CUKUROVA UNIVERSITY
INSTITUTE OF NATURAL AND APPLIED SCIENCES

MSc THESIS

Waleed Khalid Mahmood MAHMOOD

INVESTIGATION OF MACHINE LEARNING METHODS
FOR PREDICTION OF OZONE CONCENTRATION TO
DETERMINE OUTDOOR AIR QUALITY LEVEL

DEPARTMENT OF ELECTRICAL AND ELECTRONICS
ENGINEERING

ADANA-2021



ABSTRACT

MSc THESIS

INVESTIGATION OF MACHINE LEARNING METHODS FOR
PREDICTION OF OZONE CONCENTRATION TO DETERMINE
OUTDOOR AIR QUALITY LEVEL

Waleed Khalid Mahmood MAHMOOD

CUKUROVA UNIVERSITY
INSTITUTE OF NATURAL AND APPLIED SCIENCES
DEPARTMENT OF ELECTRICAL AND ELECTRONICS ENGINEERING

Supervisor  : Asst. Prof. Dr. Ercan AVSAR
Year: 2021, Pages: 85
Juries : Asst. Prof. Dr. Ercan AVSAR
: Asst. Prof. Dr. Ahmet AYDIN
: Asst. Prof. Dr. Gékay DISKEN

Due to an increase in the field of industrialization and urbanization that the
world witnessed in recent years, the amount of air pollution is increased in various
countries. This situation constitutes a risk for the humans especially those with
respiratory diseases. Therefore, prediction of the air pollution level is an important
task that may be useful for developing early warning systems. In this thesis study,
performances of six different machine learning methods have been investigated for
predicting outdoor ozone concentration in Istanbul, Turkey. These methods are
support vector machines, multilayer perception, random forests, gradient boosted
decision trees, k-nearest neighbor, and elastic net. The predictions are made
according to one-step-ahead time-series forecasting scheme with a rolling walk
forward validation. Six major atmosphere components that are based on air quality
index readings, namely, SO,, PM10, Oz, PM2.5, NO,, and CO that are utilized to
train the models. Firstly, prediction performance of these methods are calculated by
training regression models. Next, the predicted values are converted into one of the
five air quality index levels. This conversion makes it possible to calculate
performance metrics regarding a multi-class classification problem. The lowest
RMSE of 2246 was observed by using MLP and the highest accuracy score of
0.790 was observed by SVM.

Keywords: Machine Learning; Time-Series Forecasting; Regression Methods; Air
Quality Index.
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Son yillarda diinyanin tanik oldugu sanayilesme ve kentlesme alanindaki
artis nedeniyle cesitli iilkelerde hava kirliligi miktar1 artmaktadir. Bu durum
insanlarda 6zellikle solunum yolu hastaligi olanlar igin risk olusturmaktadir. Bu
nedenle hava kirliligi seviyesinin Onceden tahmin edilmesi erken uyari
sistemlerinin gelistirilmesi konusunda faydali olabilir. Bu tez ¢aligmasinda,
Istanbul, Tiirkiye'deki acik hava ozon konsantrasyonunu tahmin etmek igin alti
farkli makine O0grenme yonteminin performanslari incelenmistir. Bu yontemler,
destek vektor makineleri, ¢ok katmanli algilama, rastgele ormanlar, gradyan
artinnlmis karar agaclari, k-en yakin komsu ve elastik agdir. Tahminler, ileriye
dogru yuvarlanan dogrulama metodu ile bir adim ileri zaman serisi tahmin seklinde
yapilir. Bu modellerin egitimi icin hava kalitesi indeks okumalarina dayanan alt1
ana atmosfer bileseni olan SO,, PM,,, O;, PM,s5, NO, ve CO Ool¢limleri
kullanilmistir. Oncelikle bu ydntemlerin tahmin performansi, regresyon modelleri
egitilerek hesaplanir. Daha sonra, tahmin edilen degerler bes hava kalitesi indeks
seviyesinden birine donistiiriiliir. Bu donistiirme, ¢ok smifli bir siniflandirma
problemine iligkin performans Olgiitlerinin hesaplanmasini miimkiin kilar. En
diisiik RMSE 2246 ile MLP kullanilarak, en ytliksek dogruluk puani 0.790 ise SVM
tarafindan gozlenmistir.

Anahtar Kelimeler:Makine Ogrenmesi; Zaman Serisi Tahmini; Regresyon
Yontemleri; Hava Kalitesi Indeksi.
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EXTENDED SUMMARY

Recently, the world witnessed a remarkable development in the field of
industrialization and urbanization, and the development is still taking place in clear
steps forward. Usually, any developments are initially associated with risks that
requires observation and control. One of these common problems associated with
the development of industrialization and urbanization is ambient air pollution and
its negative effects on life of citizens. Ambient air pollution (AAP) is an obvious
mark of sustainable development because sources of AAP are responsible for
producing climate pollutants such as Carbon dioxide (CO,) or black carbon (BC).
Recently, AAP has become a concern of most specialists and researchers,
especially health organizations that claim to preserve the outdoor environment. Air
pollution is considered the biggest environmental risk to health, as it occupies the
fourth place on the list of the most common causes of death after tobacco, rising
blood pressure and poor dietary habits. Air pollution is a major factor in the
worsening of respiratory symptoms; in addition, it is one of the main causes of
asthma attacks. Therefore, several of the researchers have sought to contribute to
an investigation of air pollution dangerously and its relation with industrialization
and urbanization. Therefore, prediction of the air pollution level is an important
task that may be useful for developing early warning systems that are useful for the
sensitive groups about the air pollution. This work evaluates the performances of
six different machine learning methods for predicting the maximum outdoor ozone
concentration for the next day.

In this study, an air quality dataset, which contains air pollution
measurements for five years in Istanbul, is utilized to train the machine learning
models. The utilized dataset consists of six major components of the atmosphere,
namely, Sulfur Dioxide (SO,), PM10, Ozone (0O;), PM2.5, Nitrogen Dioxide
(NO,), and Carbon Monoxide (CO) that was arranged on a sequence of time. Time

series forecasting method is used to forecast the proposed time-series data. The
I



proposed data are preprocessed in many steps to be appropriate with time series
forecasting method. The final obtained version of the dataset after preprocessing
steps have consisted of 1013 row and 56 columns.

Six regression models based on machine learning methods are utilized to
train the proposed TS dataset, namely, Support Vector Machine (SVM), Multilayer
Perception (MLP), Random Forests (RF), Gradient Boosted Decision Trees
(GBDT), k-Nearest Neighbor (K-NN), and Elastic Net (EN). To train and test the
proposed models, the rolling walk forward validation method is used.

The first step, one-step-ahead are performed by using these models for
measuring the regression performance. For the regression problem, the proposed
models achieved approximate performance values. However, MLP model
outperformed other proposed models, with the lowest RMSE score of 2246. EN
model is the alternative model in the regression method, which has the second best
performance after MLP model.

Next, the predicted values by these models with the observed data are
converted to corresponding air quality levels by using US EPA formula. The values
converted are labelled to the first five classes from the six classes of AQI standers
of US EPA. The five classes are used to generate a multi-confusion matrix, which
in turn allows to generate measures for the classification performance. For the
classification problem, linear and non-linear SVM model is outperformed other

proposed models, where, shown the highest accuracy score of 0.79.
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1. INTRODUCTION Waleed Khalid Mahmood MAHMOOD

1. INTRODUCTION

1.1. Ambient air pollution and sources

Air pollutants sources are classified into four main types according to the
way they are configured at atmosphere. Air pollution sources in the atmosphere
may be either formed by itself or emitted into it. The first type of source is primary
air pollutants that are emitted into the atmosphere by exhaust pipe or chemical
factory. The secondary air pollutants are formed by themselves within the
atmosphere that arises as a result of chemical reactions of primary air pollutants.
Gaseous air pollutants are the third source that presents as gases or vapor. The last
source, particulate air pollutants include material in liquid or solid phase pending in
the atmosphere (Lodgejr, 1996).

In recent years, the world has witnessed a massive increase in the field of
industrialization and urbanization in addition to untapped population growth. As a
consequence of this situation, there has been a negative impact on indoor and
outdoor air quality. Ambient air pollution (AAP) is an obvious mark of sustainable
development because sources of AAP are responsible for producing climate
pollutants such as Carbon dioxide (CO,) or black carbon (BC). Ambient air
pollution is an international climate problem that is concerned with the researchers
and specialist, which influences especially the health of the urban citizens.
According to the World Health Organization (WHO), air pollution is considered to
be the biggest environmental risk to health, as it occupies the fourth place of the
list of the most common causes of death after tobacco, rising blood pressure and
poor dietary habits (Health Organization, 2016). As stated by a recent survey,
global mortality hazard factor of ambient air pollution is considered 5 million
annually. Despite that, there are more than 90% of the world’s population does not
breath air in quality correspond of health-based guidelines (Vital Strategies, 2021).
Air pollution monitoring capacity varies widely among from one city to another

according to economy of the countries. Some high-income countries can be
1



1. INTRODUCTION Waleed Khalid Mahmood MAHMOOD

establishing continuous high air pollution monitoring system of all their cities, but
some low-income countries such as Africa and the Middle East are facing
difficulty in establishing a system to monitor pollution (Vital Strategies, 2021).
Thus, citizens in Africa or the Middle East suffered particularly much severe levels
of pollutants than those high-income cities. According to WHO survey about the
impact of ambient air pollution, in 2012 there is 3 million premature death
worldwide equivalent to one death for every nine deaths due to ambient air
pollution (Health Organization, 2016). Furthermore, an increase in the number of
deaths was observed where the number of deaths rose to 4.2 million premature
death worldwide, were about 87% of these deaths happen in Low- and Middle-
income Countries (LMICs) (Health Organization, 2016). Hence, this rise in death
confirms the survey that indicates an increase in the number of premature deaths
40% from ambient air pollution in the next two decades. Therefore, the goal of the
United Nations Sustainable Development (UNSD) is developing a fortified strategy
for the next two decades to limit air pollution hazards (Rafaj et al., 2018). Besides,
the predictions of Organization for Economic Co-operation and Development
(OECD) confirm the continuation of air pollution rising towards 2050, and it will
be the prime reason for environmentally related deaths worldwide (OECD, 2012).
Permanent exposure to air pollutants increases the risk of exposure to serious
diseases, such as respiratory diseases (Asthma and Chronic Obstructive Pulmonary
Disease (COPD)), lung cancer and the diseases relating to the heart and blood
vessels (Health Organization, 2009).

In recent years, the researchers have focused on the dangers of indoor air
pollution and their impact on the population. The reason for that concern is utmost
for the citizens like elderly and children who spent most of the time indoor, in
addition to young people turn to spend most of the time indoor cause of
technological development and COVID-19. Despite the concern given towards
indoor air pollution, outdoor air pollution was considered the major of many

essential negative effects on universal public health. The importance of outdoor air
2
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pollution is that it is the main source of indoor air pollution. Today, there is a lack
of potential to prevent the outdoor particulate matter from seeping indoor
environment yet (Blondeau et al., 2005). Therefore, outdoor air pollution is
considered the major of many substantial negative effects on universal public
health, in particular its negative impact on Asthma and COPD patients.

The six most hazardous pollutants of the atmospheric components are
(Particulate matter (PM25 and PMio), Nitrogen Dioxide (NO2), Sulfur Dioxide
(SO2), Ozone (03), and Carbon Monoxide (CO)) and they are reported to cause
serious health problems (X. Q. Jiang et al., 2016). Each of the six components has
different adverse effects. The concentrations of NO2, SO2, and PM have a direct
impact on increasing mortality (Carey et al., 2013). While the concentration of O3
directly impacts the increased risk of perforated appendicitis; the increase was

estimated at 11-22% during 3-7 days of high O3 exposure (Kaplan et al., 2013).

1.2.Impact air pollution on lung diseases

The concept of lung diseases (respiratory diseases) refers to the inability of
the tissues and organs to receive enough amount of oxygen (like Asthma, allergic
rhinitis and COPD). Asthma is a chronic respiratory disease. It causes airways to
get inflamed and narrow eventually yielding difficulties in breathing. Global
Asthma Network (GAN) studies indicate that the number of asthma patients in the
world are about 0.334 billion with attributed death annually approximately 0.383
million (Ghoshal et al., 2020). COPD is a life-threatening lung disease
distinguished by symptoms of wheeze and cough and difficulty breathing. Lung
diseases may be a severe obstacle to the patient's ability to carry out daily
functions, especially for the child, as it may be a sufficient reason for absenteeism
from school and limitations of activities.

Previous studies have shown that the causes of asthma attacks are due to
genetic or environmental factors (Ambient Air Pollution) (Toskala & Kennedy,

2015). Exposure to air pollution causes severe exacerbation in asthma and COPD
3
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symptoms patients or can trigger a new case of an asthma patient (Seaton et al.,
1995) and (Feldman, 2012). A survey conducted in China’s Hubei province (2013-
2018) about mortality due to asthma patients by ambient air pollution, they
estimated that from over 7 thousand asthma death cases there are two of death were
due to ambient air pollution daily (Beamer, 2019). Besides, it was statistically
shown that more than 18% of air pollution deaths in 2016 were COPD cases
(Health Organization, 2018). The researchers documented that the increase in the
major components of air pollution is directly proportional to the increase in the
mortality of asthma patients, such as increased O3 proportionally was associated
with increases a 9% of the deaths of asthma patients (Beamer, 2019). Ozone or as
called trioxygen, is considered a dangerous component, to which exposure in a
short time can lead to many health symptoms on the respiratory system; in addition
to reduced lung function and airway inflammation (Matteelli & Saleri, 2008).
According to an article, 1.1 million premature deaths worldwide annually were
attributed to O3 exposure eventually causing respiratory diseases.

In addition, the potential health risks of other air pollution components,

may be listed as follows:

e PM is associated with significant aggravated asthma problem; allergic
symptoms; decrease in the growth of lung function.

e NO2 is associated with nose, eyes, and throat; and can be reason
respiratory illnesses and symptoms.

e SO2is associated with result in breathing difficulties of asthma patients
and increased respiratory symptoms in children with asthma.

e (O is associated with reducing the ability of the blood to transfer
oxygen.

e In addition to more than 187 hazardous air pollutants compounds
believed that are associated with a significant aggravated respiratory
problem (Matteelli & Saleri, 2008).

4
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Conclusively, ambient air pollution is a serious global issue that requires
the intervention of all authorities to take action. In high-income countries, AAP is
considered a direct threat to the state's economy, also, the source of several serious
diseases exposed to citizens. In low- and middle-income countries, air pollution is
a fundamental factor in increased mortality, especially among those with
respiratory diseases. The danger of air pollution is gradually increasing with
increasing industrialization; preventing industrialization is not the right solution,
however, the main goal is finding appropriate solutions according to this
development rapidly. Therefore, the prediction of future values is a significant step

that helps in developing warning systems for sensitive people.

1.3. Time series forecasting

Due to the urbanization and the increase in awareness, citizens have
requirements commensurate with the current development, the first of which is
with the daily forecast of the climate. The human is more curious about the only
moving thing which never stops is time. Therefore, the curiosity is about things
that change with the time change. Time-Series Forecasting (TSF) is a critical
concept for method of real-world applications, to make machines predict the future
values of a quantity, such as predict weather changes, traffic or health status of a
person. Forecasting in an appropriate time will prevent damage from the natural
calamities.

TSF is a significant concept of machine learning (ML) that is neglected
oftentimes. The reason it was neglected due to the hardness of handling with the
time sequence. Dalrymple is the first who proved that importance of TSF in future
prediction (Dalrymple, 1987). TSF is estimating actual unknown information
regarding the future by fitting models on an orderly sequence of historical
information. TSF difference is to add a time dimension, that means setting

additional qualification and structure that providing extra information. Time series
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data is a group of serious variable observations that include a series of observations

ordered in time. Time series has four major components, may be listed as follows:

e Trend: is a long-term and medium movement that shows the general
tendency of linear increasing and decreasing of the series data over
prolonged time.

e Seasonal Variation: is a short-term movement having repeating seasonal
pattern that works in an ordered and periodic manner, typically with a
period of less than a year. It has a constant and recognized length.

e Cyclic Variations: are short-term variations in time series and has a cyclic
pattern that operates over more than a year. It has a changeable and
unknown length.

e Random or Irregular Movements: are irregular or purely random change in
time series that mostly due to wars, flood or earthquakes. It has
unexpected, unpredictable and uncontrollable variation (Bose & Mali,

2019).

Developing time-series forecasting systems using regression models is a
primary undertaking in the field of engineering nowadays, and the study for

enhancing the prediction models has never ended (Aijaz & Agarwal, 2019).

1.4.Problem statement

Awareness of ambient air pollution hazards and their impact on health of
respiratory patients is increasing every day.

Therefore, several health organizations seek to provide availability of an
appropriate and stable pollution-free environment for patients with respiratory
disease. Besides, the responsible authorities and researchers seek to develop plans

to address ambient air pollution, thus, addressing ambient air pollution occupies an
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important place on the international agenda. The main purpose of treatment is not
only to improve air quality, but there are many other benefits, the first of which is
injury protection and enabling physical activity. Due to the advancements in
technology, it became actionable to establish a system to reduce the risk of ambient
air pollution more rapidly. Therefore, we aim to share that cooperation and exploit
advancements to establish a lower cost integrated system of forecasting the hazards
of pollution. As a result, the goal of the proposed system is applying various
machine-learning methods with time-series data of air pollution to establish a
future predication about the major pollutants.

In this thesis, time series forecasting (TSF) application was made on a
sequence air quality dataset to predict the future values of O3 and classify these
future values into one of the six air pollution levels. The TSF application is based
on six different regression models, which are used for fitting time sequence dataset.
These models are k-nearest neighbour (KNN), support vector machines (SVM),
regression trees (gradient boosted decision tree (GBDT) and random forests (RF)),
elastic net (EN) and artificial neural networks-multilayer perceptron (ANN-MLP).
The proposed models are trained by the dataset that has six major pollution
component collected over five years. Time sequence dataset is converted to a
supervised dataset by posing O3 as a target value of pollution to predict its next-day
value.

After predicting the future value, this predicted value is classified into an
air pollution level determined by The standard equation of United States
Environmental Protection Agency (US EPA). The equation assigns an air quality
index (AQI) to the pollutant, which is then used for determining the pollution level.
The predicted concentration of pollution was labelled into five labels (good,
moderate, unhealthy for sensitive groups, unhealthy, very unhealthy) to generate a
confusion matrix, eventually. Although the air quality index is composed of six

categories, ozone is restricted by the first five categories only.
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The most important contributions of the thesis may be listed as follows:

e First, the thesis contributed to identifying and analyzing the most important
steps necessary to establish an architecture of TSF.

e Thesis highlighted hazards of air pollution and it harmful to citizen with
respiratory disease illustrated all the potential to build a protection model
to control hazards of air pollution.

e In addition, the thesis compares the performance of many regression
models and shows which one is most appropriate with TGF.

e Thesis highlighted the significance of using AQI for determining the
degree of air pollution. Therefore, AQI was used to classify the observed
data into five categories that were used to measure the performance of

classification method.

1.5. Qutline of the Thesis

The rest of this thesis is orderly as follows. Chapter 2 presents an overview
of related works that are summarized for Time-Series forecasting method. Chapter
3 presents materials and methods that are used for establishing the architecture of
TSF model. Chapter 4 the obtained results are presented and discussed with

previous researches. Finally, Chapter 5 addressed the conclusion and future work.
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2. LITERATURE REVIEW

In recent times, ambient air pollution problem has attracted the attention of
many researchers. Therefore, several of these researches have focused on
contributing to investigate the hazards and threats caused by air pollution and its
relation with industrialization and urbanization. Most of the research activities
aimed to show the potentials of technology for reducing the risk of air pollution.
Thus, many of the methods were developed to solve and control an air pollution
problem and most of the methods are utilized time series forecasting method.

In earlier years, the world has witnessed a remarkable development in the
field of technology in addition to the reduction in the cost of computers. This
development makes measuring and storing data easier and allows using ML.
Bellinger et al. presented a detailed study of a wide variety of ML algorithms to
mine and store dataset of air pollution and its effect on reducing pollution in the air
(Bellinger et al., 2017). Kang et al. showed a future investigation on the threat of
air pollution to citizens and the potential risks of gases spread in the smart city
(Kang et al., 2018). They demonstrated many factors causing pollution together
with corresponding solutions by ML approach based on time series forecasting. To
this day, many researchers have continued to demonstrate the capabilities available
in ML to eliminate the risks of air pollution. Zhu et al. illustrated the efficiency of
ML approaches to predict air quality (D. Zhu et al., 2018). The proposed method
refined models to forecast the concentration of air pollution based on data from
previous days. The world still suffers from air pollution, especially in Tehran (the
capital of Iran) where air pollution considered one of the major damage of the
metropolitan such as the health issues. Therefore, Delavar et al presented studies
to determine air pollutants by prediction models based on air pollution
concentrations in Tehran (Delavar et al., 2019). The previous data of days, month,
meteorology, nearest neighbor cities and topography were used as the input

parameters. In addition, regression models were used to fit the dataset. They have
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improved the error percentage to 94%. Willard et al. presented a structured and
overall overview of ML framework in various fields (Willard et al., 2020). The
survey presented an outline of several ML application that been performed. In
addition, several ML application and method ideas were discussed for future
research. All mentioned research has confirmed the efficiency of machine learning
with ambient air pollution and the role was played to mitigate the pollution.

There has been increasing trend in the research efforts made on TSF
algorithms particularly using statistical models. De Albuquerque Filho et al.
presented an exhaustive evaluation of the time-series forecasting models (De
Albuquerque Filho et al., 2013). The evaluated models utilized a time-series of air
pollution concentration levels. The obtained results showed the suitability of the
time-series forecasting methods for air pollution prediction. Constructing
predictive models for the future requires statistical calculations for concluding the
dependencies between a sequencing gap from the past and short-term future.
Bontempi et al. presented an overview of one-step time-series forecasting methods
for supervised learning and proved competitive of statistical models (Bontempi et
al., 2013). The need for the availability of huge amounts of a time sequence of
historical data was illustrated. In addition, machine-learning strategies for building
the structure of time series forecasting were illustrated. Du et al. proposed a
framework of deep learning (DL) with a sequence-to-sequence (StS) method to
forecasting a time-series dataset (Du et al., 2018). Time-series dataset was
addressed by long short-term memory (LSTM) model based on an encoder-decoder
architecture. The experiment result showed a satisfying accuracy and competent to
deal with the time sequence dataset.

TSF was considered as an appropriate method to predict the change in
climate or air pollution. Several researchers proved its efficiency. For example,
Gocheva-Ilieva et al. proposed a TSF model to indicate the higher component in
the atmosphere of Blagoevgrad. Six pollutants of the atmosphere were analyzed by

using the Principal Component Analysis (PCA) and Promax rotation methods
10
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(Gocheva-llieva et al., 2014). The BoxJenkins stochastic autoregressive integrated
moving average (SARIMA) models were applied to six pollutants to indicate the
higher component in the atmosphere. present a ML model to predict ambient air
pollution. The utilized dataset consisted of values collected from three different
stations (suburban, residential, and industrial) (Rahman et al., 2015). Three
methods were suggested to identify the most effective time-series methods. The
suggested model was ARIMA, ANN, and three models of fuzzy time series (FTS).
The result showed that ANN was more accurate for forecasting pollution. J. Zhu et
al. proposed a hybrid-forecasting model to predict air pollution. The proposed
model was established by integrating ensemble empirical mode decomposition
(EEMD) and a combined forecasting model of sub-series selection (J. Zhu et al.,
2018). For the reason of rising air pollution in the last several decades. Several
environmental agencies were searched to forecast air pollution as solutions to save
there citizen from future pollution. Reddy et al. proposed a TSF method to predict
air pollution in Beijing and Delhi (Reddy et al., 2017). The proposed method was
depended on an LSTM recurrent neural network (RNN) model to forecast the time-
series dataset. The proposed model showed an equivalent accuracy compared with
the baseline SVM. In addition, T. Liu et al. proposed the TSF model to enhance the
prediction of air quality in Hong Kong (T. Liu et al., 2018). The proposed model
was based on ARIMA with numerical forecasts. Time-series data was monitored
from several stations in Hong Kong. The monitored dataset consisted of three
essential components of air quality components were PM2.5, NO,, and Os;. The
deposition of harmful gases in the air has negative effects on the patient with
respiratory dresses. Bhalgat et al. proposed an ML model to predict SO,
concentration in the atmosphere (Bhalgat et al., 2019). Time-series model was used
to forecast the SO, readings for a year or less.

Several cities suffer from the pollution that related to traffic especially who
live near-road are most exposed. Traffic-related air pollution was presented by

Carlsten et al. and was elucidated the risk of early exposure to traffic-related air
11
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pollution associated with incident asthma a birth (Carlsten et al., 2011). One of the
most effective solutions taken to mitigate traffic-related air pollution is planted tree
barriers on roadsides. K. Hashad presented five ML methods to predict an
appropriate location to plant trees (Hashad et al., 2020). The five methods that used
to train and test dataset were a linear regression (LR), random forest, SVM, NN,
and XGBoost (XGB).

Regression models in ML that are proven their efficiency to build the
architecture of TSF. A large scale of the study was focused on regression problem
while classification problem has no extensive study. Ahmed et al presented a
comprehensive study that demonstrates a compare between the major regression
models for time series forecasting (Ahmed et al., 2010). The purpose of the
comparison is to clarify problems, faults and defects of the models in time series
forecasting. The models ranked from best to worst were MLP, Gaussian processes,
then Bayesian neural networks and SVR almost similar, then generalized
regression NN and K-NN regression about tied, CART regression trees and last
spot radial basis functions. In Beijing, air pollution became a health concern to
citizens. Maheshwari & Lamba used supervised regression models to deal with the
increasing pollution in Beijing (Maheshwari & Lamba, 2019). The six utilized
regression models were decision tree (DT), ANN-MLP, K-NN, linear regression,
Stochastic Gradient Descent and RF. Time-series dataset of hourly observation of
air for 4 years was used for training the proposed model.

Support Vector Machine (SVM) is a supervised learning method in the ML
algorithm. Primarily, SVM is used in classification tasks. SVM has been extended
for regression and time series prediction due to its experimental error and a
regularized code principle. Recently, several researchers rely on SVM and its role
in the TSF method. Thissen et al. presented a model based on SVM to predict a
time-series dataset (Thissen et al., 2003). SVM compared with the other two
methods were autoregressive moving average (ARMA) and NN models. Two kinds

of data set were used, the first real-world data was relatively easy and the second
12
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data was a difficult nonlinear chaotic. For a difficult dataset, SVM has
outperformed ARMA and NN models. For real-world data, the performances of all
models were very close. One of the SVM studies was applied for is predicting
financial based on TSF by Kim (Kim, 2003). The study was aimed to forecast the
stock price index for over 9 years, and results were compared with the back-
propagation NN model. The study proved that SVM is a promising alternative in
financial forecasting. TSF was involved in many fields such as electric load,
financial prediction and weather state. TSF cannot achieve accurately time-series
data even by using familiar linear techniques. Therefore, time-series data required
progressive algorithms for the forecasting process. Sapankevych and Sankar
provided a comprehensive survey on TSF using ML (Sapankevych & Sankar,
2009). The survey was provided to the researcher with a brief tutorial, insight and
advantages and challenges into the application of utilizing SVM. The survey was
proved the potential of SVM accurate in time-series prediction, and demonstrated it
outperform other non-linear forecast techniques including NN. Rubio et al.
presented and evaluated a prediction model based on regression method for
forecasting time-series information (Rubio et al., 2011). Least Squares SVM (LS-
SVM) model with Kernel method was used to predict time-series dataset. Tiirkay
and Demren present an application for forecasting electrical load based on SVM
method. SVM was showed satisfactory results (Tiirkay & Demren, 2011).

For air pollution problems, Yeganeh et al. proposed a prediction model for
forecasting the daily change in CO concentrations. SVM was utilized as the ideal
candidate for this project. The dataset was used is an observation of CO
concentrations for over 4 years in Tehran (Yeganeh et al., 2012). Due to rapid
industrial and economic growth in China that companion high air pollution.
Therefore, Liu et al. selected three cities in China to examine a forecasting model
(B. C. Liu et al., 2017). Support Vector Regression (SVR) model was used to train
the dataset. In Taiwan, Zhou et al. proposed a new framework that explores the

combined Multi-output SVM with the Multi-Task Learning (MTL) method for
13
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increasing the efficiency of TSF accuracy (Zhou et al., 2019). The dataset was
selected from three stations in Taiwan, contained was an observation of PM2.5
concentrations for six years. The results demonstrate the potentate of the proposed
model and its stability for handling a time-series dataset.

The most popular method in NN is MLP-NN that works on the principle of
feedforward and training its data by error back-propagation (BP) algorithm. For
advanced algorithms, many researchers are keen to find an appropriate tool to
handle time-series dataset. One of the praised suggestion was MLP-NN, where
they indicate is useful with large time-series dataset and it overcame large time-
series dataset problems. Raudys and Mockus presented a comparison between
MLP and ARMA method to forecast the time-series dataset (Raudys & Mockus,
1999). The dataset consisted of time-series data of real-world observation of seven
economical countries. The results showed that for well-structured data MLP was
better than ARMA, while for ill-structured data ARMA and MLP both of them was
poor in prediction. Overall, the comparison showed preference MLP for handling
the time series dataset. Shiblee et al. presented a novel approach to MLP with
different error measures to forecast a time-series dataset (Shiblee et al., 2009).
Deshpande proposed the ANN-MLP model for the TSF method (Deshpande,
2012). Time-series data was utilized for rainfall prediction in India where trained
MLP predict rainfall successfully, and MSE reading was better than other NN.
Another comparison between MLP and ARMA, where Voyant et al. presented a
method based on Al to forecast a time series (TS) dataset (Voyant et al., 2014).
ANN-MLP was utilized in this method; the results were compared with ARMA.
The utilized dataset was TS of temperature change from 1999 to 2008 was utilized
to forecast the global solar irradiation during 24 hours daily. The observed results
were outperformed MLP than ARMA, where MLP of error prediction lower than
ARMA by 1.3 points. In addition, Dudek presented an approach based on ANN-
MLP to forecast the probabilistic electricity price (Dudek, 2016). TS dataset

utilized to train the model was the price of electrical that cover three years.
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In another study, MLP was utilized to forecast air pollution and the
important role it plays in this area was explained. Akhtar et al. proposed a
forecasting model for ambient air pollution in India (Akhtar et al., 2008). MLP was
utilized to predict the concentration of PM10. The best result was observed by
MLP compared to different algorithms, as it showed an overall accuracy of 98%.
Baawain and Al-Serihi proposed a prediction model based on ANN to forecast air
pollution (Baawain & Al-Serihi, 2014). The proposed model was trained by a
dataset consist of major eight components of air pollution concentrations was
monitored by stations in Oman. MLP method with BP algorithm was chosen from
ANN methods to predict ambient air pollution. The results were shown well
agreement between the concentrations of input and output data. In the principle of
merge the characteristics of two models, He et al. present a hybrid model to
overcome the limits of accuracy (He et al., 2015). MLP model combined with
principal component analysis (PCA) were utilized to enhance the forecasting
accuracy of the TS dataset. PM concentration during spring and winter was used as
input data. The hybrid model showed a high-efficiency of the prediction accuracy
of a PM concentration. Nowadays, statistics are being used frequently to predict
climate change. Consequently, Choubin et al. presented a comprehensive study to
compare MLP, multiple linear regression (MLR) and adaptive neuro-fuzzy
inference system (ANFIS) models . (Choubin et al., 2016). The observed climate
change in Iran was used as a dataset of the model. MLP showed outperformance
than the other two models, where root-mean-square deviation (RMSE) was scored
0.86 and mean mean-square error was scored 0.74. Abderrahim et al. presented a
prediction model based on an ANN method to forecast air quality in Algeria. MLP
method was used to predict the concentration of PM10 (Abderrahim et al., 2016).
The PM10 concentration was collected for over 4 years. Due to the hazards of
airborne pollutants in urban, Rahimi proposed a model TSF model based on ANN
for forecasting ambient air pollution (Rahimi, 2017). MLP and MLR models were

used to predict the TS dataset. The dataset was used consist of NO, and NO,
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concentrations which collected during the two months of 2012. MLP model offer
superiority over the MLR model was demonstrated.

K-nearest neighbors (KNN) is a lazy learning method used for both
regression and classification methods. KNN was considered one of the classical
methods has used for TSF, but KNN is not the most efficient if compared with
SVM or ANNs. Using KNN with a time-series dataset was encouraged by several
researchers. A novel forecasting technique was presented by Chaovalitwongse et
al. (Chaovalitwongse et al., 2007). KNN model was utilized to predict the activities
of the normal and abnormal brain by using an electroencephalogram observed
dataset. The proposal has proven its efficiency to predict TS dataset. Ban et al.
proposed a regression approach to forecast financial TS data (Ban et al., 2013).
KNN model was utilized with the proposed approach. The S&P 500 stock data for
nine years was used to train the proposed model. The proposed model showed well
performance. In spite of the simplicity and intuitiveness of KNN in forecasting TS,
only a few studies of this method subsist in TSF. Therefore, Al-Qahtani and Crone
used the KNN regression model to predict electricity load (Al-Qahtani & Crone,
2013). TS dataset of the electricity load observed for over 7 years in the UK was
utilized in the proposed method. The proposed model showed acceptable results.
Due to the difficulty of managing and storing energy production, Wahid and Kim
proposed an ML model to forecast the daily energy consumption in Korea (Wahid
& Kim, 2016). KNN model was used in the proposed model to train TS of daily
energy consumption. The observed accuracy results of the model were high, where
showed 95.9% accurate results. In same year, Cai et al. improved the KNN model
to predict short-term traffic (Cai et al., 2016). The improved KNN model was used
in the improved model to forecast TS data collected from the real road segments in
Beijing for 4 weeks. The improved model outperformed another four proposed
models. Two years later, Priambodo and Jumaryadi presented another KNN model

for forecasting short-time traffic (Priambodo & Jumaryadi, 2018). The utilized TS
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data was collected from an IoT sensor in Denmark. KNN results were compared
with NN results, where NN by using TS data showed a better result than KNN.

KNN was involved with researches that keen on reducing ambient air
pollution risk. Dragomir used the KNN model for forecasting ambient air pollution
(Dragomir, 2010). Many components of air pollution are used as input data of
model, were recorded in June 2009. In the concept of integrating the characteristic
of two methods to produce an enhanced hybrid model. Qin et al. presented a hybrid
model based on a characteristic of Al techniques and statistical models (Qin et al.,
2019). KNN and LSTM models were used to forecast air pollution TS data. The
hybrid model was showed acceptable results for forecasting air pollution. Lubis et
al. proposed a KNN model to forecast air pollution (Lubis et al., 2020). Principal
Component Analysis (PCA) was used to enhance the forecasting accuracy of the
KNN model. The utilized TS dataset contained PM10 and SO, attributes belonging
to Pekanbaru city. The proposed model achieved accuracy results of 88%.

In decision analysis and data mining, regression trees are considered one of
the most familiar ML algorithms used widely in a regression problem because of
its properties like being simple and straightforward. Regression trees showed
optimistically result in the TSF method that encouraged the researchers of using it
to analyze TS data. We touched on in our thesis a random forest (RF) and gradient
boosting (GBM) regression method being the most famous and popular in TSF.
Kane et al. presented the TSF model by using RF and ARIMA to clarify which is
better in forecast TS data (Kane et al., 2014). Extremely pathogenic avian influenza
in Egypt was used as a training dataset in the proposed model. The results showed
RF outperforming ARIMA in the predictive ability of TS data. In 2017, Tyralis and
Papacharalampous presented a study to evaluate RF model in TSF (Tyralis &
Papacharalampous, 2017). RF model highest forecast performance when using a
minimum number of TS data variables was observed. In the principle of merge the
characteristics of two models,, Chen et al. proposed a hybrid model based on the

GBDT model Augmented by the LSTM model (Chen et al., 2018). Electronic
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health observed data was used as TS data to training the proposed model. The
hybrid model considered a simplistic model that has two properties,
generalizability and accessibility that make it easy to be performed on sophisticated
TS problems. In the same year, Moore et al. presented an RF model to forecast
future potential injuries to Alzheimer’s disease (Moore et al., 2018). RF showed
acceptable results were outperforming other models.

Regression trees also play a substantial role in building a forecasting model
that aims to mitigate air pollution. Carslaw and Taylor presented the first work that
explores the effect of the boosted regression trees (BRTs) model on forecast air
pollution (Carslaw & Taylor, 2009). NO, concentration data collected for four
years in London was utilized in the proposed model. The BRTs showed the ability
to use in air pollution forecasting. One of the common dangers of air pollution is its
effect on solar radiation. Sun et al. proposed a developed RF model to forecast air
pollution. The proposed model is developed by three kinds of data were air
pollution index, meteorological data and solar radiation (Sun et al., 2016). RF
model with air pollution index dataset was showed the best result compare with
other input data. Feng et al. proposed a method to forecast air pollution in China
(Feng et al., 2019). Recurrent Neural Network (RNN) and RF were used to forecast
a TS dataset. The major six atmospheric components (CO, SO,, NO,, PM10, O;
and PM2.5) was used to train the proposed model. the complex relationships
among atmospheric components were revealed by feature importance (FI) that was
generated by RF. where they observed that CO is an important component for
shaping O;, PM and NO,; relative humidity is effected directly by Dew-point
deficit. In Turkey, Altingdp and Oktay presented a TSF method to predict air
pollution (Altingdp & Oktay, 2019). RF and ANN were used to forecast daily
meteorological data in Istanbul. RF method showed outperforming in results
accuracy than the ANN method.

The last utilized ML regression model in our thesis that we will touch on

are the elastic net (EN). Elastic net is regulated linear regression that combined two
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methods the ridge and lasso. Few researchers have dealt with EN, especially in the
topics of TSF and forecasting air pollution. EN model was not used as much in
TSF as its counterpart of ML regression models, therefore, the lack was motivated
us to contribute to use EN in TSF. Most of the cited research in this section are
published after 2016.

Xu et al. proposed a new approach called elastic ESN for adapting to the
multivariate TS dataset (Xu et al., 2016). Echo state network (ESN) and EN were
used to establish a TS forecasting model. EN used to solve all regression problems
of ESN. The unknown weights were calculated by EN. The proposed model proved
efficiency and characteristics with forecasting TS data. In the principle of
preserving the environment from air pollution, Shahbazi et al. presented a study for
imputing the missing air quality values (Shahbazi et al., 2018). The framework of
the study is based on integrate two regression models were EN and neuro-fuzzy
networks. Four air pollution component were used as input data in the proposed
framework and they were collected from a monitoring network for air pollution in
Tehran. Statistical criteria of regression methods were calculated, RMSE was 0.88,
MAE was 0.73 and R-values was 0.81. Several researchers were attracted to
predict the solar radiations; due to solar energy is the renewable and clean shape of
energy. H. Jiang and Dong presented an investigation on using a square-root EN to
forecast solar energy (H. Jiang & Dong, 2018). The proposed model outperformed
the traditional methods. In the same year, W. Liu et al. proposed a TSF method for
handling short-term load forecasting (W. Liu et al., 2018). Group method of data
handling (GMDH) based on the EN method was used. GMDH-EN algorithm was
showed a high-efficiency for load forecasting. In addition, the way to improve the
combination prediction in TS dataset based on ML methods was discussed.
Recently, spread of COVID-19 has become difficult to control; therefore, Johnsen
and Gao presented an ML method for forecasting daily cases of COVID-19

(Johnsen & Gao, 2020). EN was utilized in the proposed method, as a conjectural
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and simple model to forecast TS data. Elastic Net COVID-19 Forecaster (EN-CoF)
showed high-accuracy with the feature of accessibility and generalization.

All of the mentioned studies underline the significance of ML and
regression methods in the TSF domain and the possible ways of improving the
related results. For the final part of related work, some of the TSF studies aiming to
forecast tropospheric ozone (O;) pollution and highlight its potential impact on the
human health are covered.

Forecasting the ozone concentration is considered one of the vital matters
due to its negative impact on the atmosphere and human’s health. Wang and Lu
presented a TF model that aimed to forecast the daily level of O; concentration in
Hong Kong (D. Wang & Lu, 2006). MLP model was proposed to use for
forecasting the O; TS dataset. MLP with a novel hybrid optimization method was
showed a high-efficiency of O; prediction. Due to the arduous to handle ozone
production by phenomenological models, Chelani proposed a linear regression
model to forecast of daily maximum concentration of O; (Chelani, 2010). SVM
was used to train daily O; concentration, which was collected for two years in
India. In Turkey, (Ozbay et al. proposed an ANN model to forecast the
concentrations Os in the lower atmosphere (Ozbay et al., 2011). MLP was applied
to predict the TS dataset. The proposed model showed satisfying results in Oj
prediction. In Brazil, Luna et al. (Luna et al., 2014) proposed a model to forecast
the concentration of ozone. PCA was utilized to analyze an air quality dataset,
which was collected for two years in Rio de Janeiro City. SVM and ANN
regression models were utilized to train a proposed TS dataset. Scalar wind speed
(SWS), NO and NOy have a high impact on the concentration of O; was observed
by PCA. In addition, ANN and SVM models showed remarkably and acceptable
results. The robustness of SVM, ANN and PCA were proved for forecasting the
concentration of O;. In Sydney, N. Jiang and Riley proposed a regression tree
method to forecast ground-level ozone pollution (N. Jiang & Riley, 2015). RF was

used to train the TS Oj dataset, which was collected for 5 months. RF showed
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outperforming CART algorithms, which demonstrated RF is a promising
regression method for forecasting air pollution. Meng presented five regression
models to forecast O; pollution (Meng, 2019). SVM, RF, AdaBoost, DT and
Logistic Regression were used to train and forecast the concentration of O;. The
TS used dataset was derived from the UCI Website (https://www.uci.org/) of three
cities. SVM showed high accuracy score of 0.949 compared with other proposed
models. Recently, presented an overall review of O; concentrations, which was
illustrated the hazards of air pollution and especially O3 (Yafouz et al., 2021). The
technology development impact and benefits for preventing air pollution risks were
highlighted during previous years. The previous works of ML, Al, O; prediction
models were indicated, and their significant role in past and future plans for
suppression of air pollution.

The main purpose of this study is a comprehensive and simplified
illustration of the formation of TSF architecture and demonstrate the important
features of the TSF method to encourage researchers to use and improve for
forecasting future sequence data. The secondary purpose of this study is to help the
universe from ambient air pollution especially people with respiratory disease. In
addition, the side purpose is to demonstrate the appropriate ML models to predict
TS data. Confidently, the proposed study will make an obvious renaissance of the

TSF method in the literature.
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3. MATERIALS AND METHODS

In this chapter, the work steps are demonstrated; where the used dataset is
covered; dataset analyzing steps are mentioned sequentially; the architecture of the
proposed system and the ML used models are illustrated for regression methods. In
addition, the used methods for converting the results of regression to classification

are demonstrated. All used methods are listed in a systematic sequentially.

3.1. Time Series Dataset

Time-series forecasting methods provide information about the near future
based on a sequence of historical information called a time-series dataset. Time-
series is a group of past readings that are arrayed according to a chronological
sequence that was observed for univariate or multivariate. Univariate time-series is
a sequence of data that depends only on a single variable. Multivariate time series
(MTS) is consist of more than one variable was arranged in a sequence of time.
MTS variables depend on each other, which are called dependency (Aishwarya
Singh, 2018) ,

The air quality index (AQI) dataset is used as multivariate data to train the
model, which consists of observation major atmospheric components (particulate
matter (PM2.5 and PM10), Nitrogen Dioxide (NO,), Sulfur Dioxide (SO,), Ozone
(O3), Carbon Monoxide (CO) and other components like temperature and
humidity). The used AQI dataset was published by the World Air Quality Index
Project (WAQIP) (http://waqi.info/) at the time of spreading COVID-19 pandemic.
The published AQI dataset involves readings from 380 major cities worldwide.
These readings are being collected from several stations since 2016 and the dataset
is still being updated daily. Four different arithmetic columns were provided by
WAQIP for each component of the used air pollution dataset. First, the daily
minimum value was calculated from the readings that were observed by several

stations, referred to as “min”. In the second column, the daily maximum value of
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the group of data was calculated from the readings that were observed by several
stations, referred to as “max”. Then, the arithmetic average of the daily observed
data was calculated as well, referred to as “Mean”. In the final column, the sum of
the squared distances of every expression of observed daily data was calculated,
referred to as “Variance”.

In this work, the data collected from Istanbul is chosen among 380 cities to
be used in the experiments due to its vast area and high population density with
high liveliness, in addition, to be considered a target of most tourists. Therefore,
exposed to air pollution constantly (Yurtseven et al., 2018), which indicate to be
the an appropriate city for analysis of air quality. The air quality measurements
between the dates 26.12.2016 and 15.10.2020 belonging to Istanbul city are used as
the dataset for this study. The final version of the dataset consists of 1013 row and
56 columns after the dataset preparation steps, which are explained in the
upcoming subsections, are performed. The structure of the raw dataset is given in

Table 3.1.
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Table 3.1. An illustrative table of dataset contents.

Date Country: | City | Species of Air Pollutant Species

Turkey components | Min | Max | Mean | Variance
12/26/2016 TR IST | SO2 06 | 20.8 | 3.6 150.56
12:00:00 AM
12/26/2016 TR IST | PM10 1 119 32 2965.21
12:00:00 AM
12/26/2016 TR IST | O3 05 [ 183 |25 136.67
12:00:00 AM
12/26/2016 TR IST | NO2 6.9 (761 |28.8 |2093
12:00:00 AM
12/26/2016 TR IST | CO 0.1 | 593 |76 1997.7
12:00:00 AM
12/26/2016 TR IST | PM25 2 751 85 61407.9
12:00:00 AM
10/15/2020 TR IST | SO2 0.2 {443 |29 1895.68
12:00:00 AM
10/15/2020 TR IST | PM10 6 89 29 3163.9
12:00:00 AM
10/15/2020 TR IST | O8 01 {217 |19 159.96
12:00:00 AM
10/15/2020 TR IST | NO2 2.8 | 109.6 | 28.6 | 4147.72
12:00:00 AM
10/15/2020 TR IST | CO 2.7 | 69.1 14 3263.06
12:00:00 AM
10/15/2020 TR IST | PM25 37 | 71 56 743.54
12:00:00 AM
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3.2. Air Quality Index

All dataset published by WAQIP was AQI values that were converted
before by WAQIP. AQI is an important index that indicates the level of pollution
in the atmosphere based on concentrations of pollutant at a particular period. AQI
is considered the ideal way to communicate between the government and its
citizens regarding daily forecasted pollution and the level of pollution. Each
government agency relies on a different AQI schedule with different health
implications. The used dataset was accredited by the United States Environmental
Protection Agency (US EPA) standards. The standards of US EPA were divided
into 6 levels, each level indicated by a colour representing the state of pollution in
the atmosphere. The green colour represents a good pollution level; this is followed
by yellow, which means the level of pollution is moderate. Next, unhealthy for
sensitivity group is indicated by the orange colour. The orange colour represents
the hazardous threshold of all agency being a danger to people with respiratory
diseases. The last three colours red, pink and maroon respectively indicate that they
are unhealthy for all citizens, as illustrated in Table 3.2. All stations measure and
monitor the concentrations of different air pollutants and save them. The measured
concentrations are converted into AQI using the formula proposed by US EPA,

which shown in equation (3.1).

_ _Imi—lo
e T (Cp — BHyo) + Io (3.1)

Here I, represents the AQI for pollutant p, C, is the truncated
concentration of pollutant p, BHy; denotes the concentration breakpoint that is
greater than or equal to Cy, BHyg is the concentration breakpoint that is less than or
equal to Cp, Iy is the AQI value corresponding to BHy;, Ijo represents the AQI

value corresponding to BHy . Table 3.4 shown the breakpoint values to be used in
equation (1) and the corresponding AQI values and levels (Mintz, 2013).
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Table 3.2. AQI level by US EPA.

Air Pollution
AQI Health Implications
Levels

50-100 Moderate Air quality is acceptable.
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Table 3.3. Breakpoints for the AQI

The Breakpoints that equal to AQI standers

o3 PM255 PM10 co S02 NO2 AQl

(ppm) 8- (mg/m3) (mg/m3) (ppm) (PPb)  (PPB) "' category

hour 24-hour 24-hour 8-hour 1-hour 1-hour

0.000- 0.0- 0-54 0.0 - 0-35 0-53 0-50

0.054 12.0 4.4

0.055 - 121- 55- 45 - 36-75 54- 51-100 Moderate

0.070 35.4 154 94 100

0.071- 355- 155- 9.5 - 76 - 101 - 101 - 150 Unhealthy

0.085 55.4 254 12.4 185 360 for
Sensitive
Groups

0.086-  55.5- 255 - 12.5 - 186 - 361 - 151 - 200

0.105 150.4 354 15.4 304 649

0.106 - 150.5- 355- 155-  305- 650 - 201 - 300

0.200 250.4 424 30.4 604 1249
do not 250.5- 425- 30.5 - 605 - 1250 - 301 - 400 Hazardou

define 350.4 504 40.4 804 1649

higher 350.5- 505 - 40.5 - 805 - 1650 - 401 -500
AQI 500.4 604 50.4 1004 2049

values

(= 301)

3.3. Time-Series Dataset Pre-processing

As mentioned earlier, Istanbul city data was chosen among 380 cities as an
initial step. Then the six major components for atmospheric pollution are chosen
for forecasting, namely, Sulfur Dioxide (SO,), PMio, Ozone (O;), PM2.5, Nitrogen
Dioxide (NO,), and Carbon Monoxide (CO). After performing some preprocessing

steps on this data, a dataset containing the min, max, mean, and variance of the
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daily observation of the indicated six pollutants for 37 months of duration is
obtained eventually. In the next subsection, the required preprocessing procedures

for the TS dataset are explained.

3.3.1. One-Step Ahead Forecast

The main purpose of using TSF is to predict the unknown future data by
using a sequence of historical information. Generally, TSF has two forecasting
strategies. The first strategy is forecasting data at the next time step, which called
the next day or one-step ahead forecasting strategy. The second strategy is
forecasting data at more than one time step (An & Anh, 2016; Cheng & Wei,
2010). One-step ahead forecasting strategy is applied in the proposed model. The
strategy based on the concept that reframing the main dataset to generate new data
columns which was derived from the original data. Let t be the original columns
that are already available. So, if the original columns are shifted by one-day back
(t — 1) that will represent yesterday. Repeating the same method for seven days
(t — 7) will represent the last week. Then, shifting one original column but by one-
day forward (t + 1) that will represent tomorrow or the target set. Lastly, merge all
of the gained data with the original TS data to obtain an entry TS dataset with a
target set to train the proposed TSF model, which illustrated in Figure 3.1. In the
used dataset, yesterday (t — 1) rows are added to the dataset, in addition, last-week
(t — 7) rows are added as well, moreover, represent tomorrow or the target set

(t + 1) is added to convert the TS dataset to supervised learning method.

Last
week Yesterday Target
t-n t7 t6 t5 t4 t3 t2 t1 --
Original
columns

Figure 3.1. One-step Ahead strategy.
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3.3.2. One-Hot Encoding

The coding method is a substantial step to preprocess the dataset to obtain
satisfying results in ML. Due to most of the models do not work with categorical
and float number dataset. The one-hot encoding method is the ideal solution to
convert categorical and float number to numerical data that simple to handle it by
ML models. One-hot encoding method uses N-bits to map the data to an N-
dimensional vector, where each component of the vector is either one or zero.
Here, "one" means existent while for “zero” means non-existent. In other words,
only data that have the state of “one” is valid else that is non-valid (Seger, 2018).
Table 3.4 illustrates a sample illustration of one-hot encoding with categorical data.
As shown in Table 3.5, one-hot encoding was applied to encode the date of the
proposed dataset. Therefore, an encoding vector with the length of 7-bits was used
to determine the days of week. For example, "0001000" is a one-hot encoding

vector indicating the dataset sample that corresponds to "Wednesday".

Table 3.4. One-Hot Encoding with categorical data.

Label Encoding

Names of people

Ahmed

Ali

Khalid

0 1 0 30

0 0 1 45
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Table 3.5. One-Hot Encoding scheme for coding the day information in the dataset.
CEVE Mond Tues Wednes Thursd Frida Saturd

ay

12/25/2016 !

12/26/2016
12/27/2016 ]
0

12/28/2016

12/29/2016 ]

12/30/2016 | 0 0 0 0 1 0
0

12/31/2016

3.3.3. The columns of the dataset

As mentioned earlier, the data uploaded from WAQIP was the content of
380 cities, and then the Istanbul city dataset extracted and cleaned from missed
data. The final extracted data contains 24 columns, where six major components of
the atmosphere (SO,, O;, PMio, PM25, NO,, CO), and there are four readings
(Max, Min, Mean, Variance) for each of these components. As a result, the
extracted data 24 columns that are arranged horizontally. To let the dataset to cover
the information about the date, some extra columns are added by means of one-hot
encoding. Yesterday columns are added to the dataset, which are extracted from
the maximum of six components by using the One-Step Ahead method, and then
by using the same method, the last-week columns are added to the dataset. In other
words, nineteen columns are added to the dataset that contains the encoded dataset
by using the One-Hot Encoding method, where the first 7 columns are represented
the day of the week (day0-day6), and the next columns are represented the months

of the year (monthO-month11). The final column is the target column is added by
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using the One-Step Ahead method, which contains the tomorrow information (next
day). Finally, the dataset contains 56 columns representing the features, where the
first 24 columns represent the observed data by WAQIP. The next 12 columns
represent the time dimensional information for yesterday and last week that were
added by using the One-Step Ahead method. The following 19 columns represent
the encoding data that were added by using the One-Hot Encoding, the final
column is represented the target column is added by using the One-Step Ahead

method, as shown in the Table (3.6).

Table 3.6. The explanations of the columns in the dataset.

03- 03 03-max 03-max for Day0 to day6 Month 0 to 03 _max
max min  mean varance for last-week (Wednesday) maenth 11 (next -
yesterday (April) day)
285 05 65 405.8 273 18.3 0001000 000100000000 27.7
(7 elements ) (12 elements )

3.3.4. Standardization

In general, most of the dataset contents are on different readings and scale.
This means that the same data may be represented by two significantly different
values collected on different scales such as 2 meters and 2,000 millimeters. In ML
that is very unacceptable, where the models require all input columns of data be
measured on a notionally common scale to improve the results. Two popular

methods significantly were used to adjust dataset values on a common scale. The
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first method is the process of scaling the data linearly in a specific range which is
typically selected as [0,1]. The formula for applying this type of scaling is given in
equation (3.2)

X—Xmin

Xscaled = (3.2)

Xmax—Xmin

Where, X is represented the input feature, X,,;, the minimum value of the
feature and X4, the maximum value of the feature.

The other scaling method, z-score normalization, rescale the input feature
values such that the scaled feature vector has zero mean and unit standard deviation

(SD). The formula employing the z-score normalization is given in equation (3.3).

Zscore = — (3.3)

Here, X represents the input feature, p and o are the mean and the standard
deviation values of the feature vector, respectively.

Z-score was used to rescale the proposed air pollution dataset, where the
function for calculating the mean, SD and Z-score were generated. The generated
function is applied to continuous feature values. In other words, one-hot encoded

features were not modified by this standardization process.

3.3.5. Walk-Forward Validation

Generally, the basic steps that must be performed in the process of building
ML algorithms split the train-test sets in a random way and use the K-fold cross-
validation method. Each of these steps have important characteristic and benefits to
improve ML model performance. These typical methods are avoided in TSF
problems because the sequence of the data should not be distorted during training

of a TSF model. In other words, the TSF method depends on analyzing the dataset
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according to a time sequence, which means consideration of time sequence when
using split and validation is a requirement. Train-test split method that esteem the
time sequence was used on the TS dataset. For validation, the Walk-Forward
validation method was utilized to avoid common errors. Walk-Forward Validation
(WFV) method based on generating a loop with many iterations for forecasting one
value (next-day value) for each iteration of the test set. The forecasted value will
combine with the train set for the next forecasting in the next iteration. The
prediction process continues until the end of iterations, which are equal to the
number of the test set. Walk-Forward validation has two types are Anchored Walk
Forward and Rolling Walk-Forward.

Anchored WFV is based on the approach of increasing the number of
samples in the training set (or called optimization window) in each iteration. For
every single iteration, the test value that was predicted is added to the optimization
window and neglected from the test set, which means an increase in the length of
optimization window and decrease in the test set (Benhamou et al., 2020). Figure

3.2 illustrates the mechanism of Anchored Walk Forward validation.
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Time Present
—

Available Historical Time Series

Optimization window .
P w Unseen for Forecasting
For training

Figure 3.2. Anchored Walk Forward validation.

Rolling WFV is based on the approach of stability of the optimization
window during iterations steps with a decrease in the test set. For each iteration,
the test value that was predicted is added to the optimization window with the
stability of optimization window size and neglected from the test set. Which means
when the predicted value will be added the optimization window size will be
shifted forward by one value instead of the value that was added (Podsiadlo &
Rybinski, 2015). Figure 3.3 illustrates the mechanism of Rolling Walk Forward
validation which is the method followed in this thesis for training and validation of
the TSF models. When WFV is employed, the number of training samples is
selected as 607 and the amount of samples in test set is 406. In other word, a
window of size 607 samples is shifted on time axis 406 times and the models are

trained and tested at every step.
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Time Present

I
IS

ey

Available Historical Time Series \

| Dropped - Optimization Unseen for
values window for training Forecasting

Figure 3.3. Rolling Walk Forward validation.

3.4.Regression Methods

Regression is a significant prediction technique in ML, which is used to
find the connection between the target variables and predicted variables. Usually,
the regression methods are used in TSF to determine the causal effect connection
between input and output values. Another benefit of the regression methods is
clarifying the strength of multiple output variables that impact the input variable. In
addition, the significance is in permitting us to compare the impacts of dataset
values that measured on different scales (Fahrmeir et al., 2013). Due to the benefits
of regression methods, it is an ideal candidate for forecasting TS data. Six models
based on regression methods for training the TS dataset were utilized in this thesis
study. The purpose of using several models was to find the appropriate model to

forecast the next day. The predicted next-day measurements are then assigned an
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AQI level with which classification performance is evaluated. In the following

subsections, the six regression models that were used are elaborated.

3.4.1. Support Vector Regression

SVM is a method originally developed for classification problems. Several
decades earlier, Vapnik-Chervonenkis theory proved that SVR is a satisfactory
model to apply to be regression problems (Vapnik, 1999). SVR model was
developed to perform predictions on unseen data and it is a supervised machine
learning algorithm that achieves high performance in TSF applications
(Sapankevych & Sankar, 2009). SVM is a linear learning machine defined in

equation (3.4), which the formula constantly utilized to solve regression problem.

f(x)=Ww.x)+b (3.4)

Here, w represents the weight vector, b is the bias term, and x is the input
dataset. The primary step for learning the weights with high generalization is
regularization of the weight by penalizing the largest ones. The previous part was
explained the linear formula of SVR. If the function, f(x), is optimized in a non-
linear way, the mapping function ,¢p(x), is used as shown in equation (3.5). ¢(x)
will be used for mapping the input data into higher dimensional "feature" space or
kernel space (Awad & Khanna, 2015). Three types of ¢p(x) are accredited, were
polynomial, hyperbolic tangent and Gaussian function "Radial Basis Function”
(RBF). RBF is used in the proposed TSF method, besides linear SVR is used as
well. Equation (3.6) represent the Kernel function formula for RBF, pu represents
the mean of the feature vector and y is the gamma is a measure of the amount of
the spread in the Gaussian function that is utilized to measure the similarity

between two points. If a small gamma is used that will determine the large variance
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of Gaussian function that means each two points are similar even if are not close to

each other and vice versa.

fx)=w.¢(x)) +b (3.5)

$(x, W) = exp(—yllx — ull*) (3.6)

The idea behind SVR is illustrated in figure 3.4 involving two dashed lines
(decision boundary). If L represents the distance from the green line (i.e. the
hyperplane) to the red lines, then these distance values can be denoted by +e.

Therefore (Alakh, 2020), the formula representing the decision boundary is:

(w.x)+b= ¢ (3.7

The main goal is to determine the decision boundary at ‘L’ space from the
hyperplane such that data points closest to the hyperplane or the support vectors are
inside the boundary line (Alakh, 2020). The parameter "C" or regularization
parameter is tuned by several readings to reveal the best available value for the
proposed model. Its function is tuning the margin for decision function. If the
small margin is encouraged, the parameter "C" value should be large, thus will
obtain a smaller misclassification rate during training and vice versa. However,
large values of the regularization parameter may cause overfitting. Therefore, it

should be tuned carefully.
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A

f(x)=wx+b

Figure 3.4. Work theory of SVR.

3.4.2. Multilayer Perceptron

The Artificial Neural Networks (ANN) is a connection of nodes or
computation units similar to human neurons, so they are called a neural network.
The architecture ANN consists of three layers as shown in Figure 3.5. The first
layer is called the input layer containing several units or neurons which represent
the seen values of the dataset for analysis. The hidden layer is the second layer
between the input and output layer, which is considered as a nonlinear
transformation of the input data. In other words, the hidden layer functions apply
weight to the input values, then point them as output by an activation function. The
weight is a numeric number that represents the connection line of the units between
each other. The final layer is the output of neurons (S.-C. Wang, 2003). The ANN

output formula is represented in equation (3.8).
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h; = o(T)_, VijX; + T (3.8)

Here, h; represents the ANN output of nodes i, o is the activation function

that imposes nonlinearities to the calculations made in the hidden layer. X; are the

input units, V;; are the weights, and Tihid hidden layer threshold.

Input layer Hidden layer Output layer

Figure 3.5. ANN architecture.

Multilayer Perceptron (MLP) model is a supervised model of ANN
algorithms that contains multiple hidden layers and work on the principle of
connecting node between each other. It does not involve any computation blocks
with loops. In other words, the information flows only in the forward direction,
which means from the input layer through the hidden layer to output and this is
called a feed-forward method. In MLP model, the output is connected to entire
nodes of both hidden and input layers, which is called fully connected (Gupta,
2013). MLP model was indicated as an appropriate candidate for the TSF model,
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due to its potential for resolving the regression problems by a non-linear tool, its
potential for approximating the smooth function even if not use a prior
presumption of data distribution (Kukkonen et al., 2003).

MLP model is applied in the proposed TSF model. The hidden layer
parameter is an MLP parameter used to adjust the number of nodes and the hidden
layer. The hidden layer parameter is tuned to an appropriate one by selecting

among three variables for the TSF model.

3.4.3. K-Nearest Neighbors

K-Nearest Neighbors (KNN) model is one of the simplest non-parametric
ML algorithms was used in both classification and regression methods. KNN
model is based on the lazy learning method that means deferred the generalization
of the training set, which is called instance-based learning. KNN is referred to as
highly effective when was used for analyzing the TS dataset (Martinez et al.,
2019).

KNN works on the principle of feature similarity for forecasting the next-
day value. Which means by depending on the values of features in the training set,
the value that wants to be predicted was assigned as a new point. Then, the
distances between the assigned new point and the points of the training set were
calculated. Based on the calculated distance, the closest "K" points were selected.
In the final step, the new data is forecasted by calculating the average of "K" values
of the closest assigned points (Aishwarya Singh, 2018).

Equation (3.9) represents the formula used to calculate the distance

between the new and input points.

Dy = \/Z%—l(Xim — Xjm)? (3.9)
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Here, D;; represents the distance measure, m is the specific time, X;,
denote the input dataset, X, is the seen test set with unseen target. Equation (3.10)

represents the formula used to calculate the next-day value,

_ XX
N = == (3.10)

where N denotes the next-day value, X; are the closest “K” values, K being the
number of point closest to the target. Figure 3.6 illustrates the idea behind the K-
nearest neighbors model with "K=3" was chosen.

The effective and only parameter in KNN is the "K parameter". K
parameter is used to determine the number of neighbor’s points that are chosen to

calculate the next-day value. K parameter is tuned to an appropriate three variables

for the TSF model.
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Figure 3.6. KNN model for different values of K
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3.4.4. Regression Trees

Regression trees (RTs) is a popular modelling tool in ML, which works on
the idea of partition the input dataset into small sets, in which the sets are more
homogeneous with esteem to the response. For realizing the homogeneity, RTs
determine predictor and value of sets, depth of the tree, and finally the prediction
equation for the leaf nodes. Even though RTs have particular weaknesses like the
instability of the model and the performance of predictive model not being optimal,
they are still important and powerful technique in the ML methods due to a number
of characteristics that are desirable for modelling problems that may be listed as

follows:

e First, the generation of RTs contains straightforward steps that are easy to
implement.

e The logic behind RT architecture efficiently addresses several types of
predictors even though when there is no pre-processing step.

e Furthermore, it is extremely efficient in handling the missing data.

In the regression trees, there are two types of nodes namely, "Decision"

"

node and "Leaf" node. "Leaf" node is used as the output of decisions that were
made by the "Decision" node. Figure 3.7 shows a sample architecture for RTs.
Regression tree method forms the fundamental basis of many alternative complex
trees that work on a similar forecasting principle. Gradient Boosted Decision Trees
(GBDT) and Random Forest (RF) models are two examples of such variants. Both

of these two complex algorithms are used in the proposed TSF model.
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Figure 3.7. RTs architecture.

RF is an algorithm constructed by evaluation of several previous
generalizations of the authentic bagging method carefully (Breiman, 2001). The
previous generalizations started when Breiman unveiled his theory for improving
the bagging, which indicated to the tree construction process will adding
randomness for reducing the correlation between predictors, which was Breiman
theory (Kuhn & Johnson, 2013). Several researchers were started adjusting the
model by adding the randomness to the algorithm during the learning process may

be listed as follows:

e (Ho, 1998) presented an idea to build full trees founded on random subsets.
e (Dietterich, 2000), presented an improved approach called "random split
selection”. This idea was indicted to use a random subset of the superior k
foreteller at each split in the tree for building the trees. Which means

choosing a randomized number of split “K* within a tree that ensure the
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“best” tree would be included in the ensemble. The number of K will be
determined by validation.
e In addition, (Breiman, 2000) sought to disorganize the tree framework by

adding noise to the response.

RFs reduces the variance of the overall dataset to any learner in the set.
This eventually results in a low bias by selecting powerful, complex learners.
Although, additional trees are included in the RF model, it still may be considered
as computationally efficient. RFs are tuned by several parameters and the
parameter that is responsible for the quantity of trees is more effective.
Performances of three different values for the number of sequential trees are
observed for tuning the appropriate tree number in the proposed TSF model.

The second algorithm is gradient boosting machines that is a statistical
algorithm that was founded by (Friedman, 2001) and works for both regression and
classification methods. Friedman showed that GBDT outperforms other boosting
algorithms and it is less prone to overfitting. GBDT is considered as an elegant and
simple algorithm with highly adaptable to various problems. Usage of a number of
weak learners and minimizing the loss function in the model are the main
principles of GBDT. Reducing the loss function in the model is achieved by
initializing decision trees until the ideal forecast of the response is obtained
(Touzani et al., 2018). A typical GBDT model is tuned by several parameters; the
parameter that responsible for learning rate, tree depth, boosting stages to perform
and the minimum samples in leaf nodes are tuned. The number of iteration
parameter (boosting stages) is tuned by observing the model performance of the
model for three different values in the proposed TSF model and other parameters

fixed on an appropriate one variable.
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3.4.5. Elastic Net

Tikhonov Regularization (Ridge regression) (Groetsch, 1986; Hoerl, 2020)
and LASSO (least absolute shrinkage and selection operator) (Tibshirani, 1996) are
statistical methods in machine learning that are used in regression analysis.
Decrements in the complexity of the model can be considered to have a negative
impact on the model response. Thus, instead of extracting the complex variables,
the penalization method on the complex variables proposed by LASSO and Ridge
models can be used. The LASSO algorithm uses the taxicab metric to penalize the
model variables simultaneously fitting the input dataset. This is also called L1-
norm penalty. The Ridge algorithm uses the squared coefficients method to
penalize the model variables for fitting the input dataset. This is also called L2-
norm penalty.

A linear regression model that uses both L1 and L2 penalty called Elastic
Net (EN). Elastic Net (EN) is considered as an improved method that avoids the
shortcomings of the Ridge and LASSO models. The minimized loss function

associated with EN model is given below (Zou & Hastie, 2005):

" _\2
Len(B) =%;’“]B)+A(% ™ B+ X |B)]) (3.11)

Where A represents the model parameter, x is the input variables matrix, y
denotes the unseen set, 8 is the weight vector. In addition, alpha (a) presents the
confusion parameter, which combines the LASSO and Ridge models. Whena = 1,
the elastic net is matched to lasso regression, while o = 0 to ridge regression. In
the proposed TSF model the Ridge, LASSO and EN algorithms are applied. Only
the EN model is mentioned in the result table because it outperforms the others.

Alpha parameter is tuned to an appropriate three variables for the TSF model.
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3.5.Performance metrics

As mentioned before, utilized dataset contains six components of air
pollution in the atmosphere that was converted to the AQI standards of Europe.
First of all, the concentration of O; is predicted after pre-processing the dataset.
Then the predicted concentration is converted into corresponding AQI by using the
standard formula of AQI in equation (3.1). Hence, for each of the steps, various
performance measures are calculated depending on the used method. Since the
regression models are used in the first step, root-mean-square error (RMSE) and R-
squared (R?) are calculated.

RMSE is used to measure the difference between the input data observed
and the predicted values by the regression models. Equation (3.12) represents the

used formula for calculating RMSE,

n —v )2
RMSE = | EealTYo). (3.12)

where n is denotes the number of data points, Y7; and Y),; represent the actual and
predicted values, respectively.

R? is a statistical measure used for calculating the extent variance between
the observed and predicted values. The formula used for calculating R? is given in

equation (3.13),

RSS
TSS

R%2=1 (3.13)

where RSS denotes the residual sum of squares as clarified by equation (3.14).
2
RSS = 3(Yri — Ypi) (3.14)
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In addition, TSS denotes the total sum of square calculated as shown in equation

(3.15).

TSS = Yi(Yri — Yim)? (3.15)

Then, the classification method is accomplished by comparing the
concentration of the observed components with predicted values. First, the actual
level and assigned level of concentration are calculated by equation (3.1). In the
second step, the actual level and assigned level are labelled according to the AQI of
the US EPA standard in Table 3.2. Then, a confusion matrix is generated
depending on labelled data. Confusion matrix or as called error matrix is a
specified table, which was used for visualization of the efficiency of a
classification algorithm (Visa et al., 2011). Figure 3.8 shows the confusion matrix

for a binary classification problem.

True Negative False Positive

(TN) (FP)

False Negative | True Positive
(FN) (TP)

Figure 3.8. A confusion matrix for two classes.

In order to visualize all level of pollution, a multi-class confusion matrix is

generated due to air quality is defined according to five categories. Figure 3.9
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shows the multi-class confusion matrix that is used in the proposed TSF model.
After a multi-class confusion matrix generated, precision, accuracy, fl-score, and
recall tests are measured in order to determine the efficiency of the proposed model
in the classification method. When calculating these metrics, the “good” class of
air pollution level is selected as the majority class and the entries for TP, FP, TN,

and FN are generated accordingly.

Estimate
Co.......Ck1 Ck Ck+.......Ca

S
é 5 True Negative
-
= ..
= True Positive
3 .
h d
2  FalseNegative
=
]
R,
: 3  False Positive
-« : TN TN

S

Figure 3.9. A confusion matrix for multi-class.

Accuracy is the major performance measure of the true predictions
calculated by assigning the ratio of correctly predicted observations divided by the
total observations. Equation (3.16) shows the utilized formula to calculate accuracy

value.

TP+TN
Accuracy = ———— 1
y TP+FP+FN+TN (3 6)
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Precision is a useful measure to determine the rate of correct predictions
indicating model success. It is calculated by dividing the value of correctly positive
predicted observation (TP) by the total predicted positive observations (TP+FP).

Equation (3.17) shows the formula for calculating the precision value.

Precision = —— (3.17)
TP+FP

Recall or Sensitivity denotes the rate of the actual positives predicted by
the model output of that are actually positive. It is calculated by dividing the value
of correctly positive predicted observation (TP) to total observations in the actual
class (TP+FN). The expression for calculating the recall value is given in equation

(3.18).

TP
TP+FN

Recall = (3.18)

F1 Score is a weighted average function of precision and recall. It takes
into account both false positives and false negatives, considered a good
measurement to seek an equilibrium between precision and recall. Equation (3.19)

shows the utilized formula to calculate F1 Score.

2 % (Recall * Precision)

F1 Score =

(3.19)

(Recall + Precision)
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4. EXPERIMENTAL RESULTS

The TS dataset of air pollution in Istanbul was prepared to contain six
major pollution components. In addition, in order to apply the TSF model to the TS
dataset, the dataset was pre-processed, and eventually, the previous measurements
for one day and one week ago are included as features in the dataset. Ozone (Os;)
was considered as the target pollutant to be forecasted for the next-day because O;
has a direct impact on increasing the mortality related with air pollution. The
selected algorithms for training the chosen dataset are mentioned and explained.

As indicated earlier, the predictions are performed by the mentioned
regression algorithms and their corresponding performance values are calculated.
Then, the predicted values by the regression algorithms and the actual values are
used for converting the concentrations into an AQI. Hence, the converted data by
equation (1) are categorized into five classes to generate the confusion matrix,
which allows for calculating the performance of the air quality level assignments.
In addition, the regression models' performance of classification problems and
regression problems results are compared. Moreover, performances of the
regression models with different parameters are observed and appropriate
parameters for this prediction task are determined.

In this section, the performance of the used models based on the ML
techniques are be mentioned and illustrated as well as the used parameters for
tuning the models are presented. Table 4.1 shows the used parameters for tuning
the model. For each of the regression models, the parameters yielding the lowest

RMSE are used for calculating the AQI for air quality level assignment.
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Table 4.1. The examined methods and the corresponding parameters.

Method Parameters Tried values for the parameters
KNN K 3,5,7,9,11,13,15, 18, 20
"SVM  Kernel type Linear, Gaussian (RBF)
C 1,3,4,7,9, 10-200, 550, 700
gamma 0.1, 0.01, 0.001, 0.0008, 0.0003,
0.0001
"RF Number of estimators 100, 300, 400, 500, 700
"EN  Alpha 0.1-0.9
"MLP  Number of maximum 200, 300 , 400, 500 , 700, 1000
iterations
Hidden layer size (10,5), (14,7), (20,10), (50,25),

(25,), (60,), (70,), (100,), (150,),
(200,), (250,), (300,)
GBDT Number of estimators 300, 400, 500, 700, 900

For KNN method, three different values for K were used in testing as
shown in Table 4.1. The lowest results of regression analysis and highest results of
classification analysis were achieved when K=3. Table 4.2 shows the used three

neighbors in testing for both regression and classification.

Table 4.2. Regression and classification results for KNN model with different

parameters
KNN K=3 K=5 K=7
R? 0.45 0.39 0.36
RMSE 2594 2886 3013
Accuracy 0.74 0.74 0.74
Recall 0.74 0.74 0.74
F1-score 0.76 0.75 0.75
Precision 0.76 0.75 0.75
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By implementing KNN with K=3, three different figures plotted to clarify
the action of the proposed model. Figure 4.1 shows the comparison plot of input
and predicted values and Figure 4.2 presents the scatter plot of these values. Figure
4.3 shows the corresponding confusion matrix.

comparing actual vs predicted values

500 @

@® actual values
—+— predicted values

400

300

200

100

0 50 100 150 200 250 300 350 400

Figure 4.1. The comparison of input and predicted values by KNN method.

actual versus predicted data

°
400 .

300
200

100

0 100 200 300 400 500

Figure 4.2. The scatter plot of input and predicted values of implement KNN (x-
axis: actual values, y-axis: predicted values).

53



4. EXPERIMENTAL RESULTS Waleed Khalid Mahmood MAHMOOD

0.8

o 3 2 5
goo (0.01) (0.01) (0.02) 0.7
0.6
5 2 2
Moderate (0.05) (0.03) (0.02)
0.5
e 1 o a
ensitive Groups (0.11) (0.00) (0.33) 0.4
1 o (¢} 0.3
Unhealth (0.14) (0.00) (0.00)
0.2
o 0 0 o} o
Very unhealthy (nan) (han) (han) (nan) (nan)
0.1
@ 2 28 S
c,°°b D\:P@ Q,*CPQ o (@é‘
&€ & = = 0.0
S5 55 :

Figure 4.3. The confusion matrix of implement KNN (columns denote actual
values and the rows denote predicted values)

For SVM method, the linear and nonlinear methods are used. For the linear
SVM, four different values (1, 3, 5, and 7) are used for the regularization
parameter, C. For the non-linear method, RBF kernel is used with several C and
gamma variables. Table 4.3 shown the best three variables of using linear and non-
linear. The best regression result was by the linear method when C = 1. For

classification step, a non-linear SVM achieves the highest metrics.
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Table 4.3. The Regression and classification results for SVM models with different

parameters

SVM C=1 C=3 C=550
Gamma=0.001
Kernel= RBF

R? 0.52 0.49 0.42

RMSE 2284 2426 2737

Accuracy 0.77 0.76 0.79

Recall 0.77 0.76 0.79

F1-score 0.77 0.77 0.79

Precision 0.77 0.77 0.785

For linear SVM with C = 1, three different figures plotted to visualize the
predictions of the model. Figure 4.4 shows the comparison plot of input and
predicted values of linear SVM implementation. Figure 4.5 presents the
corresponding scatter plot of the predictions and the actual values. Figure 4.6
shows the confusion matrix of non-linear SVM implementation that achieves the

best classification results.

comparing actual vs predicted values
500

@ actual values
—+— predicted values

400

300

200

100

0 50 100 150 200 250 300 350 400

Figure 4.4. The comparison of observed and predicted values by SVM.
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actual versus predicted data
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0 100 200 300 400 500

Figure 4.5. The scatter plot of observed and predicted values of implement SVM
(x-axis: actual values, y-axis: predicted values)
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Figure 4.6. The confusion matrix of non-linear SVM implementation (columns
denote actual values and the rows denote predicted values)
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As for ANN-MLP method, the number of maximum iterations was set to
300. Hidden layer parameter is tuned by trying several values and the best three
appropriate hidden layer variables are presented in Table 4.4 for the proposed TSF
model. The lowest RMSE result was obtained by MLP.

Table 4.4. The Regression and classification results for MLP models with different

parameters.
MLP with Hidden layer  Hidden layer  Hidden layer
max_iter=300 sizes= (14,7)  sizes =(70,) sizes= (20,10)
R? 0.52 0.51 0.51
RMSE 2246.7 2301.5 2305
Accuracy 0.68 0.70 0.67
Recall 0.68 0.70 0.67
F1-score 0.70 0.72 0.70
Precision 0.76 0.76 0.74

For ANN-MLP with the first hidden layer equal to 14 units and the second
hidden layer equal to 7 units, three different figures are plotted to allow for visual
evaluation of the proposed model as well. Figure 4.7 shows the comparison plot of
input and predicted values of MLP model and Figure 4.8 contains the scatter plot
of these values. Figure 4.9 shows the corresponding confusion matrix of the values

output by the MLP model.
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comparing actual vs predicted values
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Figure 4.7. The comparison of observed and predicted values by MLP.
actual versus predicted data
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Figure 4.8. The scatter plot of observed and predicted values of implement MLP
(x-axis: actual values, y-axis: predicted values)
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Figure 4.9. The confusion matrix of ANN-MLP implementation (columns denote
actual values and the rows denote predicted values)

The EN model was tuned by only the alpha parameter, which is the most
influencing parameter. As shown in Table 4.5, the best value for alpha was found

to be 0.9 both for regression and classification steps.

Table 4.5. The Regression and classification results for EN models with different

parameters

EN Alpha =0.9 Alpha =0.5 Alpha =0.1
R? 0.52 0.52 0.51
RMSE 2250 2284 2592
Accuracy 0.72 0.70 0.68
recall 0.72 0.70 0.68
F1-score 0.74 0.71 0.70
Precision 0.79 0.76 0.74
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For EN with alpha equal to 0.9, three different figures are plotted to clarify
the action of the proposed model. Figure 4.10 shows the comparison plot of
observed and predicted values of EN implementation, Figure 4.11 presents the
scatter plot of these values. Figure 4.12 illustrates the corresponding confusion

matrix of the EN model.

comparing actual vs predicted values
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Figure 4.10. The comparison of observed and predicted values by EN method.

actual versus predicted data
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Figure 4.11. The scatter plot of observed and predicted values of EN method
(x-axis: actual values, y-axis: predicted values)
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Figure 4.12. The confusion matrix of EN implementation (columns denote actual
values and the rows denote predicted values)

As for regression trees, RF and GBDT were tuned by several parameters.

For GBDT algorithm, learning rate, tree depth, and leaf nodes were set on an

appropriate variable, and the number of iterations is tuned by three different

variables. For RF, the number of sequential trees was tuned by three different

variables, as well. Table 4.6 presents the best two readings was obtained by tuned

variables on RF and GBDT. Where, RF outperforms GBDT in an analysis of both

regression and classification method.

Table 4.6. The Regression and classification results for RF and GBDT models with
different parameters

RT RF GBDT
number of number of estimators
estimators=500 =300 tree depth=8
leaf nodes =8
learning rate= 0.01
R? 0.46 0.42
RMSE 2548 2745
Accuracy 0.714 0.71
recall 0.714 0.71
F1-score 0.74 0.73
Precision 0.78 0.76
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Hence, RF is used to plot the three different figures to visualize the
performance of the model. Figure 4.13 presents the comparison plot of observed
and predicted values of RF implementation, Figure 4.14 involves the scatter plot of
these values. Figure 4.15 shows the corresponding confusion matrix of the RF

model.
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Figure 4.13. The comparison of observed and predicted values by RF method.
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Figure 4.14. The scatter plot of observed and predicted values of RF method
(x-axis: actual values, y-axis: predicted values)
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Figure 4.15. The confusion matrix of RF implementation (columns denote actual
values and the rows denote predicted values)

In the previous part, the results obtained by the regression models with the
best parameters were indicated separately. For the comparison stage of regression
models performance, Table 4.7 is generated to collectively present the achieved

best results for the models.

Table 4.7. Regression results for ozone concentration prediction
KNN SVM RF EN MLP GBDT

RMSE 2594 2284 2548 2250 2246 2745

R? 0.45 0.52 0.46 0.52 0.52 0.42

As can be seen in Table 4.7, the measured R? and RMSE scores have a
negative correlation in general. However, the lowest R” score is recorded by MLP
model obviously with another two methods were SVM and EN. In addition, the

lowest RMSE score is recorded by MLP model as well. Thus, the lowest error of
63



4. EXPERIMENTAL RESULTS Waleed Khalid Mahmood MAHMOOD

the analyzed methods is achieved by MLP model. In other words, the MLP method
outperforms other models in the regression part and it is the most appropriate
regression model for analyzing the TS air pollution dataset. The alternative
regression method for analyzing TS dataset is the EN method as shown in Table
4.7, which is very close to results obtained by MLP regression method.

As earlier mentioned, the AQI levels of the observed and predicted values
are categorized into five classes for measuring the classification performance.
Table 4.8 shows the best results obtained by the classification method of the
proposed models. The highest performance of the classification method is obtained
by non-linear SVM model with C=550 and gamma= 0.001. In addition, linear
SVM method appeared to provide satisfactory results as well. This means that the
SVM method outperforms other models used in the experiments for the
classification method and it is the most appropriate classification model for

analyzing the TS air pollution dataset.

Table 4.8. Classification results for ozone concentration prediction
KNN SVR RF EN MLP GBDT

Accuracy 0.756 0.790 0.714 0.726 0.697 0.709
recall 0.756 0.790 0.714  0.73 0.697  0.709
Fi1-score 0.757 0.788 0.740 0.743 0.716  0.732

Precision 0.76 0.786 0.780 0.786 0.765 0.760

As shown in Figures 4.7 and 4.8, conclusively, the majority of the errors in
the predictions occur when the O; concentration is very high. This means that the
regression models are not able to learn and recognizer the patterns related with the

high O; concentration times. This problem can be originating from the fact that the
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samples of high O; concentration are very rare in the dataset. It is also notable that
there are no samples belonging to “Hazardous” air pollution level corresponding to
highest AQI values. Therefore, the next-day prediction scheme by the analyzed
TSF models is difficult to handle with the samples having such a distribution. In
the related literature, the same problem was encountered by Burrows et al. for
analzing the ozone concentration (Burrows et al., 1995). They mentioned that the
majority of the errors made by the ML model was due to the high concentration of
the ozone. Their obtained results were close to the results of our proposed method.

Furthermore, in light of the obtained results by the proposed model, Zheng
et al. also used ML models to forecast the air quality (Zheng et al., 2018). RF,
MLP, SVM, LSTM, and ARIMA models were used for training TS dataset. The
maximum obtained accuracy was obtained by the parametric models was 0.75 and
the maximum obtained accuracy was obtained by ARIMA and LSTM was 0.72,
which means less than the results are obtained by our proposed model. However, a
multiple kernel learning (MKL) hybrid model was suggested which overcomes all
of the mentioned results. This implies most of the hybrid model are more efficacy
than common models.

Finally, Table 4.8 shows the accuracy and recall values that were used to
measure the classification performance are identical of the proposed models.
Which means the ability that is classified the positive samples correctly is the same
as the ability that is used to classify negative samples correctly, thus the used
models are "balanced". In other words, a balance may have occurred as a result of
the observed dataset are converted to AQI according to equation (3.1), then, are
returned back to real concentrations to measure the classification performance.

Finally, the correlation between the air pollutant features are calculated if
they seem to be redundant. For this purpose, Pearson correlation coefficient has
been calculated between two features. This measure is limited between -1 and 1,
where if the correlation results of those features are 1 which indicates a full

positive correlation, vice versa. While the results 0 means there is no correlation.
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Moreover, if the result is between -0.5 and 0.5, this means that those input features
have less prominent correlation. Table 4.9 shows the Pearson’s Correlation
between the used dataset features. Three results crossed the -0.5 and 0.5, were
“SO, and CO” with a correlation score of 0.56, “CO and NO,” with a correlation
score of 0.614, and the highest obtained correlation score of 0.636 by “SO, and
NO,”, which is reasonably good. All other results obtained indicate that a less

notable correlation.

Table 4.9. The Pearson’s Correlation of the used dataset features.
Dataset

Features

“ 1.00 0333  -0.014 0.561 0.061  0.636
“ 0333 1.00 0.279 0.346 0032 0437
“ 0014 0279  1.00 0010  -0108  0.147
0561 0346  -0.010 1.00 0.022 0614
- 0.061  -0032  -0.108 0.022 1.00 0.001
“ 0.636 0437  0.147 0.614 0.001 1.00
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S. CONCLUSION AND FUTURE WORK

In this study, ML methods used to analyze the air pollution time-series
dataset for forecasting the concentration of O of the next-day. One-step ahead of
time series forecasting method was performed for forecasting the test set.
Regarding the train set was generated by the rolling walk forward validation
method. Therefore, the used data processing was in successive and distinct steps
regarding time series forecasting. Many models were tested on time series data,
however, six specific machine learning methods, namely, SVM, MLP, GBDT, RF,
EN, and KNN models were chosen as the basic models for time-series forecasting
experiments. A dataset consisting of 1013 row and 56 columns was generated from
the publicly available AQI data published by WAQIP.

In the first step, the proposed regression methods were performed on the
proposed dataset based on the time series forecasting method, where the lowest
errors were observed by MLP model. Therefore, MLP can be considered an
appropriate algorithm to establish TSF architecture. In addition, EN is the
alternative algorithm that was achieved results that are very close to MLP
algorithm.

In the next step, the actual values and the predicted AQI values were
assigned a concentration level of air quality by using the formula proposed by US
EPA. As a result, the assignment data was labelled into a multi-class for measuring
the classification performance, where linear and non-linear SVR algorithms
observed the highest result that outperformed others.

Therefore, it may be concluded that MLP is suitable when prediction of
ozone concentration is required. On the other hand, SVR can be a better choice if
the aim is to predict the level of AQI instead of the concentration amount.

Furthermore, the training and testing of these models have been performed

with different combinations of their significant parameters. The parameters with
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which the best performances obtained are considered to be the appropriate and
utilized for final comparison between the ML models.

According to the results, majority of the errors are caused by the samples
corresponding to high ozone concentration. Therefore, increasing the number of
samples for high pollution measurements, may help to improve the efficiency of
the methods. In the future, some hybrid algorithms may be used to select
parameters and optimize models. In that case, better results may be achieved with

less amount of manual computation.
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