has been meticulously trained on the
CPCB dataset, thereby engendering precise air pollution predictions.

The consequences of the proposed work have shown encouraging results in
terms of high accuracy. The accuracy of CPCB dataset reaches 99.115%. Moreover,
upon validation with a distinct dataset from India's Air Quality Stations, the model
maintains a commendable performance rate of 97.47%. This cross-validation
underscores the model's robustness and its potential applicability across varied

geographical contexts.
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Chapter One
General Introduction

1.1 Overview

In recent times, air pollution has emerged as a significant source of concern
due to its detrimental effects on human health and the environment. The rise in
air pollution is primarily attributed to increased industrialization, urbanization,
and vehicle emissions, posing significant threats to public well-being and overall
quality of life. Consequently, the development of dependable and efficient air
pollution forecasting systems is crucial to mitigate these adverse effects. Early
and precise forecasting of pollution levels plays a pivotal role in minimizing the
negative impacts of air pollution [1]. The availability of such forecast systems
enables policymakers, urban planners, and citizens to make informed decisions
and take proactive measures to minimize their exposure to polluted air. The key
air pollutants include Pb, CO, NO2, 03, SO2, particulate matter with a diameter
of 10 micrometers or less (PM10), and particulate matter with a diameter of 2.5
micrometers or less (PM2.5). However, according to the European Environment
Agency (EEA) report, most air pollution-related deaths are primarily attributed

to contaminants such as PM, NO2, and ozone [2].

loT has become a significant technology that has the potential to
revolutionize various industries, including environmental management and
monitoring. By connecting physical devices, sensors, and data networks, 10T
enables the collection, analysis, and real-time transmsission of data. This presents
an opportunity for more proactive decision-making based on data-driven insights
[3]. 10T offers a unique opportunity to enhance monitoring capabilities and
prediction models, ultimately leading to a reduction in the adverse impacts of air
pollution on public health [4].
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Deep learning, a field within artificial intelligence, offers powerful tools for
analyzing large datasets, identifying patterns, and making accurate predictions.
Environmental sciences have recently make benefits from the application of
machine learning techniques. By leveraging historical data on air pollution,
meteorological data, and other relevant factors, machine learning algorithms can
uncover complex relationships and provide valuable insights into patterns and
trends inair pollution. This forecasting capability empowers authorities, decision-
makers, and individuals to take measures in mitigating air pollution and
protecting public health [5].

1.2 The Related Works

In recent years, numerous researchers have focused on using deep learning

techniques to predict air pollution. This section of the thesis provides a summary

of some relevant studies conducted in this domain.

In (Zhang et al. 2018) The Wavelet neural network was introduced as a
dependable method for predicting the levels of air pollutants. Two groups of
climatic factors, namely temperature, and humidity, along with significant air
pollutants such as O3, CO, NO2, SO2, PM10, and PM2.5, were considered
influential variables. The findings from the experiment indicate that the detection
outcomes based on the Wavelet neural network are more accurate and precise,

and the network possesses a strong capability for self-learning [6].

In (X. Zhao et al. 2018) A highly accurate prediction model is developed
using Recurrent Neural Network (RNN), a deep learning technique. The model
Is trained on a dataset comprising six features, namely Pm2.5, pm10, CO, NO2,
S02, and O3. When compared to alternative machine learning approaches such
as support vector machines and random forests, the RNN model outperforms

them, yielding the most favorable results [7].
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(Srivastava et al. 2018), In their study, the authors made predictions on the
Air Quality Index (AQI) for important pollutants such as PM2.5, PM10, CO,
NO2, SO2, and O3. They employed several techniques including Gradient
Boosting, Linear Regression, SDG Regression, Random Forest Regression,
Decision Tree Regression, Support Vector Regression, Artificial Neural
Networks, and Adaptive Boosting Regression. The performance of these methods
was evaluated using Mean Squared Error (MSE) and Mean Absolute Error
(MAE). The findings indicate that Support Vector Regression and Artificial
Neural Networks outperformed the other models in forecasting air quality in New
Delhi. These models achieved higher accuracy and lower error rates compared to
the rest[8].

In (Tsai et al. 2018), The authors introduced a technique for predicting
PM2.5 levels by utilizing a combination of Recurrent Neural Networks (RNN)
and Long Short-Term Memory (LSTM). They obtained the training data for the
network from the Taiwan Environmental Protection Agency (EPA) spanning the
years 2012 to 2016. The findings demonstrated that the proposed method

effectively predicts PM2.5 concentrations with high accuracy[9].

In (Akhtar et al. 2018) Air quality is predicted by a multilayer perceptron
algorithm, which is a multilayer perceptron with two hidden layers and a sigmoid
activation function, Naive Bayes algorithm, and Support Vector Machine
algorithm. Results are then compared for different algorithms, which show MLP

as the best with an overall accuracy of 98%[10].

In (Gnana Soundari et al. 2019) the authors developed a model to predict the
air quality index based on historical data by utilizing a Gradient decent boosted
multivariable regression using India air quality station dataset. The model has
96% accuracy on predicting the current available dataset on predicting the air

quality index of whole India [11].
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(Maleki et al. 2019) comparing different techniques for predicting PM2.5
and PM10 levels. Based on their evaluation, the autoregressive nonlinear neural
network method was determined to be the most precise approach among the
tested techniques, outperforming RSVM, GWR, and ANN [12].

(Wang et al. 2019), the authors of the study developed an optimized neural
network by utilizing backpropagation and genetic algorithms to enhance its
performance. They proposed an improved neural network structure and assessed
its effectiveness in predicting PM2.5 mass concentration. The findings of the
study demonstrate that the genetic algorithm-optimized neural network achieves
superior prediction accuracy and reduces error rates in comparison to previous
models [13].

(Mahalingam et al. 2019) In this research work, a Machine Learning model
for Air Quality Index prediction for smart cities is proposed. The model is tested
with the Delhi Air Quality data By using the Neural Networks (with one hidden
layer and sigmoid function) and SVM, AQI is predicted successfully with 91.62%
of accuracy for Neural Networks and 97.3% for Support Vector Machines[14].

(lvanova and Elenkov 2019), the authors of the study developed an
optimized neural network by utilizing backpropagation and genetic algorithms to
enhance its performance. They proposed an improved neural network structure
and assessed its effectiveness in predicting PM2.5 mass concentration. The
findings of the study demonstrate that the genetic algorithm-optimized neural
network achieves superior prediction accuracy and reduces error rates in

comparison to previous models [4].

In (Aljanabi et al. 2020), A predictive model was developed to forecast
0zone concentration by incorporating seasonal and meteorological factors such
as ozone levels, humidity, and temperature. The researchers utilized the forward

feature wrapper selection method to select the most relevant features, which

5
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helped reduce the prediction time. To evaluate the performance of different
algorithms, namely multi-layer perceptron (MLP), support vector regression
(SVR), decision tree, and extreme gradient boosting (XGBoost), the researchers
compared their results. The MLP algorithm demonstrated superior predictive
performance with a mean absolute error (MAE) value of 4.717 compared to the

other algorithms [15].

(Hamami et al. 2020) performed a classification system for air pollution
levels using 10T data. The data included measurements of various pollutants such
as PM2.5, PM10, CO, SO2, and O3. The research employed neural network
methods to classify the data into three air pollution levels. The neural network
architecture consisted of multiple hidden layers and neurons. By training the
neural network model, the researchers achieved a high accuracy rate of up to
96.61%. This indicates that the proposed neural network approach was successful

in accurately classifying air pollution levels based on the provided IoT data [16].

In (Shwet Ketu et al. 2021) the authors introduced a technique for predicting
Air quality performed on sensor-based Indian Central Pollution Control Board
(CPCB) dataset. The proposed algorithm with accuracy of Multi-Layer
Perceptron (95.71%), NB (80.87%), and SVM (96.92). [17]

(Kumar et al. 2022) conducted a study on AQI prediction for India,
employing SVM and XGBoost models. They utilized the CPCB dataset and it
was properly preprocessed, and important features were identified through
correlation analysis. The evaluation of the models revealed that the XGBoost
model achieved the highest accuracy among the two models with an accuracy of

96%, indicating its effectiveness in predicting air quality in this context [18].
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Authors

Table 1-1 : A compilation of recent related works

Applied

Algorithm

Features

Dataset

Results
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1 (Zhang et Wavelet 03, CO, data is collected from Accuracy:
al., 2018) neural NO2, PM10 | the air quality sensor 98.92%
[6] network and PM2.5 network monitor
(XHAQSN-808) located
on the campus of the
Beijing
(Zhao et al., | Recurrent Pm2.5, pm10, | the air quality data is Accuracy:
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[7]. Network S02, 03 database
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1.3 The Problem Statement
Despite the substantial attention given to air pollution as a significant

environmental issue, there is a research gap in terms of comprehensive
measurements of pollutant concentrations, including CO, NO2, SO2, O3, PM2.5
and PM10. This gap limits the ability to accurately predict air pollution in
advance, making it challenging for individuals to manage their health and for
governments to make informed policies. Additionally, there is a need to develop
a more precise monitoring system that uses I0T technology to improve air quality
predictions in specific regions of Irag.
1.4 Aim of the thesis

The aim of this thesis is to develop an advanced air pollution prediction
system that harnesses the power of deep learning techniques within loT
environment. The system will be designed to enhance air quality monitoring and
prediction, with the primary objective of improving air quality and accurately
forecasting pollution levels. By leveraging comprehensive measurements of
pollutant concentrations, including CO, NO2, SO2, O3, PM2.5 and PM10, the
developed system will provide robust and precise predictions. Through this
research, the thesis aims to make significant contributions to the field of air
quality management by utilizing deep learning algorithms in an 10T framework,
ultimately contributing to the mitigation of adverse effects caused by air
pollution.

1.5 The Thesis Objectives
The Objectives of this thesis can be divided into the following:

a. Develop an integrated system that combines deep learning using
Multilayer Perceptron (MLP) and Internet of Things (IoT) technologies to
create an advanced air quality monitoring system.

b. Utilize the Central Pollution Control Board (CPCB) dataset as a valuable
source of historical air quality data to enhance the accuracy and reliability

9
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of the proposed system, ensuring comprehensive coverage of pollutant
concentrations.

c. Enhance air quality modeling and prediction by leveraging the power of
MLP in identifying complex relationships and patterns between pollutant
concentrations, enabling the system to generate reliable decisions and
predictions.

d. Implement real-time data collection capabilities from diverse I0T devices,
including air quality sensors.

e. Evaluate and validate the performance of the developed system by
comparing the predicted air pollution levels with actual measurements,
assessing its effectiveness in accurately forecasting pollution levels and

supporting air quality management decisions.

1.6 The Outlines
This thesis contains five chapters organized as follows:

Chapter Two: The Theoretical Background

The chapter provides a thorough explanation of the concept of the system
and its various types. It then delves into the techniques of machine learning and
deep learning that are utilized to construct the model. The chapter concludes by

referring to the performance metrics and drawing conclusions based on them.
Chapter Three: The Proposed System Design

In this chapter, the proposed system details have been mentioned, for
include, the proposed system explains the main steps of designing a modern

prediction model for air pollution using a deep neural.
Chapter Four: The Results Discussion and Analysis

This section presents the discoveries and offers an assessment of the

methodology employed in the system.
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Chapter Five: The Conclusions and Suggested Future Works.
The conclusion of the findings was reported in this chapter. It also included

a description of future works.
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Chapter Two
The Theoretical Background
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Chapter Two
The Theoretical Background

2.1 Introduction

This chapter reviews the preliminary concepts of air pollution and the main
pollutants that affects the air. The role of machine learning and neural network
techniques in building the system will be surveyed by describing each technique's
benefits and determining the best to use.
2.2 The Air pollution

Air pollution is a global environmental issue that has significant impacts
on human health, ecosystems, and the overall quality of life. It refers to the
contamination of the Earth's atmosphere by harmful substances, both natural and
human-made, that can cause adverse effects when present in excessive amounts.
Air pollution is a complex problem that arises from various sources and can take

different forms, including gases, particulate matter, and volatile compounds[19].

Breathing in polluted air can lead to a range of health problems, from
respiratory issues like asthma and bronchitis to more severe conditions like heart
disease and even lung cancer. It's particularly harmful to vulnerable groups like
children and the elderly. Beyond its impact on human health, air pollution also
harms ecosystems and wildlife. It can damage crops, forests, and bodies of water,

disrupting delicate ecosystems and affecting biodiversity [20].

Given the increasing global death toll caused by air pollution, it is
imperative that governments, universities, individuals, and anyone capable of
contributing take collective responsibility to combat this issue. Together, they
must actively work towards reducing pollution levels and preventing the rapid
proliferation of harmful substances. The idea of globalization has introduced
fresh perspectives to the world. Today, the world is like a shared dwelling for
humanity, where both positive and negative actions impact everyone. As a result,

we must come together and develop collective strategies to address these global
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challenges. Unity and cooperation are necessary to ensure mutual benefits and

minimize losses in the face of these universal issues [21].

Air pollution is caused by various chemical elements, and the specific
sources of pollution can differ between regions and countries. To effectively
combat air pollution, it is important to address these elements individually, taking
Into account their specific properties and characteristics. The following provides
a brief overview of these elements [22].

Sources of Emissions of
Air Pollutants

B Industry (52%)
[ ] Other  (2%)
|| Agriculture (10%)

[ Commercial & Residential
Heating (1%)

Consumer and Commercial Products (8§%)

I Transportation (27%)

Figure 2.1: Air pollution contribution percentages [23]

2.2.1 The Air pollutants

An air pollutant refers to a substance present in the air or atmosphere that
can cause detrimental effects on human health and disrupt the ecosystem. They
exist in different forms, including gases, particles, and aerosols. Some common
air pollutants include particulate matter (tiny particles), ground-level ozone (a
component of smog), nitrogen dioxide (a reddish-brown gas), sulfur dioxide
(from Dburning fossil fuels), carbon monoxide (produced by incomplete
combustion), volatile organic compounds (emitted from various sources), heavy
metals (toxic elements like lead and mercury), and ammonia (released from
agricultural and industrial activities). [24]. These pollutants can have negative
effects on human health, causing respiratory problems, cardiovascular issues, and
other health risks. They also harm the environment, contributing to acid rain,

damaging ecosystems, and affecting wildlife. Addressing air pollution is
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important for maintaining clean air and a healthy environment [25]. The pollutant

can be categorized as primary and secondary pollutants.

1.3%

® Sulphurdioxide (S02)

@ Oxides of Nitrogen (NOx)

® Volatile organic compounds (VOCs)
Carbon monoxide (CO)

@ Total particulate matter (TPM)

Figure 2.2: Most common pollutants [5]
A. Primary pollutants
Primary pollutants are substances released directly into the atmosphere as

a result of human activities or natural processes. These pollutants are typically

emitted in their original form and can have harmful effects on the environment

and human health. They play a significant role in air pollution and contribute to

the formation of secondary pollutants [26].

1. Carbon monoxide (CO2): This particular pollutant is one of the most notable
pollutants compared to others that are being rapidly generated due to various
factors, and it poses a greater level of harm. Carbon dioxide, which is naturally
present in excessive amounts in the atmosphere and necessary for plant life, is
now at approximately 410 parts per million (ppm) in the Earth's atmosphere,
whereas it was at 280 ppm during pre-industrial times. It is estimated that
billions of metric tons of CO2 are emitted each year as a result of burning
fossil fuels [27].

2. Sulfur dioxide (SO2): This pollutant and the most popular form of it which
is SO2 is likely produced in many industrial processes by volcanoes. It is
found in coal and petroleum. Therefore, using these fuels, especially for the

power system is much of environmental concern [28].
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3. Carbon monoxide (CO): This pollutant is a colorless, odorless toxic gas. The
production and spreading of carbon monoxide are from the combustion of
natural gas, coal, or wood. Although, the exhaust of vehicles produces a lot of
carbon monoxide into the atmosphere [28].

4. Particulates Matter (PM): PM is a significant air pollutant and can originate
from both natural and anthropogenic sources. Natural sources include dust,
pollen, and volcanic eruptions, while anthropogenic sources include industrial
emissions, vehicle exhaust, and burning of fossil fuels. The size of PM is often
categorized into different fractions. The most commonly measured fractions
are PM10, PM2.5, and PM1. These refer to particles with diameters of 10
micrometers or less, 2.5 micrometers or less, and 1 micrometer or less,
respectively. The smaller the particle size, the longer it can remain suspended
in the air and potentially cause adverse health effects when inhaled [29]. PM
pollution has been linked to various health problems, including respiratory,
cardiovascular diseases, and premature death. Monitoring and controlling PM
levels in the air is crucial for protecting human health and maintaining air
quality standards [30].

5. Nitrogen dioxide (NO2): is a reddish-brown gas with a pungent odor. It is
formed when nitrogen oxide (NO) reacts with oxygen in the atmosphere. NO2
Is a significant air pollutant and a key component of smog. It contributes to
the formation of ground-level ozone and can have harmful effects on human
health and the environment [31].

6. Ammonia (NH3): Released from agricultural activities and industrial

processes [31].

B. Secondary pollutants
These pollutants are formed in the air as the consequence of primary
pollutants reacting or we can say interacting. These pollutants are not released

directly. For saying, ground-level ozone is one of these pollutants. Not to be
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forgotten some of the pollutants can fit into both primary and secondary
categories [32]. Secondary pollutants are divided into three categories.
Ground-level ozone (O3) shaped from NOx and VOCs. Ozone (0O3) is a
key constituent of the troposphere. It is additionally an essential constituent of
specific areas of the stratosphere generally known as the Ozone layer [33].
Nitrogen oxide or NOx is a family of poisonous, highly reactive gases that
form when fuel is burned at high temperatures. It is brown in color and emits from
vehicles as well as industrial sources such as power plants, industrial boilers,
cement kilns, and turbines. Nitrogen oxides have problematic chemical reactions
in the atmosphere with volatile organic compounds. These reactions produce
smog on hot summer days [34].
Acid Deposition It is a type of precipitation — rain, snow, sleet, hail, or fog
— that has a lower pH (and is, therefore, more acidic) than normal. This higher
acidity causes problems in ecosystems and the environment and remains one of
the major environmental concerns. Acid rain forms when water in the air
combines with nitrogen oxides and sulfur dioxide (two types of pollutants) and
then falls down the surface of the Earth. It has many damaging effects on
vegetation, lakes, fish, buildings, and other structures. It also causes respiratory
diseases in humans, especially those that have bad health [35].
2.2.2 Air Pollution Sources
Air pollution arises from various sources, both natural and human-made, that
release pollutants into the atmosphere. These pollutants can have adverse effects
on air quality, human health, and the environment. Understanding the sources of
air pollution is crucial for developing effective strategies to mitigate its impact
[36].
A. Human-made sources:
« Stationary sources such as fossil fuel power, factories, waste incinerators,
wood, crop waste, and dung.
» Mobile sources like vehicles, marines, and aircraft.
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« Controlled Burn in agriculture
» Fumes taken from varnish, aerosol sprays, paint, hairspray, etc.
« Waste deposition in landfills, consequences to methane.
« germ warfare, rocketry, nuclear weapons, and toxic gases which are used
in the Military.
 Fertilized farmland which produces NOx
B. Natural Sources:
» Dust from natural earth sources
» Methane, which is from animals’ food and sewage processing plants
« Radon gas, coming from radioactive decay
« CO and Smoke from wildfires
» Vegetation
2.3 Data Preprocessing
Data preprocessing considers the general first step in data mining processes
handling missing data, normalizing data to decrease the complexity of the
process, discovering the smoothen relationships between attributes, reducing
outliers' values, and selecting the most important or extracting features [37].
The section 2.3.1 will explain preprocessing techniques for data mining.

These techniques will be explained in sequence. The first techniques is data

cleaning to handling the missing value. The next is handling big values to small

values by using normalized techniques, determine the benefit of those
transformations, and identify the used methods in this thesis.

2.3.1 Data cleaning

Data in the real world is incomplete (contains missing values), noisy (has
an error or outrange values) and inconsistency (has asymmetric data for the same
attributes), etc. described as follows:

1- Incomplete: These are the attributes that contain null values or missing
values. For example, data of service’ types were null. In this thesis, the used
dataset contains missing data. Deal with it by filling it in estimated data.

18



The Theoretical Background Chapter Two

2-

3-

Noisy: when the dataset contains invalid values or outliers, data will be
considered a noisy dataset. For example, age =256.

Inconsistent: the inconsistency of data correctly in some features of the
dataset that may contain contradictory data, whether names, numbers, or
otherwise. For example, Birthday="16/10/1994" in the 2020 year has Age=
“41” [37].

2.3.2 Normalization process

Usually, a dataset's original attributes are Not very appropriate to get

accurate predictive models of deep learning. And the big numerical values have

negatively affected the time of mathematical operations and complicated the

implementation process. Therefore, we implement a Normalization method on

the original dataset to generate a new set of values with desired properties to help

the model's predictive power [37]. The common normalized methods will explain

in the following:

1-

2-

Z-Score normalization: (also known as a standard score) provides an
estimation of how far a data point is from the mean. Although more
practically, it's a calculation of how many standard deviations indicate a raw
score is below or above the population [38].

Min—-Max Normalization: (range transformation) is one of the most common
ways to normalize data. It is a simple technique to fit the data in a pre-defined
boundary with a pre-defined boundary. To use a Min-max normalization, it
must first detect the new min value and the new max value and define the old

min and max values [38]. The formula for Min-max normalization is below:

X—x min
x scaled = ————— ... (2.1)
Xmax —x min

Where, x scaled= the result of min-max normalization, x min = old

minimum value, max, = old maximum value.
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2.3.3 Feature Selection-based Parson Correlation Coefficient

The Pearson Correlation Coefficient, often denoted as "r," is a statistical

measure that quantifies the strength and direction of the linear relationship

between two continuous variables. It assesses how well the relationship

between these variables can be described by a straight line. The value of the

Pearson correlation coefficient ranges from -1 to 1:

1.

If "r" is close to 1, it indicates a strong positive linear correlation,
meaning that as one variable increases, the other tends to increase as
well.

If "r" is close to -1, it indicates a strong negative linear correlation,
meaning that as one variable increases, the other tends to decrease.

If "r" is close to O, it suggests a weak or no linear correlation, meaning
that there is little to no relationship between the variables.

The formula for calculating the Pearson correlation coefficient between

two variables X and Y with n data points is:

R — Z(xi—x)—(y—y) (22)

,/Z(Xi—f)z Ti-y)?

Where:

r is the Pearson correlation coefficient.

x; and y; are the data points for variables X and Y, respectively.

x; ~and x;” are the means (averages) of the X and Y data, respectively.

2.4  Air Pollutions Prediction Techniques
Air pollution prediction techniques involve the use of various models and

algorithms to estimate the levels of pollutants in the air. These techniques rely on

data from monitoring stations, satellite imagery, and other sources to make

predictions about future air pollution levels [39]. Here are some commonly used

air pollution prediction techniques:
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2.4.1 Machine Learning

Machine learning is a first-class ticket to the most thrilling career in data
prediction and analysis. It is an idea to learn from examples and specifications or
experience data without being frankly programmed, without writing any code.
We build a logic depending on the data given and we feed it into that genic
algorithm[40]. Machine learning also can be referred to as the alteration in
network systems that implement tasks related to and linked with artificial
intelligence systems. Some of are recognition, diagnosis, prediction planning, and
robot control system. We can say that machine learning is training the computer
for sure with different algorithms to test the machine in automatic intelligent data
processing [41].

For example, in one kind of classification algorithm, can put the data in
different groups. it can detect the handwriting of the alphabet, or identify faces in
the image for example. machine learning is a field raised from artificial
intelligence (Al). It seeks to build better smart and intelligent machines. And the
only way to achieve this task is to let the machine learns from its environ and this
sound similar to a little child learning from himself in human childhood. Machine
learning developed as a new ability. Now, machine learning exists in many
divisions of technology that we didn’t even realize while we are using it. Machine
learning is correlating with the study of the algorithms to increase the
effectiveness of the machine spontaneously through testing and training of that
machine using the algorithm with different data. ML improves and evolves rules
that help machine learning to process similar conditions ever relation
efficaciously in the hybrid model. Understanding input variables, and how it's
moving into vectors is such an important thing [42].

It is necessary to predict the air quality accurately. Various traditional
methods are there to measure it but results are not accurate and it involves a lot
of mathematical calculations. Machine Learning a subset of Artificial Intelligence
has an important role in predicting air quality. Various researches are being done

21



The Theoretical Background Chapter Two

on measuring Air quality Index by using Machine Learning algorithms such as
decision tree and random forest. So, to control Air Pollution first necessary step
Is to measure accurately the Air Index Quality. Machine Learning algorithms
plays an important role in measuring air quality index accurately [28].
2.4.2 Neural Network and Deep Learning Techniques

Neural networks are a form of computational network (a collection of
nodes and their connections) inspired by biological neural networks, which are
the dynamic networks of neurons found in human brain. Artificial neurons are
nodes formed in neural networks that are supposedly designed to function like
real neurons. The artificial neural network is the simplest and most popular kind
of neural network. The network of nodes (artificial neurons) that make up the
neural network (or artificial neural network) is shown in Figure 2.3 with the

biological neuron [43].

Biological Neuron Artificial Neuron

|
® 000

Figure 2.3:Biological Neuron and Artificial Neuron [43]

The artificial neural network structure consisted of several layers, and each
layer consisted of several nodes (artificial neurons). The initial weights (which
reflect the interconnection between these nodes) and bias are not strong enough
for decision-making (classification, etc.). It's similar to the brain of a newborn.
To be a successful decision-maker, a kid learns about his previous experience.
The experiences (labeled data) assist the brain's neural network in tuning the
(neural) weights and biases. The artificial neural network follows a similar route.

To build a strong classifier, the weights are fine-tuned iteratively. Since manually
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tuning and obtaining the right weights for thousands of neurons is time-
consuming, we use algorithms to accomplish these tasks[43].

A Neural Network is constructed from three layers: An input layer, hidden
layers, and an output layer. The input layer represents initializing input data. In
the model training phase, the input data is represented by the dataset of the
previous experience. In the evaluation phase, the input data is represented by the
testing data or new unlabeled data. The Hidden layers represent the intermediate
layer between the input and output layer and the place where all the computation
(i.e., feature extraction and classification) is executed. At last, the Output layer
produces the results for given data inputs [43]. Figure 2.4 shows the layers of the
Neural Network.

Input layer hidden layer output layer

—

-— Backpropagatiun—

Figure 2.4: neural network [43]

A neural network has two propagations: Feed Forward Propagation and
Back Propagation. Feed Forward Propagation represents the Forwarding from the
input layer to the hidden layers and then to the output layers. This Forwarding
aims to calculate output results from input data (predict results) by using a

perceptron classifier, as shown in Equation (2.2):
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n
y=le-wi+b eenn. (2.3)
i=1

Where n the number of neurons in the current layer, x represents the data
of neurons, w represents the weights, and b is the bias. The results will then be
inserted into Activation Functions (more details will explain in the following
subsection). Back Propagation reverse Feed Forward Propagation, its propagation
from the output layer to the input layer. The main aim of Back Propagation is
learning the model by modification weights and bias. This modification is done
by using optimizer and loss function methods (more details will explain in the
following subsection) [44][45].

A. Activation Functions

An activation function is developed from a study of the biological neuron
of the human brain. The neuron becomes active at a certain level, identified as
the activation potential. In most cases, it tries to keep the output in a limited range.
Activation functions are beneficial since they insert nonlinear into neural
networks that enable the neural network models to learn complex operations. The
most popular activation functions are Rectified Linear Unit (ReLU) Function,
Hyperbolic Tangent Function (Tanh), Sigmoid Function, and Softmax Function
[46] As shown in Figure( 2.5).

1. Sigmoid function: is a nonlinear activation function that is used in neural
network feedforward. It is a differentiable real function with an output
range of 0 to 1,[47], and its Equation is:

10 = e~

X represents the input data of the active function.
2. Tanh Function: This is an activation function commonly used with
recurrent neural networks for speech recognition and natural language

processing tasks. The range of its output is -1 to 1[47]. its equation is:
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_e(x) —e(=x)
e(=x;) +e(x)

(x;)

3. ReLU Function: this is a linear activation function. Consider the most
common activation function used with deep learning. It is fast learning and

easy to optimize[47]. it is represented as

x; =0

0 e (2.6)

4. SoftMax Function: is an activation function usually used with an output

Xi
f(x) = max(0, x) {0"

layer of neural networks. Its output Represent as probability distribution
values from a vector of real numbers. The output range of this activation
function is between 0 and 1, and the sum of its output probabilities values
equal 1.[48] The equation:

e(x;)

f(x)=m ......

Figure 2.5: Activation Functions [48]
B. The Loss Functions
The loss function (also known as a cost function) is the method that calculates
the difference between the prediction outputs of a neural network to the actual
values (training label data). There are several methods used for the Loss function.

The most common ones are:
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1. Mean Squared Error Loss (MSE): The sum of the squared differences
between the predicted and actual values, divided by the count of the actual

values, is the regression loss function[49]. It is mathematically expressed as:

E Xi, ri-y")? (2.8)

total= 7

Yi is the actual values, yi ' is the predicted values, and n represents those
values.

2. Mean Absolute Error Loss (MAE): is another method to calculate loss functions
for regression algorithms like MSE that does not square the values of the
differences; instead, it uses the absolute sum of the differences between the
predicted and actual values, divided by the number of the actual values[50]. It
1s mathematically expressed as:

E ot i lyi=yt' (2.9)
n

3. Binary Cross-Entropy: The cross-entropy loss function, also known as log

entropy, is utilized to evaluate the effectiveness of binary classification

models, where the output is a probability value ranging from 0 to 1 [51]. It can

be mathematically defined as follows:

Ewta=—(ylog(yN+(1—y)log(1—y") ...... (2.10)
Where, y is actual value (label) for that class, y’ corresponds to the
predicted value (probability) for that class.
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4. Multi-class Cross-Entropy Loss: The cross-entropy loss function, which is also
known as log entropy loss, is used to evaluate the performance of multi-class
classification models. It quantifies how much the predicted probabilities
deviate from the actual labels. The equation for cross-entropy loss is as

follows:

Euoar = - 2ty log(y ) +(1-7 )log(t-y,) ... (2.11)

Where, M represents the number of classes in the classification problem.
The c denotes a specific class.

yc represents the actual value (label) for that class.

yc' corresponds to the predicted value (probability) for that class.

The summation (X) calculates the sum of the losses for all classes [52].

C. Optimizers

As explained earlier, the loss function calculates the difference between the
predictor results and the actual values. To obtain an ideal model (high accuracy),
this rate of variation must be minimal. The optimizers' main purpose is to
minimize the loss function values by modifying the deep learning algorithm
parameters (weights and biases) by many iterations during Backpropagation to
reach to best values. The initial values of weight and bias suggest zero (or one or
any number). After that, the optimizer will assume whether every parameter will
increase or decrease in the next iteration[53] There are several optimizers in deep
learning. The following subsections will mention some common optimizers:

1- Gradient Descent (GD): is the most common optimizer used with neural
networks. As it is considered the basis of most of the neural network's
optimizers, considering gradient descent as one of the types of optimization
methods, it aims the same as that of the optimizers, which they are minimize

the cost function values, Basic math equation for gradient descent is:
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0'=60—-n— (2.12)

Where 6’ is the new parameter that is optimized, 8 is the old parameter, 7 is the

oL
learning rate, and ab is the gradient descent[54], in the neural network, the

gradient descent equations are:

/ OEtota

we' = we —n(52E) .(2.13)
r aEtaml

bt — bt - r] (a—bt) ...... (214)

Where w is weight, b is bias, dEtotal dw is the gradient of error rate in the loss
function. w' represent the new wight, b’ represent the new bais.
According to the amount of data, gradient descent has three types:

1- Batch gradient descent: uses the whole training data to update weight and bias for
each iteration.

2- Stochastic gradient descent SGD: uses only single records to update parameters
for each iteration.

3- - Mini-batch gradient descent: use a batch of records[55] .

The Figure ( 2.6) represent the loss function with gradient descent.

GD SGD —| Mini-batch GD

Figure 2.6: The loss function with gradient descent types[55]
28



The Theoretical Background Chapter Two

2- Adam Optimizer: this is an optimization algorithm commonly used in machine
learning and deep learning models to update the weights of the neural network
during the training process. It is an extension of the stochastic gradient descent
(SGD) algorithm that incorporates adaptive learning rates. [56], Adam's steps

equations are:

= * Vaw, ... (2.15)

J0F
Stw, = BSaw, + (1 — ) (;—;f“)z ... (2.16)

! aE olta
where Vay,' = BV + (1- f)(Z222 (217)

ow;

Where , Saw: is an exponentially weighted average representation on a diagonal
matrix, and S is the exponential decay rate The same equations are used with bias
[56].The same equations are used with bias.
2.5 The Deep Learning Algorithms

Deep learning is a branch of machine learning that enables computers to
learn from experience and understand the world in terms of a hierarchy of
concepts. Where it is based on artificial neural networks, which are algorithms
generated by the structure and processes of the brain of humans. Wherefore there
is no deep learning without neural networks. In general, deep learning is more

complex and takes more training time than a traditional neural network[57].
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There are several algorithms for deep learning. In the next sub suction explain the

most common Ones:

2.5.1 The Convolutional Neural Networks (CNN)

It is a deep, feed-forward artificial neural network that retains hierarchical
structure in image problems such as object recognition and other computer vision
problems through studying internal feature representations and generalizing
features. The most beneficial aspect of CNNs is reducing the number of
parameters in ANN. In general, A CNN consists of multiple layers: the
convolutional layers, pooling layers, and fully-connected (FC) layers[58].

Fully
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Figure 2.7: Convolutional Neural Network Architecture [58]

2.5.2 The Multilayer Perceptron

The Multilayer Perceptron (MLP) algorithm is a type of artificial neural
network (ANN) that consists of multiple layers of interconnected nodes
(neurons). MLPs are known for their ability to learn complex patterns and
relationships in data. They can handle both numerical and categorical inputs,
making them suitable for a wide range of applications. However, they may be
prone to overfitting if not properly regularized or if the training data is limited.
Regularization techniques, such as dropout or weight decay, can be employed to
mitigate overfitting.

MLPs are a fundamental algorithm in deep learning and have been

successfully applied to various real-world problems, including image
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classification, speech recognition, sentiment analysis, and financial forecasting,

among others[59].

An MLP consists of an input layer, one or more hidden layers, and an output
layer. Each layer is composed of multiple artificial neurons (also called nodes or
units) that perform computations and transformations on the input data. Neurons
in an MLP receive inputs, apply a transformation or activation function to the
inputs, and produce an output. Activation functions introduce non-linearity to the
network, enabling it to learn complex relationships. Common activation functions
used in MLPs include sigmoid, hyperbolic tangent (tanh), and rectified linear unit
(ReLU). Connections between neurons in different layers are assigned weights,
which determine the strength or importance of the connection. Each neuron
typically has a bias term that allows for adjusting the output based on a
predetermined threshold. The training of an MLP involves adjusting the weights
and biases to minimize the difference between predicted outputs and target
outputs. This is typically done using an optimization algorithm, such as gradient
descent, and a technique called backpropagation, which calculates the gradient of
the loss function concerning the weights and biases. The gradients are then used
to update the parameters iteratively. In forward propagation, input data is fed into
the network, and the activations of the neurons are calculated layer by layer until

the output layer produces the final predictions or outputs [60].

Backpropagation is the key algorithm used to train MLPs. It involves
propagating the errors from the output layer back through the network, and
calculating the gradients of the loss function concerning the weights and biases
in each layer. These gradients are then used to update the parameters values in
the opposite direction of the gradient, iteratively improving the network's

performance [61]. Figure 2.11 illustrates the DNN's structure.
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Figure 2.10: Deep neural network architecture

2.6 The Internet of Things
loT refers to a various device, such as smart appliances and sensors, are

interconnected and able to communicate with each other via the Internet. This
network of connected devices finds applications in diverse areas, including
smart cities, smart homes, and more [62]. The idea behind 10T is to create a
seamlessly connected environment where objects can gather and share
information in real-time, leading to improved efficiency, convenience, and
automation in various aspects of our lives. These objects, often referred to as
"smart" devices, can range from household appliances like refrigerators and
thermostats to industrial machinery, healthcare devices, and even entire cities
or infrastructure systems[63]. The key components of an 10T system typically
include sensors or actuators, which collect and transmit data, a network
infrastructure that enables communication between devices, and cloud-based
platforms or applications that process and analyze the collected data.
Additionally, artificial intelligence and machine learning technologies play a
crucial role in extracting valuable insights from the vast amounts of data
generated by 10T devices [64].

l0T has the potential to revolutionize numerous industries and domains.

In healthcare, it can enable remote patient monitoring, smart pill dispensers,
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and personalized healthcare solutions. In agriculture, 10T can optimize
irrigation systems, monitor soil conditions, and enhance crop vyield. In
transportation, it can improve traffic management, enable autonomous
vehicles, and enhance logistics operations. These are just a few examples, as
the possibilities of 10T applications are vast and continue to expand [65].
Overall, the Internet of Things has the potential to transform the way
we live, work, and interact with our environment. It opens up a world of
possibilities for innovation, automation, and efficiency, shaping a future where
everyday objects are interconnected and intelligent, ultimately leading to a

more connected and intelligent world [66].

2.6.1 The loT Architecture
There are many architectures of 10T devices, each of which will be

explained separately:

A. Three-layer architecture
The three-layer of 10T architecture typically begins with the most
fundamental structures [67] as depicted in Figure (2.11). The subsequent
framework embodies the core concept of 10T architecture.

1. Perception layer: This layer includes the sensors, which are believed
to be the physical layer through which the environment may be
perceived or even the devices near it can be detected or recognized
[68].

2. Network Layer: This layer manages the connection between Internet
of Things devices, servers, and network devices. It allows data to be
transported for processing and storage between devices and between
servers and network devices [68].

3. The application layer: This is near to the user since it offers him a
variety of application services such as health care, smart cities, and

other similar services [68].
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Figure 2.2: : Three-layer Internet of Things architecture[67]
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2.6.2 Air quality sensors

air quality sensors play a vital role in improving our understanding of
ambient air quality, which has a direct impact on human health and the
environment. As the awareness of air pollution and its effects on public health
increases, the demand for high-performance and portable online gas sensor

detectors is indeed on the rise [69].

1. MP503: The MP503 is a specific type of gas sensor designed to detect and
measure concentrations of various gases in the air. It is based on the Metal
Oxide Semiconductor (MOS) principle, similar to many other gas sensors. The
MP503 sensor is often used to detect carbon monoxide (CO) and methane
(CHA4) gases, making it suitable for applications such as indoor air quality
monitoring, gas leak detection, and safety systems [70].

2. MQ7: The MQ-7 is a popular gas sensor module that is commonly used to
detect and measure carbon monoxide (CO) gas concentration in the air. The
MQ-7 sensor is widely used in various applications, including air quality

monitoring, indoor safety systems, industrial environments, and automotive
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applications. The MQ-7 sensor is sensitive to detecting carbon monoxide (CO)
concentrations in the air in the range of 20 to 200 ppm (parts per million). he
MQ-7 sensor provides an analog output voltage that varies with the
concentration of carbon monoxide. This analog output can be interfaced with
microcontrollers or analog-to-digital converters for further processing[71].

3. MQ135: The MQ-135 is another popular gas sensor module in the MQ series,
Similar to the MQ-7, the MQ-135 gas sensor is widely used for air quality
monitoring and is commonly employed in various indoor and outdoor
applications to detect and measure the presence of specific gases. The MQ-
135 sensor is sensitive to a variety of gases, including ammonia (NH3),
nitrogen oxides (NOx), benzene (C6H6), smoke, and various other volatile
organic compounds (VOCs). The MQ-135 sensor provides an analog output
voltage that varies with the concentration of the target gases. The analog
output can be interfaced with microcontrollers or analog-to-digital converters
for data processing. The sensor is designed to operate with low power
consumption, making it suitable for portable and battery-powered
applications. It's important to note that the MQ-135 sensor may have cross-
sensitivity to different gases, which means it could respond to gases other than
its target gases. Calibration and understanding the specific environmental
conditions are essential for accurate measurements [72].

4. WSP2110: The is a type of gas sensor module designed to detect the presence
of carbon monoxide (CO) gas in the air. The WSP2110 sensor is sensitive to
detecting carbon monoxide (CO) concentrations in the air in the range of 10
to 1000 ppm (parts per million). the sensor provides an analog output voltage
that varies with the concentration of carbon monoxide. This analog output can
be interfaced with microcontrollers or analog-to-digital converters for further
processing and data acquisition. The sensor typically has a fast response time

to changes in carbon monoxide concentration, enabling real-time monitoring.
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The sensor is known for its stability and reliability, providing consistent
readings over time [73].
2.7 The Performance Evaluation
The performance and effectiveness of the proposed system are evaluated by
several metrics. A confusion matrix is a table that is often used to describe the
performance of the proposed system [74]. A binary confusion matrix is described
in Table (2.1).

Table 2-1: Confusion Matrix
Predicted Classes

Positives Negatives

Positives ‘ False Negative (FN)

Actual Classes ) False Positive (FP)
Negatives

* TP: the number of positive records correctly classified.

* TN: the number of negative records correctly classified.

* FP: the number of positive records incorrectly classified.

* FN: the number of negative records incorrectly classified [74].

For the evaluation purpose, Accuracy, Precision, Recall, and F1-score are

applied. These metrics are calculated as follows:

accuracy is a performance metric that measures the overall correctness of a
classification model. It provides an estimate of how well the model predicts the
true class labels.

Accuracy is calculated by dividing the number of correctly classified
instances (true positives and true negatives) by the total number of instances in
the dataset [75] (see Equation 2.17).
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number of true classifications

Accuracy = P r—
Y = total number of classifications

_ TP + TN 518
" TP+ FP+TN+FN -+ (2.18)

A recall is the percentage of predicted positive class which are correctly
classified by the classifier. [75] While the recall referred to as (R) is counted
like the following:

TP
TP+FN

Recall = ....(2.18)

Precision is the percentage of predicted positive class, which are actually positive
class. The precision referred to as (P), [75] is counted like the following equation:

Precision = .... (2.19)

TP+FP

The F1-score is the harmonic mean of precision and recall, giving equal weight
to both measures [75].

F Score = 2 Precision * Recall . (220)

Precision+ Recall "’

The efficiency of the proposed system has been evaluated through the
number of measures based on the confusion matrix.
2.8 The Hardwar and Software Used to Execute the Proposed System

The tools used to execute a proposed system can vary based on the nature of
the project, its requirements, and the technologies involved. Below are some

types of tools that might be utilized in different stages of executing a system

2.8.1 The loT Environments
loT environments require a variety of tools these tools help create a seamless
and efficient loT ecosystem. Here are some categories of Hardwar part

commonly used in loT environments:
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A. Arduino Uno

It is a popular microcontroller board based on the ATmega328P
microcontroller. It is a member of the Arduino family and is widely used for
various electronics and prototyping projects[76]. Here's a brief overview of

Arduino Uno:

1) Microcontroller: Arduino Uno is built around the ATmega328P
microcontroller from Atmel (now Microchip). It operates at a clock speed of
16 MHz and has 32KB of Flash memory for storing the program, 2KB of
SRAM for data storage, and 1KB of EEPROM for non-volatile storage [76].
2) Digital and Analog 1/0: Arduino Uno has 14 digital input/output (1/O)
pins, among which 6 can be used for pulse width modulation (PWM) output.
It also has 6 analog input pins for reading analog voltage levels [76].

3) Communication Interfaces: Arduino Uno features a USB interface for
connecting to a computer for programming and serial communication. It also
has a dedicated ICSP (In-Circuit Serial Programming) header for advanced
programming and communication [76].

4) Power Supply: Arduino Uno can be powered through a USB connection
or an external power source (7-12V DC). It has a built-in voltage regulator that
provides a stable 5V supply to the microcontroller and other components [76].
5) Programming: Arduino Uno can be programmed using the Arduino
Integrated Development Environment (IDE), which is a user-friendly software
environment for writing, compiling, and uploading code to the board. The
programming language is based on C/C++, with simplified libraries and
functions provided by the Arduino framework [76].

6) Extensibility: Arduino Uno is designed to be highly extensible and can be
easily connected to various sensors, actuators, and modules through its 1/0

pins. There is a wide range of Arduino-compatible shields and modules
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available that can be stacked on top of the board for additional functionalities
[76].

~AMd) TvLI9Ia

?
) -
~ ® v ©

Figure 2.3: Arduino Uno

Arduino Uno is beginner-friendly, versatile, and widely supported, making
it a popular choice for hobbyists, students, and professionals in the field of
electronics and programming. It provides a convenient platform (see Figure 2.13)
for experimenting, prototyping, and creating interactive projects [77].
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B.

Arduino IDE

The Arduino IDE (Integrated Development Environment) is a software

application used to write, compile, and upload code to Arduino boards. It provides

a user-friendly interface for programming Arduino microcontrollers and

simplifies the process of developing projects [78].

1)

2)

3)

4)

5)

6)

Here are some key features and functionalities of the Arduino IDE:

Code Editor: The Arduino IDE offers a text editor where we can write the
code. It supports syntax highlighting, auto-indentation, and code completion,
which helps in writing and organizing the code efficiently [79].

Library Manager: The IDE includes a library manager that allow to easily
search, install, and manage libraries. Libraries provide pre-written code that
can be used to interact with various components and modules, saving time and
effort in writing low-level code [79].

Sketches: In the Arduino IDE, projects are referred to as "sketches." A sketch
typically consists of two main functions: setup() and loop(). The setup()
function is executed once when the Arduino board is powered on or reset,
while the loop() function is executed repeatedly as long as the board is
powered on [79].

Board Manager: The Arduino IDE supports a wide range of Arduino boards.
The board manager allows to select the appropriate board from a list and install
the necessary board-specific configurations and libraries [79].

Serial Monitor: The IDE provides a built-in serial monitor that allows to send
and receive data between the Arduino board and the computer via the USB
connection. It is useful for debugging and monitoring the output of the code
during runtime [79].

Upload: With the Arduino IDE, can easily upload the code to the Arduino
board. It handles the compilation process and communicates with the board to

transfer the compiled code and execute it [79].

40



The Theoretical Background Chapter Two

7) Examples and Tutorials: The IDE includes a collection of example sketches
that demonstrate various functionalities and concepts. It also provides access
to online tutorials and resources to get started and learn Arduino programming
[79] as showed in Figure 2.4) .

test2-goodcode | Arduino IDE 2.1.0 - O x
File Edit Sketch Tocls Help

test2-goodcode.ino

ca char data = 8;

E1l

52 connect 8 to TX of ESP
53 connect 9 to RX of ESF
C4 SoftwareSerial ser(8,9);
E&

56 void setup()

58 {
59 enable debug serial
68 Serial.begin(968@); serial data transmission at Baudrate of 96eg

onooOh O

1 enable software
2 ser.begin(960@);
3

Output  Serial Monitor ¥ Q@ =

Mot connected. Select a board and a port to connect automatically. Mew Line -

Ln 71, Col 25 Arduino Uno [not connected] 1 B

Figure 2.5: Arduino IDE
The Arduino IDE is open-source and available for Windows, macOS, and
Linux platforms. It provides a beginner-friendly environment for programming
Arduino boards and is widely used by hobbyists, students, and professionals for

prototyping and creating interactive projects [79].

2.8.2 The ML Environment

A. Jupyter Notebook
Jupyter Notebook is an open-source web application that allows to create and

share documents containing live code, equations, visualizations, and narrative
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text. It is a popular choice for data analysis, data visualization, and machine

learning tasks, among others.

Jupyter Notebook supports multiple programming languages, including Python,
R, Julia, and more. However, Python is the most widely used language in Jupyter
Notebook [80].

mainProject - Jupyter Notebook X +
C @ localhost:8890/notebooks/mainProjectipynb 122 % <% = € RS 8 0 B »
P Apps @ M University of Babylo... SLAVE-MOH11  sas hrins SAS Free Cnline Compu, F Computer Network »
' 'Jupyter mainProject (uossves ﬂ Logout
File Edit View Insert Cell Keme Widgets Help Not Trusted |F’ylh0n3{ip\;kernel] Q
B+ = A& B 4+ ¥ PR B C W coe v | =

In [1]: def my_function(valSensor):
import numpy as np
import pandas as pd
from sklearn.neural_network import MLPClassifier

churn_df= pd.read_csv('C:/Users/Mohamed/OneDrive/Desktop/huda/data.csv’)
x = churn_df.drop('label’ ,axis=1)
y = churn_df[ 'label’]
def recommend_classiffiers(a):
NN_ = MLPClassifier(max_iter=18@)

NN_.fit(x, y)
predil=NN_.predict([[a]])
return predhN

predl = recommend_classiffiers(valSensor)

Figure 2.6: Jupyter Notebook
B. ANACONDA
Anaconda is an open-source distribution of Python programming languages for
scientific computing, data science, and machine learning. It is a popular choice
among data scientists and developers due to its vast collection of pre-installed

libraries and tools for data analysis, visualization, and model development.

Anaconda comes with its package management system called Conda, which
allows to easily install, manage, and update packages and dependencies. It also
provides a virtual environment manager, allowing to create isolated environments

with specific package versions for different projects [81].
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Figure 2.7: Anaconda platform

PySerial is a Python library that provides a way to communicate with serial ports.

It allows to read from and write to serial devices, such as microcontrollers,

Arduino boards, and other hardware devices that communicate via serial

communication.

To establish communication between Jupyter Notebook (Python) and an Arduino

Uno (C++), we can use PySerial on the Python side to send and receive data via

the serial port. On the Arduino side, we can use the Serial library to read and write

data to the serial port [82].
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Chapter Three
The Proposed System Design
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CHAPTER THREE
The Proposed System Design
3.1 Overview
This chapter explains the methodology of the proposed system in detail.
The proposed system represents an air quality monitoring system using deep
neural network techniques and applied in 10T. In this research work, datasets

(CPCB) were applied to assess this work.

3.2 The System Architecture
The layout of the proposed system consists of four major stages, each stage

is playing a crucial role in the development and implementation of the system.
The following are proposed system phases.
3.2.1 The Dataset Description

In this stage, a comprehensive overview of the datasets used in the system
is provided. The goal is to describe the characteristics, structure, and properties
of the datasets, giving a clear understanding of the data that will be used in
subsequent stages.

3.2.2 The Preprocessing Stage

This stage involves preparing the input data for further preprocessing and
analysis. Tasks such as data cleaning, data normalization, feature selection, and
other necessary data transformations are performed to ensure the data is in a
suitable format for the next stages.

3.2.3 The Learning Stage (Model Formation):

Once the preprocessing stage is complete, the next step is to construct a
classifier model using deep learning techniques. Deep learning focuses on
training artificial neural networks with multiple layers to extract patterns from
data. The classifier model aims to predict or classify data into different categories

based on the patterns learned during learning stage.
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3.2.4 The Evaluation Stage:

After building the classifier model, it needs to be evaluated to assess its
performance and effectiveness. This stage involves measuring various metrics
such as accuracy, precision, recall, and F1 score to determine how well the model
performs on the given dataset. Evaluation helps identify the strengths and
weaknesses of the classifier model and may lead to further refinement or

optimization.

3.2.5 The Integration into an loT Environment

The fourth stage involves integrating the developed classifier model into
an Internet of Things (loT) environment. 10T refers to a network of
interconnected devices that can communicate and exchange data. In this stage,
the classifier model can be deployed on IoT devices or systems, enabling real-
time or remote classification of data collected from 10T sensors or devices. This
integration enables various applications and scenarios where the classifier model
can make predictions or decisions based on incoming IoT data.

Overall, these four stages aim to preprocess the data, build a deep learning
classifier model, evaluate its performance, and integrate it into an loT

environment for real-time or remote classification.
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Data set Preprocessing stage Spliiting data

CPCB
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— C output layer

Evaluation
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Display air quality
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Figure 3.1: The Main Block Diagram of the System Architecture

3.3 The datasets description
The proposed system will employ the CPCB dataset for the purpose of

constructing and evaluating the air quality monitoring system. This dataset
encompasses air quality measurements and Air Quality Index (AQI) readings
obtained at the daily level across multiple cities in India. With a total of 29,531

records, the CPCB dataset is comprised of 12 attributes that provide valuable
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information regarding air quality parameters. Notably, the dataset encompasses
six distinct classes, namely Good, Poor, Very Poor, Severe, Moderate, and
Satisfactory, which serve as indicators for the categorization of air quality levels.

The detailed characteristics of the dataset features can be found in Table 3.1.

Table 3-1: Details of CPCB Dataset

Dataset Key ‘ Description

Record Count 29,531
Number of 12
Attributes
Air Quality Data Daily level across multiple cities in India
Air Quality Index Provided for each record
(AQI)

Number of Classes 6 (Good, Poor, Very Poor, Severe, Moderate,

Satisfactory)

3.4 The Preprocessing Stage
Prior to applying the deep learning classifier to the CPCB dataset, it is

essential to perform suitable preprocessing and reformatting procedures. In the
proposed system, as depicted in Figure 3.1, this preprocessing stage can be
described as consisting of two primary steps: data cleaning to handle missing

values, and normalization of normal numerical values.
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3.4.1 The Data Cleaning
The quality of data plays a crucial role in achieving effective visualization

and developing efficient Deep learning models. In the CBCP dataset, there are
instances of not-a-number (NaN) values of all the features in the dataset. It is
Important to note that among all the features, Xylene has the highest number of
missing values, while CO has the least. To address this issue, data cleaning
procedures are necessary. To handle the missing values, a common approach is
to replace them with the mean values specific to each feature. By calculating the
mean value for each feature and filling the missing values accordingly, the second
part of data cleaning is to remove the personal columns (date, city) which, they
are unneeded in the proposed model. the dataset can be cleansed of these
inconsistencies. This step ensures that the dataset becomes suitable for further
analysis and modeling. Figure (3.2) provides a visual representation of the dataset
prior to addressing the missing values, illustrating the presence of NaN values
within the dataset. By resolving these missing value problems through data
cleaning, the dataset is transformed into a clean and complete form, laying the
foundation for subsequent analysis, visualization, and the development of

accurate Deep learning models.
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PM2.5 PM10 NO NO2 NOx NH3 CO SOz 03 Benzene Toluene Xylene

0 NaN NaN 092 1822 1715 NaN 092 2764 13336 0.00 0.02 0.00
1 NaN NaN 097 15689 1646 NaN 097 2455 3406 368 550 377
2 NaN NaN 1740 1930 2970 NaN 1740 2907 3070 6.80 16.40 225
3 NaN NaN 170 1848 1797 NaN 170 1859 36.08 443 10.14 1.00
4 NaN NaN 2210 2142 3776 NaN 2210 3933 3931 7.01 18.89 278
29526 1502 5094 768 2506 1954 1247 047 855 2330 224 12.07 0.73
29527 2438 7409 342 2606 1653 1199 052 1272 3014 074 221 0.38
29528 2291 6573 345 2953 1833 1071 048 842 3096 0.01 0.01 0.00
29529 1664 4997 405 2926 1880 1003 052 984 2830 0.00 0.00 0.00

29530 1500 6600 040 2685 1405 520 059 210 17.05 NaN NaN NaN

Figure 3.2: The sample of features with their missing values in the dataset

3.4.2 The normalization processes

In this thesis, the Min-Max normalization method has been utilized to
normalize the dataset as mention in equation (2.1). Min-Max normalization
rescales the values to a specified range, typically between 0 and 1, by subtracting
the minimum value from each data point and dividing it by the range (the
difference between the maximum and minimum values). By applying Min-Max
normalization, the dataset's large numerical values are effectively minimized,
enabling more efficient mathematical operations and facilitating the
implementation process of the system while preserving the relative importance of
the data.

3.4.3 The feature selection

The correlation feature selection method is employed to select features
based on their correlation coefficients. By calculating the correlation coefficient
between the AQI and other pollutant variables, the strength and direction of their
relationship can determine by analyzing the correlation coefficients, the

pollutants can be identified that have a stronger correlation with the AQI as
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mention in equation (2-2). In this case the pollutants PM10, PM2.5, CO, NO2,
S02, NOX, and NO these pollutants generally exhibit a positive correlation with
the AQI, indicating that higher concentrations of these pollutants contribute to

higher AQI values. Algorithm (3.1) represent the Correlation coefficient.

Algorithm (3.1): Correlation Coefficient

# Initialize empty lists for AQI and other pollutant variables
AQI_data=T{]
pollutant_ data =[]

for i in range(n):
AQI_data.append(AQI)

pollutant_data.append(pollutant_value)

# Calculate the mean of AQI and the pollutant variable
mean_AQI = sum (AQI _data) / n

mean_pollutant = sum(pollutant_data) / n

# Calculate the numerator and denominators for Pearson's r
numerator =0

denom_AQI =0

denom_pollutant =0

for i in range(n):
numerator += (AQI_data[i] - mean_AQI) * (pollutant_data[i] - mean_pollutant)
denom_AQI += (AQI_data[i] - mean_AQI) ** 2
denom_pollutant += (pollutant_data[i] - mean_pollutant) ** 2

# Calculate Pearson's correlation coefficient

Pearson = numerator / sqrt(denom_AQI * denom_pollutant)
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3.5 The deep neural network model
Deep neural networks are widely recognized as one of the most prominent

types of deep learning models. In this thesis, a deep neural network is employed,
which constitutes an artificial neural network comprising multiple hidden layers.
This section aims to elucidate the algorithm of the deep neural network in four
steps: the model's architecture, forward propagation with the perceptron classifier
and activation function, total error with the loss function or cost function, and

backpropagation with the optimizer.

3.5.1 The Model Architecture

The model architecture of the Multilayer Perceptron (MLP) comprises
interconnected layers of artificial neurons, also referred to as nodes or units. The
MLP model consists of an input layer, Three hidden layers, and an output layer.

1. Input Layer: This layer represents the initial layer that receives input data.
In the proposed system, the input layer consists of 7 nodes corresponding
to the number of features in the preprocessed CPCB dataset (Pm2.5, Pm10,
NOx, NO2, NO, O3, CO)

2. Hidden Layers: The hidden layers are situated between the input and
output layers and perform the computation necessary for the model. In the
multiclass classification model employed in this work, three hidden layers
are utilized in the first hidden layer which composed of 30 nodes, in the
two hidden layer 20 nodes and in the last hidden layer composed of 10
nodes

3. Output Layer: The output layer produces prediction results, specifically
in multiclass classification, where it identifies the type of air pollution.
there are 6 nodes in output layer which are (Good, Poor, very poor,

Moderate, Sever, Satisfactory).
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All nodes in the input layer are fully connected to all nodes in the subsequent

hidden layer and subsequent layers, forming a connected graph. Figure 3.3

illustrates this deep neural network architecture.

Input layer

Pm
10

Co

2.5

NO2

S02

NOx

NO

7

Figure 3.3: Deep neural network archoticture
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3.5.2 The Feedforward Propagation
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—  Very Poor

—» Sever

The objective of forward propagation is to predict results by employing a

perceptron classifier and activation functions. The perceptron equation, as

mentioned in equation (2.3), requires data (X), the number of nodes (n), weights

(w), and bias (b). In the input layer, data (X) represents an array of values from

the preprocessed CPCB datasets. In other layers, data (X) represents the results

of the perceptron equation and activation function from the previous layer. The

number of nodes (n) is determined by the model architecture. The weights (w)

and bias (b) initially have an initial value (set to 1) for all layers. Subsequently,

the weights (w) and bias (b) takes on values obtained from the optimizer results.

The results of the perceptron equation serve as the input values for the activation

system, as illustrated in Figure (3.4).
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H 1

Relu activation
function

Figure 3.4 : Feedforward propogation baseline

The activation function plays a crucial role in determining how a neuron
behaves, akin to the activation potential observed in neurons within the human
brain. It defines the threshold for neuron activation and restricts the output within
a defined range.

Several commonly used activation functions include Sigmoid, RelL.U,
Softmax, and Tanh. In this model, ReLU activation functions are utilized in the
hidden layers, while softmax activation functions are employed in the output
layer. The ReLU activation function acts as a gate between the current and
subsequent layers, eliminating negative outputs. softmax activation functions
transform the output predictions into categorical probability variables, providing
insights into the type of pollution. Refer to Algorithm 3.2 for a representation of

the forward propagation process within the deep learning classifier.

Algorithm (3.2): The forward pass

Input: preprocessed CPCB dataset
Output: prediction results (multiclass)
FUNCTION ReLU (x)

Return max(0,x) // as mentioned in equation (2.7)
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END FUNCTION
/Ireturns a value between 0 and 1
2-FUNCTION softmax (x)

Return  f(x) = % /I as mentioned in equation (2.8)

END FUNCTION
3-PROCEDURE forwardPass()
// HIDDEN LAYERS
FOR each hiddenLayers // 3 hidden
FOR each neurons in hiddenLayers
Initialize weightedSum to zero
Initialize bias to zero
Initialize sum to zero
FOR each neuron's links
Set weightedSum to Multiply link's weight with associated previous Layer's
neuron's value
END FOR
Set sum to weightedSum with adding to bias of layer
//as mentioned in equation (2.4)
Call ReLU (sum) //using activation function to the results
Set neuron's value to result // results after activation function
END FOR // neurons of hiddenLayers
END FOR // hiddenLayers
/l MULTICLASS OUTPUT LAYER
/I 6 neurons in multiclass prediction
FOR each outputLayer's neurons
Initialize weightedSum to zero
Initialize bias to zero
Initialize sum to zero
FOR each AQI_Outputs neuron's links
Set weightedSum to ruselt of Multiply link's weight with associated previous

Layer's neuron's value
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END FOR

Call softmax(sum) //using activation function (AV) to the results

Set neuron's value to result //the results after AV function END FOR
END PROCEDURE

3.5.3 The Total Error

The Total Error is a crucial aspect in assessing the accuracy of a neural
network by measuring the disparity between its output and the actual solution. It
Is determined by comparing each prediction result with its corresponding real
output value using mean square error (MSE) and summing up these differences.
The concept and details of mean square error as mentioned in equation (2.8).
However, for classification algorithms, including the one utilized in this thesis,
cross-entropy is considered more suitable than mean square error. Cross-entropy
helps mitigate the issue of large total errors in initial predictions and results in
lower loss. Specifically, in this thesis, multiclass cross-entropy can be employed
since our classification problem involves multiple classes.

In Algorithm 3.3, the predicted values are derived from the output values
of the Forward Pass algorithm (3.2), while the actual values are obtained from the

class labels of the training data.
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Algorithm (3.3): Total Error using Cross entropy

Input: expectedValue(predict Value ) and realvalue(from the training dataset)
Output: result to totalError
PROCEDURE calculateTotalError()
Initialize totalError to zero
FOR each outputLayer's neurons
IF neuron == expected_output neuron THEN
Set neuron's expectedValue to 1 // true expected
ELSE
Set neuron's expectedValue to 0 // false expected
END IF
FOR each class neurons
Do neuron's value of class * log (neuron's expectedValue of class) //as
mentioned in equation (2.12)
Add result to totalError
END FOR
END FOR
END PROCEDURE

3.5.4 The Backpropagation Process

The primary objective of the backpropagation process is to train the deep
neural network by adjusting its weights and biases, as depicted in Figure 3.5.
Backpropagation utilizes the calculated errors from the previous forward
propagation stage, incorporating the loss function and optimizer. The selection of
optimization methods and loss functions is crucial for achieving optimal and
efficient performance. In this thesis, the cross-entropy loss function is employed,
and the Adaptive Moment Estimation (Adam) optimizer is utilized.

Gradient descent is a widely used optimization algorithm, particularly in
neural networks. It represents the most common optimizer in the context of deep

learning. The Adam optimizer is an enhanced version of gradient descent,
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combining Root Mean Square propagation (RMSprop) and Stochastic Gradient
Descent with momentum. It employs a multi-learning rate approach for each
weight and incorporates the momentum method during each training iteration.
These features make Adam optimizer superior to traditional gradient descent. In
essence, Adam optimizer is specifically designed for training deep neural

networks and is considered the best optimizer to the best of our knowledge.

Figure 3.5 : The backpropogation process

3.6 The Evaluation Metrics
When evaluating air pollution using a Multilayer Perceptron (MLP), the

choice of evaluation metrics depends on the specific task or objective at hand.
Here are a few commonly employed metrics for assessing the performance of an
MLP in air pollution-related tasks:

1. Accuracy: Accuracy is a frequently used metric for classification tasks. If
the MLP is employed to classify air quality into different categories (e.g.,
Good, Moderate, Poor), accuracy can be calculated by comparing the
predicted labels with the actual labels.

2. Precision, Recall, and F1-Score: These metrics are commonly utilized in

classification tasks, particularly when dealing with imbalanced datasets.
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Precision measures the proportion of true positive predictions out of all
positive predictions, while recall measures the proportion of true positive
predictions out of all actual positives. The F1-score combines precision and
recall, providing a single metric that balances both measures.

3. Confusion Matrix: A confusion matrix provides a detailed breakdown of
the MLP predictions and their alignment with the actual values. It enables
analysis of true positives, true negatives, false positives, and false
negatives, facilitating the identification of specific areas for improvement
or potential issues.

These metrics serve as a starting point for evaluating the performance of an
MLP in air quality-related tasks, as will be demonstrated in Chapter 4. However,
it is crucial to select metrics that align with the specific objectives and consider
domain-specific factors when evaluating air pollution models.

3.7 The loT Environment

In this section, the 10T aspect of the proposed system and its application in
predicting air quality will discussion. The air quality monitoring system
encompasses several components, including the Arduino Uno, MQ135 sensor,
and a main controller or PC.

3.7.1 The loT Components

The integration of 10T components is vital for implementing the air quality
prediction system. The following components are utilized:
A. Arduino Uno: The Arduino Uno serves as a microcontroller board that
functions as the central controller of the air quality monitoring system. It provides
the necessary processing power and interfaces to connect and communicate with
other components.
B. MQ135 Sensor: The MQ135 sensor is a gas sensor commonly employed for

detecting and measuring air quality parameters such as ammonia, nitrogen oxide,
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carbon monoxide, and other harmful gases. It plays a crucial role in collecting
real-time air quality data. Algorithm (3.4) explaining assumes the use of an
Arduino board and proper connection of the MQ135 sensor to the designated
analog pin (mgl35Pin). Additionally, the algorithm can be customized by
adjusting the delay duration according to specific requirements.

C. The main controller/PC: The main controller or PC is responsible for
coordinating the operation of the Arduino Uno and the MQ135 sensor. It collects
the sensor readings, processes the data, and communicates with the trained MLP

model for air quality prediction.

Algorithm (3.4): Read Analog Values from MQ135 Sensor

Inputs: - MQ135PIN: Analog pin connected to the MQ135 sensor data
Outputs: Sensor Values
Algorithm Steps:
1. Initialize the necessary variables and pins:
- Initialize MQ135PIN to the analog pin connected to the MQ135 sensor
- Initialize sensorValue to 0
2. Setup:
- Initialize the serial communication for debugging with a baud rate of 9600
3. Loop:
Repeat the following steps indefinitely:
- Read the analog value from the MQ135 sensor using the analogRead()
function and store it in sensorValue
- Print "Sensor Value: " followed by the value of sensorValue to the serial
monitor using the Serial.print() and Serial.printin() functions
- Delay for a certain period (e.g., 1000 milliseconds) using the delay()
function before taking the next reading
loop
End of Algorithm
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In this algorithm, first declare the necessary variables and assign the analog
pin connected to the MQ135 sensor to mg135Pin. Inside the setup() function,
initialize the serial communication for debugging purposes. Then, in the loop()
function, continuously read the analog value from the MQ135 sensor using the
analogRead() function and store it in the sensor Value variable. Then print the
sensor value to the serial monitor using Serial.print() and Serial.printin()

functions for debugging and analysis.

In the context of connecting an Arduino Uno to an MQ135 sensor, the

following pin connections are used in the work:

e GND Pin: Connect the GND (Ground) pin of the MQ135 sensor to the
GND pin of the Arduino Uno. This establishes the common ground
reference between the sensor and the Arduino.

e 5V Pin: Connect the 5V pin of the MQ135 sensor to the 5V pin of the
Arduino Uno. This provides the necessary power supply to the sensor.

e A0 Pin: Connect the A0 (Analog Input) pin of the MQ135 sensor to any
available analog input pin on the Arduino Uno, such as A0, Al, A2, etc.
This allows the Arduino to read the analog voltage output from the sensor,
which corresponds to the air quality measurement as illustrated in Figure
(3.7).
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Figure 3.6: The connection between arduino and MQ135 sensor
By establishing these pin connections between the Arduino Uno and the

MQ135 sensor, the Arduino enable to read the analog output from the sensor and
perform further processing or analysis using the connected I0T system or the
MLP model.

3.7.2 The implementation Steps

To implement the integration of 1oT and MLP for air quality prediction, the
following steps can be followed:

1. Hardware Setup: Set up the necessary hardware components for the 0T
system, including the sensor nodes (MQ2135), Arduino Uno, and the main
controller. Connect the sensor nodes to the Arduino Uno, ensuring proper
wiring and connections.

2. Sensor Data Collection: Develop a program or firmware for the Arduino
Uno to collect air quality data from the MQ135 sensors. Read sensor values

periodically and store them in variables.
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3. Data Transmission: Establish the communication network between the
sensor nodes and the central Arduino using appropriate wired or wireless
connections. Configure the network settings and ensure proper
connectivity.

4. Data Transfer to the PC/Server: Implement the mechanism to transfer
the collected sensor data from the central hub/gateway to the PC or server.
This can be achieved using libraries such as PySerial for serial
communication,

5. Data Processing and MLP Integration: On the PC/server side, develop
the necessary software infrastructure to receive the transmitted sensor data.
Preprocess the data if required, such as normalization or feature scaling.
Then, integrate the trained MLP model into the system. This involves
loading the model weights and architecture and providing the necessary
input data for prediction.

6. Air Quality Prediction: Apply the integrated MLP model to the received
sensor data to predict air quality parameters, such as pollutant levels or air
quality indexes. Utilize the MLP model to process the input data and
generate predictions based on learned patterns and relationships.

7. Display and Utilization: Develop an application or user interface that
retrieves the predicted air quality data from the server/PC and displays it
to users. This can include visualizations, real-time monitoring, alerts, and
other relevant information to enable users to make informed decisions or
take appropriate actions regarding air quality.

8. Testing and Evaluation: Perform thorough testing and evaluation of the
integrated 10T and MLP system. Validate the accuracy and performance of

the air quality predictions against ground truth data or established
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benchmarks. Make any necessary adjustments or optimizations to improve

the system's reliability and prediction capabilities.

Algorithm (3.5) is explaining the implementation steps, the 10T and MLP
integration can be realized, enabling real-time air quality monitoring and
prediction based on the collected sensor data. It is important to ensure proper

configuration, data processing, and validation to achieve accurate and reliable

results.

Algorithm (3.5): Overall process of integration of MLP with loT

Inputs:
- 10T sensor data
Outputs:
- Predicted air quality values
Algorithm Steps:
1. Read the 10T sensor data:
- Establish a connection with the 10T sensor
- Connection build over PySerial with Continuously read the sensor data and store it
in a variable (e.g., sensorData) until a stopping condition is met.
2. Predict air quality using the MLP model:
- Preprocess the sensor data by normalizing it using the same scaling factors as used
for the training dataset
- Pass the preprocessed sensor data (X_sensor) to the trained MLP model's "predict"
method to obtain air quality predictions (y_pred)
3. Output the predicted air quality values:
- Print or store the predicted air quality values (y_pred) for further analysis or
visualization
End of Algorithm

The algorithm provides an overview of the steps involved in integrating
MLP with loT for air quality prediction. The specific implementation details may
vary depending on the programming language, libraries, and frameworks used.
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Chapter Four

The Results Discussion and
Analysis
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CHAPTER FOUR
The Result Discussion and Analysis

4.1 Overview
This chapter demonstrates the results of the proposal of prediction and
monitoring methods for air quality. The chapter also discusses the results
proposed system and explains the methodology presented in chapter three.
4.2 The Hardware and Software Requirements
The proposed system is implemented in an loT environment. As consisted
of microcontroller, an MQ135 sensor, and a main controller (pc). The main
platform for testing our detection system is a Windows 10 machine with 6th Gen
Intel(R) Core (TM) i7 @ 2.40GHz processor and 16 GB RAM.
The Arduino Uno serves as the main component of the 10T setup, providing
a user-friendly platform for creating interactive projects. The MQ135 sensor is
specifically designed to detect and measure the concentration of various gases in
the surrounding environment. It operates based on changes in resistance when

exposed to target gases as shown in Table (4.1).

Table 4-1: 10T component

Device size voltage
Arduino uno 68.6*53.4 5V
MQ135 sensor 40.0mm * 21.0mm 2.5V ~5.0vV

By combining the Arduino Uno microcontroller board with the MQ135
sensor, the 10T environment enables the development of projects that involve gas
detection and air quality monitoring.

4.3 The Datasets

As mentioned in Chapter 3, the CPCB dataset will be used for building the
MLP model and testing it. India AQ (Air quality) station day dataset will also be
used to validate the proposed model.
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In Figure (4.1), illustrates the relative proportions of each air quality
category within the dataset. It provides insights into the frequency and

distribution of different pollution levels, highlighting areas of concern and

identifying patterns and trends in air quality.

»

m Poor = \VeryPoor = Severe Moderate = Satisfactory = Good

Figure 4.1 The classification of the CPCB dataset

Understanding the classification of the CPCB dataset is crucial for
interpreting and analyzing the air quality data accurately. It serves as a reference
for evaluating the performance of prediction models, assessing the effectiveness
of pollution control measures, and guiding decision-making processes related to
environmental management and public health protection.

By utilizing the classification information provided in Figure (4.1),

researchers and stakeholders can comprehensively understand the air quality
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levels represented in the CPCB dataset, facilitating further analysis and
interpretation of the data.
4.3.1 Data Cleaning Result

Table (4.2) presents the number of missing values in the CPCB dataset for
various air quality features. It is important to identify and handle missing values
appropriately to ensure the accuracy and reliability of data analysis and modeling.

The table provides information on the percentage of missing values for
each feature in the dataset. For example, the PM2.5 feature has a missing value
of 4598. Similarly, other features such as PM10, CO2, NO, SO2, NO2, O3, NOX,
and Benzene also have varying of missing values.

Dealing with missing values is a crucial step in the data preprocessing
phase. Depending on the extent and pattern of missing values, various techniques
can be applied, such as imputation methods or deletion of rows or columns with

missing values.

Table 4.2: The missing values in the dataset

Feature  NO. of missing value Feature NO. of missing value
PM2.5 4598 Xylene 18109

PM10 11140 (6{0) 2059

NO 3582 SO2 3854

NO2 3585 03 4022

NOX 4185 Benzene 5623

NH3 10328 Toluene 8041

The processes of cleaning data by filling in missing values which 12
columns containing empty cells (PM2.5, PM10, CO, NOx, NO, NO2, O3,
benzene, toluene, xylene), dealing with this problem by full it using the average

method.

It is important to address missing values appropriately to avoid biases or
Inaccurate conclusions in subsequent analyses. By identifying the missing values

in the CPCB dataset and applying suitable strategies to handle them, ensuring the
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integrity and quality of the data, and improving the reliability of results and

predictions related to air quality.

Figure (4.2) displays the features' representative and the corresponding
number of missing values for each feature in the right column. As it seems clear,

the feature " Xylene " has a more missing value.
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Figure 4.2: The missing values of each feature

4.3.2 Min-Max Normalized Results
This proposed system used min-max normalized with 0 as a new minimum
value and 1 as a new maximum value, the range of results is between 0 and 1.

Figure 4.2 show a sample from the normalized dataset.
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Trom SK1€arn.preprocessing import MlnMaxscaler
scaler = MinMaxScaler()
normalized_data = scaler.fit_transform{data)

print(normalized_data)

[[@.09@85342 @. 8.2177283 ... ©.01843047 ©.09626719 0.4 ]
[0.08726255 @. 2.93545101 ... 9.82823267 @.154715132 8.6 ]
[@.183308732 @. 2.96242961 ... ©.084501966 ©.24607273 1. ]
[0.925039382 ©.87167314 2.22883@76 ... 9. 2.82701375 0.8 ]
[0.01818698 ©.05448816 ©.91926554 ... 9. 2.92013752 9.8 ]
[0.91639452 ©.87196755 ©.29102386 ... 9. 2.91817289 @. 1]

Figure 4.3: Normalazation Result of CCPCB dataset

The normalized processing used with columns (‘'NH3',' PM2.5', 'PM10’,
'‘NOx', 'NO2', 'NO', '03', 'CO", 'SO2', ' Benzene', 'xylene', 'toluene’) that
representation the numerical data.

4.3.3 The Feature Selection Method

Feature selection is essential for removing unnecessary features. This
section presents one of the feature selection mechanisms as will be demonstrated
in the section 3. Due to this, a term (GROUPS) will be used to describe each
outcome referred to as multiple features of the previous mechanism of feature

selection.

A. Pearson Correlation Based on Feature Selection

To select significant features, the correlation analysis of the AQI feature has
been exercised with features of other pollutants. Figure (4.4) shown below clearly
reveals that pollutants PMig, PM.s, CO, NO2, SO2, NOX and NO are generally
responsible for the AQI to attain higher values.
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Figure 4.4: Correlation heatmap
Correlation analysis depicted in Figure (4.4) illustrates the relationship

between the Air Quality Index (AQI) and various pollutants, including PM10,
PM2.5, CO, NO2, SO2, NOX, and NO. The analysis aims to identify the
significant features that contribute to higher AQI values.

The figure demonstrates that these pollutants exhibit positive correlations
with the AQI. When the concentrations of PM10, PM2.5, CO, NO2, SO2, NOX,
and NO increase, the AQI tends to reach higher values. This correlation analysis
highlights the importance of these pollutants in influencing the overall air quality
and its subsequent impact on the AQI.

Table (4.3) presents the features along with their corresponding Pearson
correlation values. The higher the correlation value, the stronger the linear
relationship between the feature and the target variable

Based on the correlation ranks, certain features exhibit stronger
correlations with the air pollution level. For example, Pm10 has a high correlation

of 0.81, indicating a strong positive linear relationship.

Table 4-3: The Pearson correlation ranks of features
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Name of Pearson Name of feature Pearson
feature Correlation Correlation

1 PM10 0.81 7 NO 0.45

2 CO 0.68 8 03 0.27

3 PM2.5 0.65 9 NH3 0.25

4 NO2 0.53 10 Toluene 0.19

5 SO2 0.52 11 Xylene 0.16

6 NOx 0.48 12 Benzene 0.04

B. Multiple Tests based Features Groups

In this study, multiple tests based on feature groups can be combined with
Pearson correlation-based feature selection to enhance the effectiveness of the
feature selection process. Pearson correlation is a statistical measure that

guantifies the linear relationship between two variables.

Features were selected based on Pearson correlation values greater than 0.4
after then implementing multiple tests to obtain the best features group. By
applying this criterion, features with the best performance were chosen to build

and test the proposed model.

Table (4.4) present the multiple tests based on feature groups involving
conducting experiments using different combinations of features from the feature
groups. This approach allows of how different feature sets impact the

performance or results of an air quality monitoring system.

Table 4-4 : The feature groups

1 Featuregroupl 3 PM10, CO, PM2.5

2 Featuregroup?2 6 PM10, CO, PM2.5, NO2, SO2, NOx

3  Featuregroup3 7 PM10, CO, PM2.5, NO2, SO2, NOx, NO

4 Featuregroup4 9 PM10, CO, PM2.5, NO2, SO2, NOx, NO, O3, NH3

5 Featuregroup5 10 PM10, CO, PM2.5, NO2, SO2, NOx, NO, O3, NH3, Toluene
PM10, CO, PM2.5, NO2, SO2, NOx, NO, O3, NH3, Toluene,

6 Featuregroup6 12

Xylene, benzene

The four major performance measures criteria were used to evaluate the
performance of the MLP model which are Accuracy, Recall, Precision, and F1

Scores.
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The tables below show how well the MLP model performs in terms of
group concern. The performance of the MLP model is shown in Table (4.5), the

70:30 ratio mode of split data was used to train and test the algorithm.

Table 4-5: The performance of classifiers on feature groups

Feature Group  Accuracy% Recall% Precision% F1 score%
Feature group 1 99.026 0.99 0.99 0.99
Feature group 2 99.011 0.99 0.98 0.98
Feature group 3 99.115 0.99 0.99 0.99
Feature group 4 97.331 0.97 0.97 0.97
Feature group 5 97.261 0.97 0.97 0.97
Feature group 6 98.441 0.98 0.98 0.98

Figures (4.5-4.8) provide a comparison through accuracy, precision, recall,
and F score.

Accuracy

Accuracy%

99.5
99
98.5
98
97.5
9

Py}

96.5

96

W Feature group 1 m Feature group 2 W Feature group 3

Feature group 4 M Feature group 5 M Feature group 6

Figure 4.5: Classifier's accuracy for six Feature Groups

73



The Results Discussion and Analysis Chapter Four

Figure (4.5) depicts the evaluation of the MLP model for the six-feature
groups. The figure presents the evaluation results of an MLP (Multilayer
Perceptron) model for six different feature groups. The accuracy of the MLP
classifier is reported for each feature group, indicating the performance of the
model in classifying air quality based on the selected features.

The results indicate that Feature Group 3, which includes all seven features,
achieves the highest overall accuracy of 99.115%. This suggests that the
combination of features in Feature Group 3 provides the most discriminative
information for accurately classifying air quality levels. However, it's worth
noting that Feature Group 1 and Feature Group 2 also achieve high accuracies,
close to the performance of Feature Group 3.

These findings emphasize the importance of feature selection and highlight
the effectiveness of certain feature combinations in improving the accuracy of the
MLP classifier for air quality classification. Feature Group 3, with all seven
features, is identified as the best-performing feature group based on the reported

accuracy results.
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0.995

0.99
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0.98
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M Feature group 5 M Feature group & M Feature group 2
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Figure 4.6: Classifier Recall for Six Feature Groups
Figure (4.6) depicts model recall for the six feature groupings. The recall

of the MLP model in feature groups 1, 2, and 3 remains the same.

Figure (4.7) depicts the precision of the MLP model for the six feature
groups. With feature groups 1 and 3, the MLP model acquires a higher precision.
The average precision for other features group classifiers for feature group 2,
feature group 4, feature group 5, and feature group 6 are 0.98%, 0.97%, 0.97%,
and 0.98% respectively. Feature group 1,3 has the greatest overall classifier F-

measure score, which is 0.99%.
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Figure 4.7: Precision of Classifiers for six feature Groups

Figure (4.8) depicts the F1 scores of the MLP model for the six feature
groups. With feature groups 1 and 3, the MLP model acquires a higher F1 score.
Feature groups have an impact on these algorithms. The average F-measure for
other features group classifiers for feature group 2, feature group 4, feature group
5, and feature Group 6 is 0.98%, 0.97%, 0.97%, and 0.98% respectively. Feature
group 1,3 has the greatest overall classifier F-measure score, which is 0.99%.
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Figure 4.8: The F1-score for six different feature groups

After examining the four performance measures obtained by the MLP
model for the six feature groups, it is discovered that feature group 3 with all
features achieves the highest overall classifier performance. According to the
experimental results, the CPCB dataset characteristics chosen and employed in
this work are capable of identifying air pollution with an average accuracy of

99%, a recall rate of 0.99% on average, the average accuracy was 0.99%, and the

average F1 score was 0.99%.

4.4 Evaluation metrics results

The accuracy was 99.115, and the result of the confusion matrix for testing

data is shown in Table 4.6.

Table 4-6: Confusion matrix for CPCB dataset

Predicted
Good moderate | poor Very |[satisfactory| sever
poor
Good 724 0 0 0 2 0
moderate 0 3874 6 0 0 0
Actual poor 0 3 1064 0 0 0
Very poor 0 0 9 720 0 8
satisfactory 0 0 0 0 4153 0
sever 0 0 0 1 0 326
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Figure (4.9) display the result of the accuracy, precision, recall, and F1 score for
testing data

100.5
100
99.5
99
98.5
98
97.5 I I
% good moderate poor very poor | satisfactory sever
H precision 100 100 99 100 100 98
M recall 100 100 100 98 100 100
m f1 score 100 100 99 99 100 99

M precision Mrecall mflscore

Figure 4.9: Evaluation result for testing data

In the India air quality station day dataset, the accuracy was 97.47%, and the result
of the confusion matrix for testing data is shown in Table 4.7

Table 4-7:Confusion matrix of India air quality station dataset

Predicted
Good moderate | poor Very [satisfactory| sever
poor
Good 8866 0 0 0 0 0
moderate 227 3163 31 0 0 0
Actual poor 0 6 3519 0 0 2
Very poor 157 0 9 6925 0 8
satisfactory 0 0 0 203 1417 0
sever 0 0 80 0 0 1484

The model achieved high accuracy indicating its effectiveness in predicting

air pollution levels. The confusion matrix demonstrates that the model performs
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well across different pollution levels, with a majority of instances being correctly

classified in their respective categories.

4.5 Implement MLP in Proposed 10T Environment

Implementing MLP in a proposed IoT environment based on air quality
aims to leverage the power of artificial neural networks to monitor and analyze
air pollution levels. With 10T devices equipped with sensors deployed in various
locations, MLPs provide a means to process the collected air quality data. In this
scenario, the problem is monitoring and predicting air pollution levels in the 0T
environment. The fellow steps of implementing the proposed system in 1oT.

4.5.1 Read Data by Sensor

To read data from the MQ135 sensor and display numeric values using
Arduino IDE, follow these steps:

1. Connect the MQ135 sensor to the Arduino board.

2. Make sure to connect the necessary pins (e.g., VCC, GND, and analog
output) based on the sensor's specifications.

3. Open the Arduino IDE and create a new sketch and put the code that read
the data of the sensor when senses the pullulation. The monitor side of the
Arduino IDE would display the values outputted by the Arduino board.
Figure 4.10 represents the values of the sensor displayed in the Arduino

IDE monitor.
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Figure 4.10: The values sensor in Arduino IDE monitor side
The values in the Arduino IDE monitor side might include numeric

readings of the sensor values at different time intervals. These values could be
continuously updated and displayed in real time as the sensor readings change.
When there is no pollution present, the readings from the MQ135 sensor are
expected to indicate good air quality. The MQ135 sensor primarily measures the
concentration of gases, and in the absence of pollutants or harmful gases, the
sensor readings should reflect a clean and healthy environment.

Typically, the MQ135 sensor operates on the principle of changes in
resistance due to the presence of gases. When no pollution or harmful gases are
present, the resistance measured by the sensor remains relatively stable. This
stability in readings indicates that the air quality is within acceptable limits.

Figure (4-11) shows the prediction without pollution.
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Figure 4.11:Result with no pollution

When expose a gas to the MQ135 sensor, the sensor will detect and
measure the concentration of that particular gas in the air. Figure (4-12) show the
result value when expose a NOX gas to the sensor
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Figure 4.12: Result of Mq135 sensor with NOx Gas
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4.5.2 The PySerial Setup

To setup PySerial and take data from a sensor, follow these steps:

1. Import the “serial’ module from the "PySerial” library in the Python
script.

2. Set up the serial connection by creating an instance of the "Serial™ class.
Specify the port to match the sensor's configuration. The port refers to
the communication port through which the sensor is connected (e.g.,
'‘COML1' for Windows).

3. Use the appropriate functions provided by PySerial to read data from the
sensor. One commonly used function is “readline()’, which reads a line
of data from the serial buffer.

4. Display or utilize the sensor data, print the data to the console, store it in
a file, and send it to a database.

When implementing these steps, it's essential to ensure that the sensor is
actively sending data through the serial port and that the port settings match the
sensor's configuration.

4.5.3 The Data Transfer to Main Controller (PC)

The analogRead() function reads the analog value from the MQ135 sensor
connected to the MQ135_PIN (A0 in this case). The sensor value is then sent to
the computer via serial communication using Serial. printin().

1. Upload the code to the Arduino board by clicking on the "Upload"

button in the Arduino IDE.

2. Open the Serial Monitor in the Arduino IDE.

3. Once the code is uploaded and the Serial Monitor is open, should start
seeing the sensor readings displayed in the Serial Monitor. The readings
from the MQ135 sensor are sent to the computer through the USB
connection, to view and analyze the data on the computer.
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By following these steps, successfully pass data from the MQ135 sensor to the
computer using the Arduino board and the serial communication feature.
4.5.4 Air Quality Prediction in Real-Time

In the proposed 10T environment, the MQ135 sensor and Arduino play
essential roles in capturing air quality data and integrating it into the overall
system.

The Arduino reads the digital values from the MQ135 sensor at regular
intervals, enabling real-time monitoring of air quality. The Arduino can interface

with a user interface, such as a computer (see Figure 4-13), to display the air

quality data.

MLP Prediction : Moderate Air
MLP Prediction : Moderate Air
MLP Prediction : Moderate Air
MLP Prediction : Moderate Air
MLP Prediction : Moderate Air
MLP Prediction : Very Poor Air
MLP Prediction : Severe Air
MLP Prediction : Very Poor Air
MLP Prediction : Very Poor Air
MLP Prediction : Poor Air

MLP Prediction : Poor Air

MLP Prediction : Poor Air

MLP Prediction : Very Poor Air
MLP Prediction : Poor Air

Figure 4.13 : Predction values in realtime

4.6 The comparisons of the proposed system against related works
When evaluating the proposed system and comparing its results with the
other related work results, it was found that the proposed system achieved better
results and higher accuracy in both data sets (CPCB and India air quality station
dataset). The reason for this is due to the efficiency of the methodology as it was
built step by step in a deliberate and accurate manner. , the results of first dataset
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Is higher than the result of India air quality station dataset In addition to taking
advantage of the features selection when building the model, also using three
hidden layer of the deep learning model and the number of nodes achieve better
result than the author [10] that used only one hidden layer .

The Relu activation function is consider the best activation function that
help to accurate model than sigmoid function.

Table 4.8 is illustrated a comparison between proposed system work of
CPCB and India air quality station dataset with multi classification and other

related works.

Table 4-6: The proposed system is compared with recent works

No Author Dataset Algorithm Accuracy
1 [10] CPCB Multi Iayer 98.1%
dataset Perceptron
2 [14] CPCB SVM 97.3%
dataset
3 [83] OFEPP Neural 92.3%
Network
4 [11] India air quality GRADIENT 95%
station day BOOST
5 [17] CPCB SVM 96.92%
6 [16] Open Data neural network 96.61%
Jakarta
7 [18] CPCB XGhboost 91%
CPCB 99.115%
#  Our proposed system —|ndia air quality MLP 97.47%
station day
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CHAPTER FIVE

The Conclusions and The Future Works

5.1 The Conclusion
This study explores the synergy between Internet of Things (IoT) devices

and deep learning techniques to enhance air quality monitoring. Recognizing the
critical importance of accurate air quality assessment for both human health and
the environment, this research demonstrates the potential of real-time data
collection and analysis through 10T integration. Utilizing deep learning, the study
showcases the ability to predict air quality parameters, enabling proactive
measures to mitigate risks associated with poor air quality. The impact of feature
selection on prediction accuracy is examined, and the effectiveness of deep
learning models in forecasting air quality parameters is illustrated through
analysis of a comprehensive dataset.

1- Accurate Air Quality Prediction

Deep learning techniques accurately predict air quality parameters based
on historical data and real-time sensor readings. These predictions
empower proactive measures to address potential risks linked with poor air
quality.

2- Impact of Feature Selection
The study reveals that feature selection enhances prediction accuracy.
Choosing the right data features is crucial in refining predictive models and

boosting their precision.

5.2 The Suggested Future Works
We recommend that, as part of future development:

1. Integration of Additional Data Sources
Combine meteorological data to air quality prediction. Meteorological data
affects air quality. Focus on preprocessing, feature extraction, and

interdisciplinary collaboration to effectively merge diverse data.
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2. Model Refinement and Optimization
Improve deep learning models by tuning hyperparameters and exploring
ensemble techniques. Enhance interpretability for better insights. Collaborate

between experts to align refined models with air quality intricacies.
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