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ABSTRACT

Ground level ozone (03) has become one of the most significant air pollutants due to
the increasing sources of ozone precursors. The 03 has also been reported as the main
pollutant for photochemical smog and also the main pollutant that degrades air quality.
Therefore , this study was conducted to find the best Bayesian EVD model to predict the
high exceedances of0 3concentrations using Extreme Values Distribution (EVD). Daily
maximum data of 6 locations in Peninsular Malaysia which are Petaling Jaya, Shah
Alam, Cheras, Klang, Tanjung Malim and Jerantut given by the Department of
Environment from 1sl January 2008 to 31st December 2017 were used in this study. The
parameters were estimated using the Bayesian approach to fit into the EVD, which is
the Generalized Extreme Value distribution (GEV) and Weibull distribution. The
distribution that has the smallest error and highest accuracy measurement will be the
best distribution. In this study, it shows that the Bayesian approach showed a high
consistency and accuracy result since all the monitoring stations show GEV was the
best distribution. The probabilities of the exceedances concentration were calculated,
and the return period for the coming year was predicted from the cumulative density
function (cdf) obtained from the best-fit distributions. From the validation result using
data 2016 and 2017, it is shown that Klang has the similar result ofpercent compliance
with the overall data while other monitoring stations was far from the overall data.
Therefore, this distribution was suitable for Klang but may not to other location in this
study. The return period for Klang was show that there is one exceedances will occurred
per 73 days. It is proved that the Bayesian approach is superior compared to the classical
approach because of the consistency and accuracy result in Bayesian. This study can be
used to assess the high level of 03 concentrations for policymakers to implement
effective policies to create a cleaner environment.
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CHAPTER ONE

INTRODUCTION

1.1 Background of Study

Ground level ozone (03) has become one of the most significant air pollutants

due to the increasing sources of ozone precursors . The 0 3has also been reported as the

main pollutant for photochemical smog and also the main pollutant that degrades air

quality. Unlike the ozone in the upper atmosphere that occurs naturally and useful to

protect air qualities , the 0 3is human-made and can have harmful effects on humans and

the environment (NHDES , 2015). The 0 3 is a secondary air pollutant created by a

combination of nitrogen oxides (NOx) and a variety of volatile organic compounds

(VOCs) with the presence of sunlight (Hashim & Noor, 2017). Emissions of NOx are

produced primarily by motor vehicle engines, power plants, industrial plants, boilers

and burning of fossil fuels. VOCs emissions are motor vehicle emissions, gasoline

vapours , and chemical solvents.

The 0 3 is well known as a strong oxidant. It has a direct effect on human,

vegetation, and materials. Inhalation of air mass containing 1 ppm of 0 3by volume

causes severe irritation and headache. The high 0 3 concentration also poses medical

issues like irritating the nose, throat, and lungs and cause chest pain, coughing, and

nausea. The 0 3 bothering respiratory conditions such as allergies, asthma, and

emphysema can have severe effects even on healthy people who work or play outdoors

during the hot, sunny summer months when smog is usually at the highest level. The

effect of 0 3 is believed to harm forests and crops and may quicken the decay of elastic

tires, paints and dyes in fabrics (Escarela, 2012; Mabahwi, Ling, Leh, & Omar, 2015).

Over 2 million unexpected losses each year can be credited to the impacts of

open and indoor air contamination (World Health Organization, 2006). The populations

of developing countries carry a more significant part of the illness. Heart diseases, lung

problems, and lung cancer are all significantly higher in people breathing dirty air than

in cleaner environments in groups (Mabahwi et ai., 2015). Hence, it becomes necessary

to predict the 0 3 concentration in order to ensure the 03 concentration level does not



exceed the limit that has been stated by the Malaysia Ambient Air Quality Guideline

(MAAQG) .

High 0 3 concentration levels is a particular interest for Extreme value theory

(EVT), and most of the extreme value distributions studies in air quality used data that

has a high occurrence of concentrations. For instance, daily maximum or data above a

certain limit are used. The EVT develops techniques and models for describing the

unusual (extremes) rather than the usual phenomenon (Kotz & Nadarajah , 2000). The

EVT functions to express the extremes of the observed process in determining the

likelihood of extreme events in the future. The EVT is a flexible model for entire

conditional distribution since it has been characterised to focus on the upper tail. Thus,

the EVT is assumed to be an appropriate method for the upper tail of the conditional

distribution (Reich, Cooley, Foley, Napelenok , & Shaby, 2013). There are good reasons

to choose the Bayesian procedure in determining the parameter of the distribution if an

appropriate prior can be specified (Alam, Farnham, & Emura, 2018).

The most commonly used in fitting the parameter of the extreme value

distribution is known as frequentist (or classical) methods , i.e., maximum likelihood

estimator (MLE) or method ofmoments (MOM). The Bayesian approach offers a more

coherent framework in incorporating all of the uncertainties involved in the prediction

process using conventional methods (Coles, Pericchi, & Sisson, 2003). In general, the

uncertainties of the parameter is as a result of a lack of data and that the selection of

probability distribution does not describe the data correctly (Chung & Kim, 2013). The

classical method based on MLE is unbiased for a large sample size but may be biased

for limited data (Kery, 20 I0). Kery (2010) also stated that the Bayesian approach is

exact for any sample size and will improve the quality of the inferences and tolerate a

reduction in sample size.

Since the classical or conventional EVD methods are commonly used to analyse

the concentration ofair pollution in general, the Bayesian approach is frequently applied

in hydrological studies compared to studies in air pollution (Ahmat, 2016). Hence, this

study aims to find the best Bayesian EVD models and to predict the 03 concentrations.
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1.2 Problem Statement

There has been much publicity on Particulate Matter (PM IO), but ground-level

ozone (03) is also an equally important air pollutant to be looked into since excessive

levels of0 3can be harmful. A location that has more transportation and industrialisation

tends to have more exceedances of 0 3. but due to factors of wind that transports 0 3

concentrations, other locations may also have exceedances of 0 3 concentrations. High

exceedances of0 3along with carbon dioxide, methane, water vapour, and nitrous oxide

also can act as a greenhouse gas, and it is the third largest contributor to global warming

(Ghazali, Yahaya, & Mokhtar, 2014). Therefore, predicting the high exceedances of 0 3

using suitable distribution become essential in every location, since it can be a harmful

pollutant for humans, materials, and also in the plantation.

Based on previous studies, the common practice in predicting 0 3concentration

is using multipl e linear regression, time series , and also a neural network for data

mining. The statistical tools that are often used by researchers in estimating the

parameters for distribution are the classical approach, which is maximum likelihood

estimation and method of moment. However, maximum likelihood estimator can be

unbiased for a large sample size but may be biased for limited data while the Bayesian

approach is exact for any sample size and will improve the quality ofthe inferences and

tolerate a reduction in sample size. Even though the alternative Bayesian approach is

claimed to be increasingly popular nowadays, there is still a lack of literature reviews

ofestimating the parameters for extreme value distribution using the Bayesian approach

in 0 3studies. In Ahmat (2016) that studied the high concentration ofPM IO, it was stated

that the Bayesian approach is more prevalent in hydrological studies but not commonly

applied in air pollution studies.

This assessment helps to identify trends and how Bayesian methods have

integrated into environment researches in the context ofdifferent statistical frameworks.

The prediction of 03 using Bayesian analysis also crucial because the uncertainty in 03

is an important issue that needs to be considered. This method has been applied in a

high concentration of PMIO but not on 0 3studies in Malaysia. This research aims to

determine the best extreme value distribution and predict the 03 concentration using a

Bayesian approach.
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1.3 Research Questions

The research questions in this study are:

i) What is the pattern and behaviour of Ground Level Ozone (03) concentrations

in Peninsular Malaysia?

ii) What is the suitable prior to estimate the parameters for Bayesian model

distributions?

iii) What is the best distribution for predicting future exceedances of high 0 3

concentration using the Bayesian approach?

1.4 Research Objectives

The research objectives are:

i) To describe the pattern and behaviour of Ground Level Ozone (03)

concentrations in Peninsular Malaysia and determine the occurrence of high

concentrations.

ii) To determine the suitable prior to estimate the parameters for Bayesian model

distributions.

iii) To determine the best Bayesian EVD for predicting future exceedances of high

0 3concentration.

I.S Scope and Limitation of Research

This study only concentrates on one major pollutant in Malaysia, which is

Ground Level Ozone (03). The air pollution records from 6 different monitoring

stations; Jerantut, Cheras, Shah Alam, Klang, Petaling Jaya, and Tanjung Malim from

the year 2008 until 2017 were used. The records were provided by the Department of

Environment (DOE). The selection of the monitoring stations based on past literature

to gauge the extreme concentrations of 03. As there are sixty-five (65) monitoring

stations, this study only considers locations which represent each category of urban,

suburban and industrial areas to detect any significant changes in the air quality which

may be harmful to human health and the environment.
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The method that will be used to predict the exceedances of 03 concentrations is

the Bayesian approach using non-informative prior to the extreme value distribution in

determining the parameters of the distribution. Ahmat (2016) applied the Bayesian

approach to the study ' of PMIO and found that non-informative prior was the best

distribution compared with informative prior. It was too tedious and time-consuming to

identify the informative prior. Since this study will utilise ten years' worth of data,

which has large amounts of data, it is not necessary to spend large amounts of time and

energy in developing an informative prior distribution since the effect of the prior

distribution on the posterior distribution tends to be weakened when dealing with large

data (Chung & Kim, 2013). The Bayesian approach uses likelihood distributions of the

GEV and two-parameter Weibull with the non-informative priors to estimate all

parameters.

1.6 Significance of Research

Air pollution causes severe damage to health, environment, and property . There

are hundreds of deaths which have been related to poor air quality in cities all over the

world. The leading causes of this pollution are open fires, large numbers of motor

vehicles with poor maintenance and industrial plants with weak regulation. High 0 3

concentration poses medical issues such as irritating the nose, throat, and lungs and

cause chest pain, coughing, and nausea. Long-term exposure may lead to permanent

lung damage (Escarela, 2012). As 0 3concentrations increase above the guideline value,

health effects at the population level become increasingly numerous and severe. The

incidences of the high particulate event bring a negative effect on human health,

environment, and country. Therefore, it is crucial for the government to raise public

awareness relating to the effect of 0 3pollutant.

Even though the Bayesian approach gives many advantages to statistics such as

to the sample size, ease oferror propagation and intuitive appeal in the interpretation of

probability, most researchers use classical statistics because of the resistance to the

Bayesian philosophy with its perceived subjectivity of prior choice. Most applications

ofBayesian statistics feature complex statistical models. The Bayesian statistics is hard

to understand in the first place, and it may not be relevant to the majority. The Bayesian

analysis process has typically involved custom-written code in general-purpose

5



computer languages. Therefore, for someone lacking a solid knowledge in statistics and

computing, Bayesian analyses were mostly out of reach (Kery, 2010).

Moreover, the Bayesian approach is often claimed by its practitioners that it is

more philosophically consistent and can tackle problems beyond the reach of classical

statistics (Willink & White, 2011). The extreme value distribution using maximum

likelihood method (MLE) is widely applied due to the estimator being less biased.

However, MLE showed weaknesses in return period (Ouyang et al., 2011; Zhang et al.,

2017) . Thus , this study is to introduce the advantages ofBayesian estimation compared

to the classical approach.

The Bayesian approach has been applied in the environmental field, which is

PM IO in Malaysia but not in 0 3. The major gap in this study is in the application of

statistical modeling using the Bayesian approach in the 0 3 study in Malaysia for the

prediction of the high level of 0 3concentrations. It will be used to assess the high level

of 0 3 concentrations, which are vital for implementing effective policies to create a

cleaner environment.

6



CHAPTER TWO

LITERATURE REVIEW

2.1 Introduction

This section provides a relevant topic on the research subject in gaining more

knowledge and understanding of this study. This section will cover reviews on air

pollution in Malaysia, ground-level ozone (03), past researches on extreme value

distribution and the Bayesian approach.

2.2 Air Pollution in Malaysia

The haze phenomenon in Malaysia is a major and severe problem, especially in

the central region. Haze in Malaysia contributes to the event of air pollution, including

a high level ofground-level ozone (03) concentrations that exceed Malaysian standards

and have been observed in some urban and industrial regions of Malaysia (Ghazali et

al., 2014). The main contributor to air pollution in urban areas is industrial and motor

vehicle activities. In a decade, transboundary smoke haze pollution had become an

annual phenomenon that is worsening on local air quality in an Asian country, including

Malaysia. Haze has been attributed from forest and peat fires in Indonesia that contains

a load of particulate matter, toxic, graphitic carbon that is hazardous to human health.

There are several main causes of air pollution in Malaysia, and it can be

categorised into two, which is primary and secondary air pollution. Primary air pollution

is where the pollutants are directly from the sources such as combustion of fuel in an

engine releasing carbon monoxide and carbon dioxide out of the exhaust. Carbon

monoxide comes from the smoke emitted from vehicles and open burning, and nitrogen

oxides are produced by combustion of fossil fuels at high temperature. Meanwhile,

secondary air pollution is air pollution that is not formed directly, which IS a

combination of other sources with the main pollution such as 03. The 03 IS a

combination ofNOx and VOC emitted from vehicles and industries with the presence

of sunlight (Fadzly, Nordin, & Rashid, 2018).
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According to the Department ofEnvironment Malaysia, it is stated that there are

six main pollutants which are the particulate matter with 10-micron size in diameter

(PMIO), particulate matter with 2.5-micron size in diameter (PM2.S), sulphur dioxide

(S02), nitrogen dioxide (N02), carbon monoxide (CO), and ground-level ozone (03).

Each of the pollutants can cause serious harm to human health, environment, and

property. For instance, PMIO can cause lung cancer and cardiopulmonary deaths, while

03 can reduce lung functions and induce coughing and choking. The presence of CO

can cause mortal growth in pregnant women as well as affect tissue development of

young children (Rani et al. , 2018). PM IO and 0 3are the main concerns in Malaysia since

the two major air pollutants, particularly in the urban and suburban areas in Malaysia,

have been recognised to have the high potential for deleterious effects on human health

(Azid et al ., 2015) . Figure 2.1 shows the health effects caused by the high exceedances

of air pollution.

HEALTHEFFECTS OF AIR POLLUTIO

Irritation at eyes, nose. 1- - - - -
and throat
Breathing Problems
(~, PM, NOz. SOz. SaP)

Impacts on therespiratory
system: Irritation,
inflammation and infections,
Asthma and reduced lung
function; Chronicobstructive
pu inary disease (PM):
Lung Cancer (PM. BaP)

Headache and anxiety (So,)
Impacts on the ce ral
nervous system (PM)

Card'ovascular diseases
(PM,~ SOz)

Impacts on iver, spleen
and blood (NOz)

- ..L.f-+,,-t Impacts on the
reproductivesystem (PM)

Figure 2.1 The health effects of air pollution
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Therefore, DOE has monitored the country's ambient air quality through the

establishment of 65 continuous monitoring stations throughout Malaysia. The

monitoring stations are strategically located in different areas such as urban, suburban,

and industrial to detect any significant changes in air pollution, which can bring danger

to human health and the environment (Department of Environment, 2018). DOE also

formulated the Air Pollution Index (API) to reflect the status of air quality in Malaysia.

The API is calculated based on the concentrations of six primary pollutants , as stated in

Table 2.1.

Table 2.1
Malaysia: Air Pollutant Index (API)

API

0 - 50

51 - 100

101 - 200

201 - 300

> 300

> 500

Source: DOE (2017)

Air Quality Status

Good

Moderate

Unhealthy

Very unhealthy

Hazardous

Emergency

The Department of Environment (DOE) who is responsible for monitoring the

air quality in Malaysia formulated air quality guidelines for air pollutants in 1989. The

Recommended Malaysia Air Quality Guidelines (RMG) defined concentration limits

for selected air pollutants that could hurt the general public's health and welfare. The

DOE has established the air quality index system, known as the Malaysia Air Quality

Index (MAQI) in 1993, and played an essential role in informing the decision makers

(Rani et al., 2018). The air quality average data from monitoring stations were specified

and referred to the Malaysia Ambient Air Quality Standard as in Table 2.2. The 03

guideline was shown as highlighted, therefore the exceedances for 03 for averaging time

1 hour is 03 that above than 0.1 ppm and for 8 hours is 03 that above 0.06 ppm.

9



Table 2.2
Malaysian Ambient Air Quality Standard

Pollutant Averaging Existing Guideline

Time

Standard

(2020)

Time ppm

Part iculate Matter with

the size of less than 10

microns (PM10)

Part iculate Matter with

the size of less than 2.5

microns (PM2.5)

I Year

24 Hours

I Year

24 Hours

50

150

40

100

15

35

Sulphur Dioxide (S0 2)

Carbon Monoxide (CO)

Nitrogen Dioxide (N0 2)

Ground Level Ozone (03)

Source: DOE (2017)

2.3 Ground Level Ozone

I Hour

24 Hours

I Hour

8 Hours

I Hour

24 Hours

I Hour

8 Hours

0.135

0.040

30.6

8.75

0.17

0.04

0.10

0.06

350

105

35

10

320

75

200

120

0.115

0.035

30.6
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A senes of Malaysia Environmental Quality Report (Department of

Environment Malaysia, 2015 , 2016 , 2017 , 2018) reported that ground-level ozone (03)

continued to be the pollutant of concern due to favourable atmospheric condition and

emission from motor vehicles particularly in urban areas that enhanced its formulation.

The 0 3was determined as the main pollutant since it is shown to have a severe negative
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impact on human health, crops, and other plants worldwide, including both developed

and developing countries (Wahid, 2006). Mohammed (2012) stated that 03 is the most

harmful pollutant for humans since it plays an essential role in damaging vegetation and

materials.

The 03 is a pollutant that is not emitted directly by any source but is created by

chemical reactions between nitrogen oxides (NOx) and volatile organic compounds

(VOCs) in the presence of sunlight and heat (World Health Organization, 2006). Urban

environments on hot sunny summer days are very likely to reach unhealthy levels of

0 3. Nitrogen oxides are emitted by motor vehicles, industrial areas, commercial and

fuel combustion activities, and other miscellaneous activities like using lawn care

equipment and vehicle refuelling. Meanwhile, VOCs are emitted by area of polluters

(vehicle refuelling, solvent usage, etc.), motor vehicles, industrial and commercial

processes, and also by non-road outdoor equipment.

The highest 0 3 concentrations in Malaysia for air masses characterised by dry

and warm conditions usually occur between June and September each year, especially

during the Southwest monsoon and for air originating from Sumatra, Indonesia . The 0 3

concentrations are at the lowest during the wet season, which is during the Northeast

monsoon, and it occurs annually between November and March. From the back

trajectory analysis that has been done, it showed that during the Northeast monsoon , the

air masses are initiated from the South China Sea and Philippines (Abdullah, Ismail,

Yuen, Abdullah , & Elhadi, 2017).

Since vehicles and gas powered equipment are the primary sources for NOx and

VOC pollution, by reducing the numbers of cars on the road, fuelling car, or mowing

the lawn late in the evening, it can reduce the potential of 0 3creation. However, the

Department of Environment Malaysia (2018) stated that there is a growing trend in

industrial sources and the number of motor vehicles. This can lead to air quality

reduction if emissions, including smoke, are not adequately controlled by both sources.

Motor vehicle emissions are the main source ofair pollution, particularly in urban areas.

In 2017, there was an overall increase in the number of motor vehicles registered

compared to 2016, as shown in Figure 2.2.
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Figure 2.2 Number of Registered Vehicles in 2016-2017
(Source: Department of Environment, 2018)

Due to high traffic with a favourable atmospheric condition, the urban area has

recorded the highest level of the 03 concentration, as seen in Figure 2.3. The 03 was

identified as the dominant pollution in some suburban and rural areas due to the

downwind effect that transports the 03 pollutant (Department of Environment

Malaysia, 2018).
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Figure 2.3 Annual Average Concentration ofOzone (03) by Land Use, 2010- 2017
(Source: Department of Environment Malaysia, 2018)

The Department ofEnvironment (2017) reported that the API reading for overall

air quality in 2017 was between good to moderate levels and there was a reduction in

terms ofa number ofunhealthy days recorded in 2017 compared to 2016. In 2017, there

was no haze episode in Malaysia compared to the past years that was mainly due to
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regional and transboundary haze. The pollution is due to wetter weather conditions

experienced in Southeast Asia, including Malaysia and Indonesia throughout the year.

Therefore, the 0 3concentrations for 2016 and 2017 were decreased compared from the

year before .

While, Rani et al. (2018) indicated that the trend of API at 50 sampling

monitoring located in Peninsular Malaysia, Sabah and Sarawak showed that most ofthe

continuous air monitoring stations in Malaysia from 2010 to 2015 were at an unhealthy

level. However, some of the locations were detected at emergency level with API value

higher than 500 from 2010 to 2015. In the study, it stated that the high API value might

be due to the increase of the 0 3 concentrations resulting from the sunrise coinciding

with increasing solar radiation and other pollutants.

A study by Othman et al. (2014), assessed the economic value ofhealth impacts

oftransboundary smoke haze pollution in Kuala Lumpur and adjacent areas in the state

of Selangor, Malaysia. However, their study found that the Air Pollution Index (API)

readings have not been useful to explain the variations in inpatient rates. Therefore , it

is vital to study specific pollutant to determine the effect and causes of the pollutant.

In a study by Banan, Latif, Juneng, and Ahamad (2013), the result showed that

suburban areas have higher levels of0 3concentration compared to urban areas and rural

areas due to the concentration of 0 3 influenced by the NOx as a result of oxidation and

photochemical process . In the urban area, the quantity of NOx titrates the 0 3pollutant.

The high amount of 0 3, particularly the NOx in the suburban area, was from the

movement of air from the city center. Furthermore, the concentration of 03 was

influenced by the intensity of solar radiation and the wind pattern.

2.4 Extreme Value Theory

The extreme value theory had been used previously as a tool for studying air

pollution problems (Smith , 1989). Extreme values are part of particular interest in

monitoring the impact ofhigh air pollution, and partly because air quality standards are

formulated based on the highest level ofpermitted emissions. The EVT has been widely
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found in most area of applications, especially in the environmental area where extreme

levels can cause substantial damages. Examples of the case in extreme levels that have

been of a concern in the research area are wind speeds, sea levels, pollutant

concentrations, and river heights (Hurairah et aI., 2005). Many areas of statistical

applications are primarily interested in drawing inferences about the extreme

(maximum or minimum) values.

The extreme value theory approach has the advantage over other methods in

which the predicted meteorology, seasonality, temporal trend and outcome, and

meteorological history, extreme quantiles can be directly calculated and predicted for a

given day. As an example, a study by Escarela (2012) applied a new model in 0 3 data

using extreme value distribution and used the maximum likelihood estimation (MLE)

in estimating the unknown parameter.

Smith (1989) has applied numerous different models based on Gumbel,

Generalized Extreme Value (GEV) and Generalised Pareto Distribution (GPO)

distribution to the study of a threshold value of 8 parts per 100 million of surface 0 3

level in Houston , Texas for the period of April 1973 to December 1986. The study

concluded that the application of GPO provides a useful approach for quantifying the

return level of high 0 3pollution compared to GEV. However, the modeling approach

only used the ideas of point-process theory to produce a general strategy. There is a

need to repeat the analysis with data collected from other sites to get a reliable indication

of the result.

In the study by Kuchenhoff and Thamerus (1995) that used GEV and GPO, the

extreme value distribution was fitted to the maximum monthly concentration. The

finding found that it was challenging to interpret the result compared to using a simple

model since there were too many parameters that had to be included, and the models

were complicated.

Hurairah et al. (2005) modified an extreme value distribution from Gumbel by

introducing a new parameter, which was the shape parameter. The study used the new

EVD in comparison with Weibull, Frechet, and Exponential using carbon monoxide
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(CO). The parameter estimation for the new EVD used the maximum likelihood

estimation method , and the results found out that the new model had higher accuracy

compared to other EVD.

Yahaya et al. (2013) applied the Weibull and other non-EVD probability

distributions (log-normal, gamma, Laplace, log-logistic , inverse Gaussian and

Rayleigh) to the 2002 hourly CO concentration level in Kuala Lumpur. Maximum

likelihood estimation method was used to estimate the parameters of the distribution.

However, the finding was in favour of other probability distribution to represent the

best fit for the data. The result came from the data use, which was the hourly data and

not the extreme concentrations that are suited for EVD.

Ghazali, Yahaya, and Mokhtar (2014) used four probability distributions in their

research , namely Weibull , Beta, lognormal , and Inverse Gaussian distribution in

predicting 0 3concentration levels. The findings showed that the air quality status in

Cheras was weak at all times, and the results concluded that Beta distribution fitted the

distribution well as the performance indicator that gave the best result compared to

others.

Based on a study by Ahmat, Yahaya, and Ramli (2015) on the prediction of

PMIQ, extreme concentration comparing six EVD which were Gumbel, 2 and 3-

parameter Weibull , GEV and 2 and 3-parameter GPD showed that three-parameter

GEV was the most appropriate distribution for the daily maximum concentration PMIQ.

The study showed that the predicted number of days in which PMIQ concentration

exceeding Malaysian Ambient Air Quality Guideline (MAAQG) were more than 85%

in compliance with the actual number ofdays. The study concluded that the GEV could

be used to estimate the extreme concentrations of PMIQ.

A study was also conducted by Nasir , Ghazali, Mokhtar, and Suhaimi (2016),

which used three distributions, Lognormal , Weibull , and Inverse Gaussian distribution.

In their study, Weibull distribution was the best distribution to fit the 03 concentration
4

in Port Dickson and Port Klang. This study also found that the two-parameter Weibull

distribution was widely used in data analysis because of its flexibility in modeling.
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Martins et al. (2017) studied air pollution data using extreme value analysis

comparing two large urban regions of South America. The findings showed that the

GEV and GPO fitted the distribution well. Table 2.3 summarises the literature in air

pollution studies with various approaches of EVD.

Table 2.3
Summary of research in Extreme Value Distribution studies

Citations Area of study Distribution Pollutants

Martins et al. (20 17) South America GEV and GPD 0 3, NO, N02,

PMIO, CO, PM2.5

Nasir et al. (2016) Port Dickson and Port Lognormal, Weibull and 0 3

Klang, Malaysia inverse Gaussian

Ahmat et al. (2015) Malaysia Gumbel, 2 and 3-parameter PMIO

Weibull, GEV and 2 and 3-

parameter GPD

Ghazali et al. (2014 ) Cheras, Malaysia Weibull , Beta lognormal 0 3

and Inverse Gaussian

Yahaya, Ramli, et al. Kuala Lumpur, Weibull and non-EVD CO

(20 13) Malaysia

Hurairah et al. (2005) Malaysia Modified Gumbel, Weibull , CO

Freche t, and Exponential

Kuchenhoff and Munich, Germany GEVand GPD 0 3, and N02

Thamerus (1995)

R. L. Smith (1989) Houston, Texas, USA Gumbel, GEV, GPD 0 3

2.5 Bayesian Approach

Bayesian statistic consists of two mam component which is likelihood

distribution and prior distribution. "Prior" is the set of information about the data, but

usually there is no prior information available. In this case, the posterior that will not

influence the prior has to be specified . The distribution without prior information is

known as non-informative prior (Ntzoufras, 2009).
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Bayesian statistics are different from the classical approach since all the

unknown parameters are considered as random variables. So, the prior distribution has

to be defined initially. The prior distribution can be informative prior or non-informative

prior regarding the information of the data. Since there is large data, non-informative

prior will be used in this study. The prior distribution has the agreeable property with

the posteriors of the same distributional family. Table 2.4 lists the family of conjugate

prior used in the Bayesian analysis.

Table 2.4
Conjugate prior distributions for the commonly used algorithm

Likelihood Distribution Prior Distribution

Poisson

Binomial

Normal (known cr2)

Normal

Gamma (v known)

Exponential

Negative binomial

Multinomial

Exponential Family (ep known)

(Source: Ntzoufras, 2009)

Gamma

Beta

Normal

Inverse Gamma

Gamma

Gamma

Beta

Dirichlet

Exponential

Data analysts did not prefer the Bayesian approach due to the difficulty with the

calculation of posterior distribution (Ntzoufras, 2009). A simulation-based technique

can solve the problem using Markov chain Monte Carlo (MCMC) to simulate

realisations of the posterior distribution, and from the simulated sample, the parameter

estimation ofthe posterior distribution can be obtained. Techniques ofMCMC describe

a method to simulate a complex distribution by simulating the target distributions from

Markov chains as their stationary distributions (Alam et aI., 2018).
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Smith (2005) also stated that MCMC had provided a way for Bayesian

techniques to be applied. Extreme value data using Bayesian analysis has many

potential benefits over the classical approach such as sources of information other than

the data which are likely to be scarce can be included. The predictive distribution also

provides a natural way to estimate the probability of future events being extreme, and

Bayesian analysis is not dependent on the regularity assumptions required by the

asymptotic theory ofmaximum likelihood.

Fernandez (2006) stated that in the perspective of Bayesian approach, the

parameters of the distribution are not merely an unknown fixed quantity but rather a

random variable that is characterised by some prior probability density function. The

Bayesian approach allows sample and prior information to be incorporated into

statistical analysis that will improve the quality of the inference and permit a reduction

in the sample size. Bayesian approach is commonly used in the field of hydrology

compared to air pollution.

In the study by Molitor et al. (2006), it examined the long-term effects of

nitrogen dioxide (NOz) exposure on children 's lung function. It was used to compare

the Bayesian and classical approach. It is claimed that the Bayesian framework utilises

measurement error models to estimate missing exposure data in health effects

assessment. The study also stated that various measures had been done, but there is no

completely accurate measure of household-level for long-term nitrogen dioxide

exposure available. Thus, the finding from this study shows that the method using the

Bayesian approach improves the estimates compared with the classical approaches.

Eli (2012) used the Bayesian approach on the extreme rainfall data analysis and

found that the method fitted well in estimating GEV parameters. Bayesian MCMC was

found to be the most appropriate method in describing the annual maximum rainfall.

The result also showed that the parameter estimation for GEV distribution was better

using the Bayesian approach compared to the MLE method.

Chung and Kim (2013) studied the comparison ofBayesian analysis using GEV

and Gumbel and concluded that the GEV distribution was applied effectively to the
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data. Bayesian analysis is well suited in decision making when there is no information

about the parameter, or there is uncertainty regarding the distribution. A study by Vidal

(2014) utilised the Bayesian inference method for the Gumbel distribution using the

annual rainfall maximum intensities data in the different region of Chile. The study

applied the non-informative prior distribution of an inverse gamma for the location and

scale parameter. The posterior distribution of future observations was obtained to

predict and estimate the return periods and intensity-duration-frequency curves.

Chikobvu and Chifurira (2015) applied the MCMC techniques for Bayesian

analysis to study the annual maximum and minimum rainfall data for Zimbabwe using

the GEV distribution. The maximum likelihood estimation method was also used in this

study to obtain the estimates of the parameters. The result showed that the GEV

parameter estimates using the Bayesian approach were almost similar to the maximum

likelihood estimates with smaller standard deviations. Chikobvu & Chifurira (2015)

also mentioned that the use of expert priors might improve the precision of the

parameters over the maximum likelihood estimates .

Martins , Sam, and David, (2015) suggested the Bayesian MCMC as the

parameter estimation due to the advantage in reducing the parameter uncertainty. This

study also mentioned that the MLE is a reliable principle to derive an efficient estimator

for a model as sample size approaches infinity . However, by comparing the classical

and Bayesian approach , this study proved that Bayesian MCMC is the better method to

estimate the distribution parameters of extreme daily rainfall amount in Makurdi.

A study by Alam et al. (2018) applied Bayesian Modelling to the Flood

Frequency Analysis Using Hamiltonian Monte Carlo Techniques. The method

employed was to obtain the approximations ofthe posterior marginal distribution ofthe

GEV model using annual maximum discharges for two major river basins in

Bangladesh. The result concluded that the Bayesian MCMC could provide a more

accurate description of flood risk and the parameter uncertainties with more accurate

credible intervals.
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Lima, Kwon, and Kim (2018) estimated rainfall intensity-duration-frequency

(lDF) for future climate using Bayesian GEV. The EVD GEV to estimate the maximum

rainfall and the estimates ofthe scaling parameters were used to estimate environmental

parameters for shorter durations. The result suggests that the changes in the scale

parameter drive the future changes in rainfall intensity . The study also found that

Bayesian inference for the duration rainfall modeling provides a framework for

estimating environmental parameters along with their uncertainties that can be used to

build current and future climate IDF curves.

Cheong and Gabda (2018) studied using Bayesian MCMC to fit nine annual

maximum river flows in Sabah for a period record of over 20-48 years into the GEV

distribution. This study believed that Bayesian MCMC provides a more robust inference

through prior and posterior distribution. By comparing the findings using maximum

likelihood estimation and based on the Bayesian advantages , the Bayesian approach

was chosen in this study to estimate the parameters.

Ahmat (2016) predicted PM10 concentration using extreme value distribution

using the Bayesian and classical approach. She found that the Bayesian approach was

preferred for its comprehensiveness in incorporating all the uncertainties involved in

the prediction process compared to the classical approach. This study concluded that

the Bayesian approach using GEV as the likelihood distribution with a non-informative

uniform prior was the best distribution for maximum daily concentrations for Klang and

Seberang Jaya while two-parameter Weibull was the best distribution for Perai. Table

2.5 explains the summary of the literature review using the Bayesian approach in

environmental studies.
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Table 2.5
Summary of the Bayesian approach in Environmental studies

Citations Area Likelihood Field of Study

Distribution

Alam et al. (20 18) Bangladesh GEV Flood

Cheong and Gabda Sabah, Malaysia GEV River flow

(20 18)

Lima et al. (2018) South Korea GEV Rainfall

Ahmat (20 16) Malaysia GEV, Gumbel, Air Pollution (PM10)

Weibull, GPO

Marti ns, Sam, and Nigeria GEV Rainfall

David, (2015)

Chikobvu and Zimbabwe GEV Rainfall

Chifurira (2015)

Vidal (2014) Chile Gumbel Rainfall

Chung and Kim (2013) South Korea Gumbel, GEV Rainfall

Eli (2012) Alor Setar, Malaysia GEV Rainfall
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CHAPTER THREE

METHODOLOGY

3.1 Introduction

This study utilised the concentrations of ground-level ozone (03) in the unit of

parts per million (ppm) furnished by the Department ofEnvironment, Malaysia (DOE).

The data was collected through continuous monitoring by Alam Sekitar Malaysia Sdn.

Bhd. (ASMA), a private entity authorised by the DOE for sixty-five (65) monitoring

stations throughout Malaysia. The monitoring stations are located in different areas such

as in urban, suburban, and industrial to detect any changes that could be a danger to

health and the environment. The concentrations for 03 are recorded hourly. The

Department of Environment Malaysia (2018) stated that the Malaysian ambient air

quality guideline for 03 is below 0.1 ppm based on one-hour concentration. The total

number of exceedances were determined from the 03 concentrations above 0.1 ppm.

In order to fulfil the objectives of this study, the flow of the methodology was

illustrated in Figure 3.1. In achieving objective 1, which is to study the pattern and the

behaviour of the 03 concentrations was explore by using the descriptive statistics. The

descriptive statistics were used to explore the pattern of the distribution of 03

concentrations. To determine the occurrence of high concentrations will be presented

using time series and Box-and-Whisker plot. The trend analysis for each monitoring

stations will be used to determine if there is any significant increasing or decreasing

trend of 03 concentrations along the year. As for achieving objective 2 and objective 3,

the Bayesian approach will be used to estimate the parameter of the distribution. There

are two main components to fit into the Bayesian, which is likelihood distribution and

prior distribution. Therefore, the likelihood is the EVD which is GEV and Weibull and

the prior are selected from the family distribution ofthe EVD which is uniform for GEV

and inverse gamma for Weibull are used to fit into the Bayes' theorem to estimate the

posterior parameter. MCMC will be used in getting the suitable prior for the EVD that

will explain further in Figure 3.4. The detailed explanation on estimation of parameter

using Bayesian approach will be explained in Section 3.7.
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The performance indicator will performed to determine the suitable of the prior

and the best Bayesian EVD model. However, there is no consensus about which is the

most appropriate for 0 3. Thus , the accuracy measures and error measures shall

determine the appropriateness of the methods that will be discussed in Section 3.8 in

order to obtain the best Bayesian EVD distribution. By using the best distribution, the

probability density function (pdt) of the EVD can be plot to compare with the actual

data and the cumulative distribution function (cdf) can be used to get the probability of

exceedances. Therefore, the best Bayesian EVD model will be used for each of the

monitoring stations to predict the exceedances and return period of extreme 0 3

concentration. Lastly, the return period of 0 3concentration will be validated using the

number of days of exceedances that will be explained in Section 3.11.

The R language was used in plotting the time series and Box-and-Whisker plot ,

to find the trend of 0 3. The Mann - Kendal trend test also used the R language since it

provides a wide range of data manipulation, calculation, and graphical analysis.

Matlab® is the programming language for numerical computation, visualisation, and

programming package for engineers. It is used to estimate the parameters of the

distribution and the performance indicators (MathWorks, 2015). OpenBUGS is an open

source ofWinBUGS (Bayesian Inference Using Gibbs Sampling), a software designed

explicitly for the Bayesian Analysis of complex statistical models using Markov chain

Monte Carlo (MCMC) methods (Ntzoufras, 2009) to perform all the simulation of the

Bayesian model.

3.2 Area of Research

The study employed data of 03 daily maximum concentrations from SIX

monitoring stations in Peninsular Malaysia from the period of 2008 - 2017 . The

monitoring stations are Klang, Cheras and Shah Alam for the urban area, Petaling Jaya

for an industrial area, Tanjung Malim as suburban area and lastly, Jerantut as a

background station. Figure 3.2 explains the location of the monitoring stations in

Peninsular Malaysia. This study focused on the locations in the central region due to

the titration of 03 in areas which have a high volume of traffic, in effect to reduce the

amount of 03 in city centers. The movement of 03 precursors to suburban areas leads

to a high concentration of 03 in other areas (Banan et al. , 2013).
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Most ofthe previous studies (Abdullah et ai., 2017; Ahamad et ai., 2014; Banan

et ai., 2013; Nasir et ai., 2016) used Port Klang's monitoring station as it has

exceedances of 0 3. The Klang Valley is Malaysia's most developed region and is more

susceptible to air pollution due to its geographical location, the development of large-

scale industrial and commercial activities , densely populated areas and also high

vehicular traffic . The air monitoring station is located at Port Klang as it lies within a

port city with many heavy industries (Ahamad et ai., 2014).

Cheras is in the federal territory ofKuala Lumpur which is situated in the middle

ofMalaysia. The population estimated was high because ofjob offers. Cheras is a busy

town with a lot of traffic. Therefore, due to the congestion of traffic, development, and

population, Cheras has become the ideal place to study urban 0 3concentration (Ghazali

et ai., 2014). Fadzly et ai. (2018) also stated that Cheras was found as the haziest stated

during the 10 days studied due to the smoke released by the vehicles and factories

around the area.

The Shah Alam station IS located in a residential and commercial area

surrounded by extremely busy motorways. This station is also close to the industrial

zone, which leads to high 0 3 concentration. Majority of the urban stations has high

daytime of 0 3 concentration. Urban area such as Shah Alam frequently has a high 0 3

concentration that surpasses the limits imposed by the MAAQG (Awang et ai., 2016).

Ahamad et ai. (2014) stated that the Petaling Jaya station is an urban-traffic in

nature as the monitoring station is located next to a busy intersection. The presence of

NOx from motor vehicle emissions is more likely to influence these stations by traffic

conditions and the effect ofthe titration of0 3. Previous researchers studied air pollution

in this area since the Klang Valley has been an environmental concern for researchers

(Ahamad et ai., 2014; Mabahwi et ai., 2015; Mohamad, Ash'aari, & Othman, 2015).

The Tanjung Malim station is located at Universiti Pendidikan Sultan Idris

(UPSI); the northernmost area, 80 km from Kuala Lumpur. The station is located about

5 km from the main road (North-south Highway), and it is surrounded by many

residential and construction areas, including the main highway in Malaysia, which can
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catalyse the formation of03 (Mokhtar et al., 2016). Tanjung Malim was selected instead

of Kuala Selangor, and Banting due to extreme 03 concentration, which was low in

Kuala Selangor and because ofinsufficient data in Banting since the monitoring stations

started in 2010.
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(Source: Department of Environment Malaysia, 2017)
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The last monitoring station for this study is Jerantut in Pahang. It is 200

kilometres away from Kuala Lumpur and 180 kilometres from Kuantan. This

monitoring station is located at the Meteorological Department of Malaysia in Batu

Embun, Jerantut, Pahang in the central region of Peninsular Malaysia. Natural forest ,

soil dust , open burning, and a small number ofmotor vehicles are expected to contribute

to air quality at this monitoring station (Banan et al., 2013). Jerantut is only background

stations that have been established by Department ofEnvironment Malaysia (Awang et

al., 2013) . Table 3.1 details the classification ofmonitoring stations used in this study.

Table 3.1
Category and location ofmonitoring stations

Category Station ID Monitoring Location

Stations

Sek.Men.Keb.Seri Permaisuri,
CA0054 Cheras

Cheras

Urban
CA0025 Shah Alam Sek. Keb. TTDI Jaya, Shah Alam

CAOOIl Klang Sek. Men. (P) Raja Zarina, Klang

Tanjung Universiti Pendidikan Sultan Idris,
Sub-urban CA0045

Malim Tanjung Malim

Sek. Keb. Bandar Utama
Industrial CAOOI6 Petaling Jaya

Damansara, Petaling Jaya

Background CAOO07 Jerantut
Pej. Kajicuaca Batu Embun,

Jerantut

3.3 Monitoring Records Selection

In this purpose of the study, the daily maximum 03 concentration will be used

for the monitoring record selection for the maximum value. The straightforward method

of the daily maximum data is selected from the maximum of the series of 24-hour

monitoring record from 00:00 to 23:00 hours .
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3.4 Missing Value Treatment

There are various reasons why missmg values in 03 data occur, i.e., a

malfunction of equipment, human error , and calibration process. Complete data are

required in performing time series analysis, and trend analysis in this study. Therefore,

this study had to overcome this problem. There are several methods in treating the

missing values , and one of the most popular approaches to overcoming these missing

values is by using listwise deletion method. Listwise deletion method is simply

removing the missing data and uses the remaining data set for analysis. Even though

this method is easy to implement, but this method introduces a substantial bias in this

study (Little & Rubin , 2002). Another method to overcome this problem is the adoption

of imputation techniques (Junninen, Niska, Tuppurainen, & Ruuskanen, 2004) .

After trying a few techniques of imputation such as interpolation, daily mean,

and a few other techniques, K-nearest neighbor (KNN) was the most suitable imputation

for the 0 3data in this study. A hot-deck imputation that implies the nearest - neighbour

method was used where the missing values were filled by the mean value of the

corresponding column of the nearest neighbour of the corresponding row that has no

missing values. The nearest neighbour can be defined in terms of Euclidean distance.

Based on Ahmat Zainuri , Jemain, and Muda (2015) , the KNN method is one of

the best methods that perform consistently superior compared to the other method in

the study. The method used in the study was tested using a different set of ground-level

ozone (03) data from eight monitoring stations located at the central, south and north

region of Peninsular Malaysia with 5%,10%, 15%,20%,25% and 30% missing. Three

performance indicators used in the study agree that KNN is one of the best methods

with a higher correlation coefficient and index agreement and with a lower minimum

absolute error compared to other methods used in the study. This study also

recommended KNN as the preferred method to be used in air quality data.

3.5 Data Exploration

The 03 daily maximum concentration will be presented in descriptive statistics,

time series plot, and Box-and-Whisker plot. While, the trend analysis will be tested
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using Mann - Kendall (MK) trend test to test if there is significant decreasing or

increasing test in the monitoring stations from 2008 - 2017.

3.5.1 Descriptive Statistics

The descriptive statistics is the discipline of quantitatively describing the main

features of a collection of information or the quantitative description in the form of

numerical or graphical techniques. Descriptive statistics , in general, represent three

types of information about the data, namely: location, dispersion , and shape. The mean,

median , and mode represent the location of the data. Dispersion is to determine the

spread ofthe data from its mean. The range, standard deviation, coefficient ofvariation,

percentile, and interquartile range are the measurement of dispersion . The shape of the

data distribution is presented by variance, skewness, and kurtosis. These components

are classified as the measures of central tendency (Fisher & Marshall, 2009).

Table 3.2
Measurement used in Descriptive statistics

Category Notation Description Formula

Location Mean, i

Median

Mode

The average set of data

The middle score of rank-ordered

values

The numerical value with the most

frequency

~>,
x=~

n

Ifn is odd,

Median =X ' . +1l11

Ifn is even,

X +x
n ~l

Median = 1 1
2

Dispersion Range The difference between the highest

and lowest value

Standard Deviation, s The average difference between each

data to the mean

Interquartile range, The difference between quartile 3 and

IQR quartile 1
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Table 3.2
Continued
Shape Skewness,

Cs

The measure of the asymmetry of the

distribution of data about its mean

Negatively (left) skewed

Data mostl y lie on the right of the mean

Mode

x

(a) Negatively Skewed

Normal (skewness = 0)

Data evenly distributed on the left and

right of the mean

Mean
Median
Mode

n ( _)3c,=-l-I Xi - X

n-l i=1 s

x
(b) Normal (no skew)

Positively (right) skewed

Data mostly lie on the left of the mean

Mode

x

Kurtosis

(e) ositively skewed

(Durkhure & Lodwal, 2014)

The measure of the peakedness of the

distribution of data.

p1olyt<urtlc
(negau.... korto5l')

mnokurtlc
\ (zero k.urtOsiS, normal dIstributIon)

1 " X -s
Kurtosis =--I-'--

n -1 i= 1 s
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3.5.2 Time Series Plot

A time series is a plot of the sequence of data points, usually consisting of

successive measurements made over a time interval. The monitoring records used in

this study are from 2008 - 2017. Since the monitoring records for 0 3 concentrations

were in series , the time series plot can be applied.

3.5.3 Box-and-Whisker Plot

Box-and-Whisker plot visually summarises and compares the groups of data.

The presentation of the Box-and-Whisker plot utilises the median, quartiles , the lowest

and highest data points to express the dispersion and symmetry ofthe distribution of the

data. Box-and-Whisker plot can easily demonstrate the existence of outliers in the data

(Williamson, Parker, & Kendrick, 1989). Figure 3.3 shows the description of the Box-

and-Whisker plot.

*

--------------------- +- Upper fence
+- Maximum observatio

below upper fence

+- 75th percentile

+- Median

+- 25th percentile

+- Minimum observation
above lower fence

--------------------- +- Lowerfence

* +- Outlier
Figure 3.3 Description of Box-And-Whisker Plot
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3.5.4 Mann-Kendall's (MK) Trend Test

Mann initiated the test in 1945 (McLeod, 2011), which statistically assessed the

existence of an increasing or decreasing trend within a time series. The non-parametric

Mann-Kendall test for the trend can be applied over ten years to the daily maximum of

0 3 values for each subregion. The procedure entails listing the time-ordered medians

from 1980 to 1989 and computing the n (n - 1)/2 possible differences xi - Xj where i >

j . The sign (Xi - xj) becomes an indicator function that takes on the value 1, 0, or -1

according to the sign Xi - x j, The Mann- Kendall statistic is written in equation (3.1):

/I ;- 1

S =I I sign (x, -Xj)
;=2 j=1

(3.1)

where S is the number of positive differences minus the negative differences. If

S is a large negative (positive) number, ambient measurements taken later tend to be

smaller (larger) than those taken earlier. The hypothesis of this test is:

Null hypothesis, Ho: There is no trend in the data

Alternative hypothesis, HI : There is a trend in the data

The Mann-Kendall test can be viewed as a nonparametric test for zero slopes of

the linear regression of time-ordered data versus time (Warren & Gilbert, 1988). As

mentioned in Equation (3.2), Kendall's T is defined as

S'
r=2---

n(n -1)
(3.2)

where S' is Kendall's sum and is estimated as S' = L - M is where L is the

number ofcases with (Xi - Xj) > 0 and M is the number ofcases for whichfXi - Xj) <
O. It is compared with a standard normal Z as written in the Equation (3.3) and Equation

(3.4)
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And

S-1
S>O

Var(S)' '
z= 0, S=O

S +1
S<O

Var(S)"

q

n(n -1)(2n + 5) - L (t p -1)(2t p + 5)
Var(S) = p=1

18

(3.3)

(3.4)

where tp is the number of ties for the p" values, and q is the number of tied

values . For the two-sided test for trend , the null hypothesis, Hois rejected when IZI >
Za/2 , where a = 0.05 is the significance level.

Hirsch , Slack, and Smith (1982) stated that the trend magnitude could be

estimated using Kendall's slope estimator, and it is an unbiased estimator of the linear

trend slope. It provides higher accuracy than a regression estimator where data is highly

skewed but lowers accuracy when data is normal.

3.6 Extreme Value Distribution

The quality of procedures used in statistical analysis relies significantly on the

assumed probability model or distribution. As a result, the development of large sets of

standard probability distributions together with appropriate statistical methodologies

has increased considerable effort to provide statistical models for a wide range of real-

world phenomena. The standard model would not be a useful probability density

function (pdt) for the study of each phenomenon. One of the statistical procedures is

the measures ofcentral tendency. The measure of central tendency is a single value that

attempts to explain a set of data by recognizing the central position within that set of

data. On this note, it is not suitable to analyse the set of extreme data (Aryal & Tsokos,

2009).

Nasir et al. (2016) used the probability density function (pdf) and cumulative

density function (edt) to estimate the probability of the exceedances of 03 based on the

33



Malaysian Ambient Air Quality Guideline (MAAQG). Therefore, this study used the

pdf plot to identify the skewness and plotting using the parameter estimation value

compared with the observed data. On the other hand, the cdfwas used to determine the

probability of 0 3concentration.

3.6.1 Generalized Extreme Value (GEV) Distribution

A single GEV distribution is a result of a combination of a family ofcontinuous

probability distribution which was proposed for statistical stability. The GEV, which

was popularised by Jenkinson in 1955 (Bali, 2003), has three parameters, namely:

location, shape, and scale. The location parameter, J1 determines the shifting of a

distribution In a specified direction on the horizontal axis. The dispersion of the

distribution IS measured by the scale parameter, (J and it indicates where the

concentration of the distribution lies. Reducing the value of (J will cause an expansion

of the density and vice-versa. The shape parameter, A on the other hand, affects the

shape of distribution and tails of the distribution. It governs the skewness as to where

the majority ofdata are concentrated, thus, creates the tail(s) ofdistribution (Millington,

Das, & Simonovic, 2011). The pdf is written in Equation (3.5)

where x > J1 - ~ , -00 < J1 < 00 is the location parameter, (J > 0 is the scale

parameter and -00 < A < 00 is the shape parameter. The shape parameter, Aestablishes

the type ofextreme value distribution. Gumbel distribution - Type I distribution is when

A= O. Type II - Frechet has A> 0 and it has bounded lower side when x > 0 (Aryal

& Chris , 2011) . Type III distribution, which is commonly known as "Reversed

Weibull", is the result of a negative shape parameter, A < O. The upper ends of both

Type I and Type II are unbounded, however, Type I has a thinner tail than Type II. Type

III has a finite upper limit. The corresponding cdfis written in Equation (3.6)
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F(X;A,a,,u) = and for 1 + A(X:)> 0 (3.6)

3.6.2 Weibull Distribution

The EVD of Type III was formulated by Waloddi Weibull (1887-1979), a

Swedi sh engineer and scientist well-known for his work on the strength of materials

and fatigue analysis (Georgopoulos & Seinfeld, 1982). The pdfand cdffor two Weibull

distributions are written in Equation (3.7) - (3.8) .

f (x;a,A)=~ (;r exp[ - (; ) } or x;, O.a,.<> 0

F(x;a ,A) ~ 1- exp[ - ( ; )'Jfor x;" 0;a ,A> 0

(3.7)

(3.8)

where A is the shape parameter and a is the scale parameter (Rinne, 2009) .

3.7 Bayesian Approach

The Bayesian approach using EVT as prior distribution is more familiar in the

hydrology field (Chung & Kim, 2013; Eli, 2012 ; Smith, 2005). Regardless of that,

Bayesian approach using EVT for prior distribution is not common in air pollution data

and in obtaining the posterior distribution for a complex model can be problematic

because of the difficulty in calculating the integral techniques (Coles , 2001).

There are three objectives stated by Kruschke (2010) in the inference from data

which are: (i) Estimation of parameter values , (ii) Prediction of data values and (iii)

Model selection. From the given set of beliefs, the posterior belief of the parameters
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and values are estimated. One of the principals used in a mathematical model is the

ability to make a specific prediction. It stated that complex models usually fit data better

than the simple model.

For this study, the Bayesian approach used OpenBUGS - computing-language-

oriented software that utilises Bayesian inference using Gibbs sampling. OpenBUGS

has become popular in recent years because it can estimate the posterior distribution of

the parameters of interest using MCMC in a variety of models. It only specifies the

model code in which the model likelihood and the prior distribution are defined. In this

approach, the Markov Chain Monte Carlo (MCMC) method is employed in estimating

the unknown parameters. The MCMC method was initiated by Nick Metropolis and his

associates in the 1950s and (re)discovered by Gelfand and Smith in 1990. The selection

of prior distribution is essential for better convergence towards the equilibrium

distribution. At equilibrium, the MCMC generates dependent random values from the

corresponding stationary distribution (Ntzoufras, 2009). The sets of Bayes ' rule is as

written in Equation (3.9)

p(B ID) =p(D IB) x p(B) / p(D)
'----v---' '----v---' '---v--' '-v---'
posterior likelihood prior evidence

where the evidence is as stated in Equation (3.10)

p(D) =fdBp(D IB)p(B)

(3.9)

(3.10)

The prior, p(S) is the initial set of beliefs in ewithout the data, D. The posterior,
p(SID) is the set beliefin ewhen the data D is taken into consideration. The likelihood,

p(DIS) is the probability that the data could be generated by the model with parameter

values e (Kruschke, 2010). In this study, the concept of Bayesian is represented in

Equation (3.11).

Posterior = likelihood x prior
d~b . fi 0 '---v--JIsm ution or J distribution for parameters
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3.7.1 Non-Informative Prior

There are two types of prior distributions which are informative and non-

informative prior. When a prior distribution is derived using data through objective

analysis, it is referred as the informative prior distribution. Otherwise, it is referred as a

non-informative prior distribution when derived from subjective judgments or

theoretical considerations. When the non-informative prior distribution is used, the

posterior distribution only reflects the information in the sample (Chung & Kim, 2013).

Chung and Kim (2013) stated that the Bayesian analysis does not always provide

the reduction of the uncertainty, especially when the information is a large sample size

in defining the unknown parameters, the influence of the uncertainty is weak in

determining a specific decision. It is not needed to spend large amounts of time and

energy for the development of an informative prior distribution. However, if there is

little information, the analysis of the uncertainty has a strong influence on the final

selection of the parameters. Therefore, in this study, the non-informative prior

distribution such as conjugate prior distribution can be used since there is a large amount

of data exist ing in 0 3. However, if the sample size is small or only indirect information

about the known parameters is available, it becomes more important to choose a

reasonable prior distribution such as informative distribution.

Ahmat (2016) conducted a study on Bayesian comparing informative and non-

informative prior in predicting the high concentration of PM IO using extreme value

distribution by using the daily maximum data of PM IO and the EVD used were GEV,

GPD, Weibull, and Gumbel. As for non-informative prior, uniform and normal

distribution were used for the GEV, Inv. Gamma distribution was used for the Weibull

distribution, and normal distribution was used for the GPD. The finding was in favour

of non - informative prior in which the non - informative prior fitted the observation

better compared to the informative prior for the eight (8) monitoring stations used in the

study using GEV with a uniform prior.

The choice ofthe uniform distribution is because the prototype ofthe GEV Type

III is the uniform distribution over some interval. It suggests that the GEV is in the same
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family of the uniform distribution. The Weibull distribution interpolates between the

exponential distribution, and thus, the choice of non-informative prior will be chosen

from within the exponential family (Rinne, 2009) which is inverse gamma. The

parameter was obtained for each location, as stated in Figure 3.4.

Likelihood

Distribution - EVD

Prior distribution

obtained from the family

_ distribution of EVQ..__

Iteration to obtain

posterior parameter

Mean of iteration for

each posterior parameter

Start

~
Bayesian Approach

I
+ +

GEV I Weibull

----- ------------ -----

Uniform Inv. Gamma

----------------- ,-----

/ll , /l2, /l3" ,/In

AI, A2, ALAn
AI, A2, A3.. .An

0' 1, 0'2, 0'3.. ,an,
0' I , 0'2, 0'3.. ,an,

----1------------ ----
Parameter Parameter

/l A

A
0'

0'

-------t-----'I
~

End

Figure 3.4 Flowchart of obtaining parameter
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As stated in Table 3.4, for GEV distribution, the location, scale and shape

parameters were estimated using uniform distribution with means equal to 0, 0 and -1,

and variances equal to 200 , 50 and 1. As per Weibull distribution, the scale and shape

parameters were estimated using Inverse Gamma with means equal to zero and

variances equal to 100 and 10, respectively. In regards to the location parameter, the

estimated value is the minimum ofthe monitoring records. The distribution was initially

set at 1000 burning point for convergence towards the equilibrium and was simulated

range from 4000 to 8000 and 20000 to 30000 for GEV and Weibull respectively.

An example of ten replicates for each simulation in the Bayesian analysis will

give the parameter values as indicated in Table 3.5 . The final parameter value is the

average of all parameters in each replicate during simulations. Uniform distributions

were used as priors to estimate parameters for GEV distribution while Inverse Gamma

was used to estimate the parameters for Weibull distribution. The likelihood distribution

utilised was GEV and Weibull, as explained in Section 3.6. The pdfand cdfofthe priors

are presented in Table 3.3

Table 3.3
Pdf and cdf for the prior distribution

Distribution Equations Source

Uniform

Inverse Gamma

{

I
f ( ) - --, a 5,. x 5,. b
x - b-a

0, elsewhere

Fx={x- ~ ::: <b
b-a

1 x'?b

f (x;1.-, a )=~X-A-l exp(-~)
[(1.-) a

Where (J is the scale parameter, A is the shape

parameter and r is the gamma distribution
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Table 3.4
The noIi-infonnative prior distribution for each monitoring stations with iterations

Monitoring Stations EVD Non-informative Prior Iterations

Petaling Jaya GEV f1 - uniform (0,200) 5000
(Y - uniform (0,50)
), - uni form (-1,1)

Weibull (Y - invgamma (0,100) 30000
A- invgamma (0,10)

Shah Alam GEV f1 - uniform (0,200) 5000
(Y - uniform (0,50)
), - uniform (-1,1)

Weibull (Y - invgamma (0,100) 20000
}, - invgamma (0,10)

Cheras GEV f1 - uniform (0,200) 4000
(Y - uniform (0,50)
A- uniform (-1,1)

Weibull (Y - invgamma (0,100) 30000
}, - invgamma (0,10)

Klang GEV f1 - uniform (0,200) 5000
(Y - uniform (0,50)
), - uniform (-1,1)

Weibull (Y - invgamma (0,100) 25000
A- invgamma (0,10)

Tanjung Malim GEV f1 - uniform (0,200) 8000
(Y - uniform (0,50)
A- uniform (-1,1)

Weibull (Y - invgamma (0,100) 30000
A- invgamma (0,10) .

Jerantut GEV f1 - uniform (0,200) 5000
(Y - uniform (0,50)
A- uniform (-1,1)

Weibull (Y - invgamma (0,100) 25000
A- invgamma (0,10)
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3.8 Performance Indicators (PI)

The fitting of the model is best carried out using a systematic optimisation

routine that estimates the parameters by several distributions indicated in Section 3.6

and Section 3.7 using the 0 3concentrations data and then compares how these estimated

distributions fit the data using various criteria of "goodness of fit". Three common error

measures mainly ; the Root Mean Square Error (RMSE), Mean Absolute Error (MAE)

and Normalized Absolute Error (NAE) and three accuracy measures : Prediction

Accuracy (PA), coefficient of Determination (R2) and Index of Accuracy (LA) were

used in this study (Ahmat et al., 2015). For more understanding of the calculation of

goodness-of-fit, Table 3.6 lists the notations needed in the calculation of goodness-of-

fit, which are used in Table 3.7.
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Table 3.6
Notations used in obtaining goodness-of-fit

Past Present Time

Observed Value 01 0 2 Ot - 2 Ot -I at

Period t J 2 t -2 t - J t

Estimated Values P I P 2 P t-2 . P t-I P t

Error Values el e2 et -2 et - I et

Table 3.7
Notations used in defining performance indicators

Notation

N

0 /

p /

So

Meaning

Number of observed records

Forecast error, O, - P,

Observed records

1 II

Mean of observation, - I 0 /
n t=1

Predicted records

1 II

Mean of predicted records - I P,
n /=1

Standard deviation ofObserved records

Standard deviation of Predicted records

s, = _l_t(~ - P)
n -1 /=1
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3.8.1 Error Measures

The value of error measures fluctuates from 0 to +00. The errors measure the

average magnitude of the errors. The model is deemed to be the best model as the value

oferror measures have the lowest values using formulae (3.12)-(3.14) in Table 3.8. The

error measures in this study are scale and unit-dependant (Ji & Gallo, 2006) .

Table 3.8
Description of Error Measures and their formulae

Error Description Formulae Equation

Measures

(3. 12)The ave rage difference between

the obse rved and pred icted va lues

RMSE = \1..:....-'--------

RMSE

n

MAE The average absolute difference

between the observed and the

predi cted values

II

II(OI - P, ~
MAE = ...:...1=...:...1__-

n

(3.13)

NAE The error between the predicted

and observed values of a model or

estimator and the calculation

II

II(p, - Ol ~
NAE = ...:...1=...:...1__-

(3. 14)

(Source: Ji & Gallo, 2006)

3.8.2 Accuracy Measures

The formulae for each accuracy measures shown in Table 3.9 will be calculated

for the selected model. The accuracy value fluctuates between 0 and 1, and as the value

approaches 1, the model is appropriate (Ahmat, Yahaya, & Ramli, 2014). The closer

the value to 1, the more appropriate the model to simulate the data.
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Table 3.9
Description ofAccuracy Measures and their formulae

Accuracy Description Formulae Equation

Measures

R2 The statistical indicators to (3.15)/I

measure the accuracy of LCq-Pr)2
models or estimators R2 =1- 1=1

/I 2

L(OI-O)
1=1

PA The proximity of predicted to
PA =i (Pr -PXOI -0) (3.16)

the observed values
1=1 (n-I)SpSo

IA Dimensionless statistical (3.17)/I

indicator that expresses the L(f~ _01 ) 2

fA = 1- 1=1
difference between predicted

f ~P, -01-101 -(1)
2

and observed values
1=1

(Source: Ji & Gallo , 2006)

3.9 The Exceedances

The estimation of the exceedances is calculated from the probability of

concentrations exceeding 0.1 ppm which is obtained from the cumulative distribution

function (cdf) plot multiplied with the number of days (Fitri et al., 2011). Equation

(3.18) was used in getting the probability of exceedances.

In calculating the exceedances, Equation (3.19) were used in getting the

estimated days of exceedances of the distribution. Percent of Compliance in Equation

(3.20) was used in order to check the similarities between the actual and estimated

numbers.

Probability of exceedances =P(X > 0.1)=1- P(X ~ 0.1)=1-F(O.I)

Exceedances =P(X > 0.1) x number of days

% C I · (1 1actual- estimated I) 100o omp zance= - x
actual
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3.10 The Return Period

According to Coles (2003), Bayesian analysis is preferable due to the prediction

ofreturn level , which is based on the predictive distribution as it can be estimated easily.

The value of the return period for every location is the reciprocal of the probability of

exceedances (Selaman, Said , & Putuhena, 2007).

In this study, the probability of concentrations exceeding 0.1 ppm was obtained

from the cumulative distribution function (edt) plot of the best distribution chosen. The

formula used is as indicated in Equation (3.21) , and the number of exceedances can be

predicted using the Equation (3.22) (Noor, et al., 2011).

. 1Return Period =--- --- - ---
Probability of exceedances

Number of daysNumber of exceedances =- --------=:......--=-- --
Probability of exceedances

3.11 Validation

(3.21 )

(3.22)

For the validation process, only two years of data were used, which is 2016 and

2017 for every monitoring stations selected. This process is to verify the estimated

number of exceedances and the actual number of exceedances. Thus , the percent

compliance that has been discussed in Section 3.9 were used ;
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CHAPTER FOUR

RESULT AND ANALYSIS

4.1 Introduction

The findings for this study are presented in Section 4.1 through Section 4.8.

Objective 1, which is to describe the characteristics for each monitoring stations, is

discussed in this section. Then, the results for objective 2 - the findings of the suitable

prior are discussed in Section 4.5. The findings are based on the performance indicators

along with the results for objective 3, which is to determine the best distribution. The

exceedances and the return period in this study are discussed in Section 4.7 and Section

4.8 , respectively.

4.2 Missing Value Treatment

From the discussion in Section 3.4, the missing value occurs in every location,

which was due to various reasons. Therefore, this study imputed all the missing values

using KNN hot-deck imputation. As shown in Table 4.1, there are more than 10% of

missing values in the monitoring stations at Shah Alam and Klang. There are more than

5% ofmissing values for Cheras and Jerantut. As for Petaling Jaya and Tanjung Malim,

the missing values are less than 3%. Daily time series plot with the missing values for

all monitoring stations and after the imputation is illustrated in Figure 4.1.

Table 4.1
Percentage ofmissing values

Monitoring Stations Missing values Percent missing

Petaling Jaya 96 2.63%

Shah Alam 655 17.93%

Cheras 209 5.72%

Klang 419 11.47%

Tanjung Malim 73 2.00%

Jerantut 258 7.06%
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Figure 4.1 Daily time series plot with missing values and after imputation of 03
concentrations
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After the imputation process, the descriptive of 03 data were summarised in

Table 4.2. Since the KNN hot deck imputation was used, the data for minimum and

maximum for every location did not change since the imputed value only used data that

existed in the dataset. Although there are changes after the imputation process, the

dataset was not really affected since the mean before the imputation was almost similar

to the dataset after the imputation. Therefore, this KNN hot-deck imputation was

suitable to be used in this dataset.

Table 4.2
Descriptive of 0 3data before and after imputation

Before Imputation After Imputation

Nb Mins Means Maxs Na Mina Mean, Max,

Petaling Jaya 3557 0.0003 0.0495 0.2156 3653 0.0003 0.0497 0.2156

Shah Alam 2998 0.0010 0.061 0.1681 3653 0.0010 0.0619 0.1681

Cheras 3444 0.0010 0.0658 0.1760 3653 0.0010 0.0656 0.1760

Klang 3234 0.0010 0.0486 0.1410 3653 0.001 0.0483 0.1410

Tanjung

Malim 3580 0.0020 0.0495 0.1390 3653 0.0020 0.0494 0.1390

Jerantut 3395 0.0010 0.0331 0.0830 3653 0.0010 0.0329 0.0830

4.3 Descriptive Statistics and Plots

4.3.1 The Characteristics and Patterns of 03

The characteristics and patterns for every location were illustrated using the

histogram, time series plot, and Box-and-Whisker plot in this section. Descriptive

statistic for an annual year and overall for all monitoring stations are also discussed in

this section. The colour of the time series plot is based on the category of the location,

which is urban, suburban, industrial, and background.
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i) Petaling Jaya

The distribution of 03 concentration in Petaling Jaya shown in Figure 4.2 was

nicely shaped with a slight skew to the right. The distribution shows the existence of

extreme values . The maximum daily concentrations for Petaling Jaya are mostly below

0.1 ppm, although the extreme value occurs every year, as shown in the Box-and-

Whisker Plot in Figure 4.3.
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Figure 4.2 Histogram of 0 3concentrations for Petaling Jaya

Based on Figure 4.3, the annual averages ofconcentrations in Petaling Jaya were

around 0.05 ppm, which were below than MAAQG level. The concentrations were all

positively skewed with the highest value in 2017 (1.908) , an indication ofmore extreme

concentrations recorded in 2017. All the annual maximum concentrations were above

the MAAQG for daily level. The highest maximum concentrations were recorded in

2017 with the readings of 0.216 ppm. Distribution for 2017 registered the highest peak

as compared to other years with the kurtosis value of 1.951. The analysis indicates low

variability in the monitoring records every year with the overall coefficient ofvariation

value of00417.
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Figure 4.3 Time-Series plot , Box-and-Whisker plot and Descriptive Statistics for Petaling Jaya



ii) Shah Alam

As for the 03 concentration in Shah Alam, as shown in Figure 4.4, the shape

was nicely distributed with a slight skew to the right. The data distribution shows that

extreme values exist in the data. The annual average of maximum daily concentration

for Shah Alam was mostly below 0.1 ppm, although the extreme value occurs every

year, as shown in the Box-and-Whisker Plot in Figure 4.5.
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Figure 4.4 Histogram of 0 3concentrations for Shah Alam

The descriptive statistic IS shown in Figure 4.5, the annual averages of

concentrations in Shah Alam were recorded above 0.05 ppm, which is still below the

MAAQG level. The concentrations were all positively skewed with the highest value in

2017 (0.919) and followed by 2011 (0.819). All the annual maximum concentrations

were above the MAAQG for daily level. The highest maximum concentrations were

recorded in 2017 with the reading of 0.168 ppm. Distribution for 2017 registered the

highest peak as compared to other years with the kurtosis value of 3.030. The analysis

indicates low variability in the monitoring records every year with the overall

coefficient variation value of 0.383.
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Figure 4.5 Time-Series plot, Box-and-Whisker plot and Descriptive Statistics for Shah Alam



iii) Cheras

Next , as seen in the histogram of the 03 concentration in Cheras in Figure 4.6,

it is nicely distributed with a little skew to the right. The data distribution shows the

existence ofextreme values in the data, which is expected to fit well with the distribution

of the monitoring records. The annual average daily maximum concentrations for

Cheras are mostly below 0.1 ppm, although the extreme value occurs every year, as

shown in the Box-and-Whisker Plot in Figure 4.7.
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Figure 4.6 Histogram of 0 3concentrations for Cheras

The annual averages ofconcentrations in Cheras have recorded above 0.05 ppm,

which is below than the MAAQG level shown in Figure 4.7. The concentrations were

all positively skewed with the highest value in 2016 (0.732) , meaning that more extreme

concentrations were recorded in 2016. All the maximum concentrations recorded each

year were above the MAAQG for daily level. The highest maximum concentrations

were recorded in 2016 with the reading of 0.176 ppm. Distribution for 2014 registered

the highest peak as compared to other years with the kurtosis value of 1.255. The

analysis indicates low variability in the monitoring records every year with the overall

coefficient of variation value of 0.381.
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Figure 4.7 Time-Series plot, Box-and-Whisker plot and Descriptive Statistics for Cheras



iv) Klang

Figure 4.8 shows the 03 concentration in Klang. The histogram is nicely

distributed with a skew to the right; in which the data distribution shows the presence

of extreme values in the data which are expected to fit well with the distribution of the

monitoring records. The maximum daily concentration for Klang is mostly below 0.1

ppm, although the extreme value occurs every year, as shown in the Box-and-Whisker

Plot in Figure 4.9.
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Figure 4.8 Histogram of 0 3concentrations for Klang

Based on Figure 4.9, the annual averages of concentrations in Klang were

recorded around 0.05 ppm; which is below the MAAQG level. The concentrations were

all positively skewed with the highest value in 2013 (1.143); meaning that more extreme

concentrations were recorded in 2013. All the maximum concentrations recorded each

year were above the MAAQG for daily level. The highest maximum concentrations

were recorded in 2013 with the readings 0.141 ppm. Distribution for 2013 registered

the highest peak as compared to other years with the kurtosis value of 2.321. The

analysis indicates low variability in the monitoring records every year with the overall

coefficient variation value of 0.402.
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Figure 4.9 Time-Series plot , Box-and-Whisker plot and Descriptive Statistics for Klang



v) Tanjung Malim

Figure 4.10 shows the 03 concentration in Tanjung Malim. The histogram is

nicely distributed with a skew to the right. The data distribution shows the existence of

extreme values in the data , which is expected to fit well with the distribution of the

monitoring records. The maximum daily concentration .for Tanjung Malim is mostly

below 0.1 ppm, although the extreme value occurs every year, as shown in the Box-

and-Whisker Plot in Figure 4.11.
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Figure 4.10 Histogram of 0 3concentrations for Tanjung Malim

The annual averages of concentrations in Tanjung Malim recorded around 0.05

ppm, which is below the MAAQG level. The concentrations were all positively skewed

with the highest value in 2016 (1.440) , meaning that more extreme concentrations were

recorded in 2016. All the maximum concentrations are recorded each year were above

the MAAQG for daily level. The highest maximum concentrations were recorded in

2009 with the reading of 0.139 ppm. Distribution for 2016 registered the highest peak

as compared to other years with the kurtosis value of 2.300. The analysis indicates low

variability in the monitoring records every year with the overall coefficient ofvariation

value of 0.419.
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Figure 4. 11 Time-Series plot , Box-and-Whisker plot and Descriptive Statistics for Tanjung Malim



vi) Jerantut

The 03 concentration in Jerantut is shown in Figure 4.12. The histogram is

nicely distributed with a skew to the right. The maximum daily concentration for

Jerantut is below 0.1 ppm, and there are outlier data but not extreme in 2012 and 2013,

as shown in the Box-and-Whisker Plot in Figure 4.13.
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Figure 4.12 Histogram of 0 3concentrations for Jerantut

Based on Figure 4.13, the annual averages of concentrations in Jerantut were

recorded around 0.03 ppm, which is below the MAAQG level. The concentrations were

all positively skewed except for 2017, where it negatively skewed. The highest value of

extreme is in 2013 (0.606) , meaning high concentrations were recorded in 2013. All the

maximum concentrations in between 2008 - 2017 recorded each year were below the

MAAQG for daily level. The highest maximum concentrations were recorded in 2015

with the reading of 0.083 ppm. Distribution for 2013 registered the highest peak as

compared to other years with the kurtosis value of - 0.392. The analysis indicates low

variability in the monitoring records every year with the overall coefficient ofvariation

value of 0.376.
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Figure 4.13 Time-Series plot, Box-and-Whisker plot and Descriptive Statistics for Jerantut



4.3.2 Summary of Characteristics and Pattern of 03 Concentrations

This study observed that there were no specific years or months of extreme 03

concentrations occurred for every location . For Petaling Jaya and Shah Alam, the

highest concentration was in 2017. The highest concentration for Cheras occurred in

2016 while Jerantut recorded the highest concentration in 2015, and the highest

concentration for Klang occurred in 2013. Lastly, Tanjung Malim recorded the highest

concentration in 2009.

Shah Alam and Cheras experienced the highest 0 3 concentrations . However,

Tanjung Malim commonly experiences a high concentration of 0 3between the second

quarter (April - Jun) and third quarter (July - September) of the year. The annual mean

0 3concentration for Petaling Jaya, Klang, and Tanjung Malim are almost similar. This

was due to the seasonality of 0 3concentration, which occurs in that particular location

but not for Shah Alam and Cheras. The monitoring stations for Shah Alam and Cheras

are close enough, and both of the monitoring stations are located in an urban area.

According to the Environmental Quality Report 2017 (Department of

Environment Malaysia, 2018), there was no haze episode in Malaysia in 2017 compared

to the past years that was mainly due to regional and transboundary haze. This study

observed that there was a decreasing trend of 0 3 concentrations in 2017. The

Department of Environment Malaysia (2018) also reported that there were numbers of

forest and bush fires that slightly deteriorated local air quality in the country but were

not prolonged due to the humid weather all year round.

4.4 The Trend of the 03 Concentrations

The trend for 03 concentration is illustrated in two ways, which are by using

quarterly average daily maximum and quarterly maximum data. The data are illustrated

using graph and Mann - Kendall trend test was used to support if there were enough

evidence to conclude that there was an increasing or decreasing trend for every

monitoring stations.
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4.4.1 The Mann - Kendal Trend Test

i) Petaling Jaya

Figure 4.14 illustrates the trend of the quarterly average of daily maximum in

Petaling Jaya from 2008 - 2017. The graph shows that .there is a slightly increasing

trend , but the analysis ofMann-Kendall 's show (MK) trend indicated that the T = 0.0436

(p-value = 0.7006 > 0.05). There was no significant evidence that the quarterly average

of the daily maximum of0 3concentrations increased during the period .
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Figure 4.14 Trend of quarterly average daily maximum for Petaling Jaya

Another trend plot using quarterl y maximum for Petaling Jaya from 2008 - 2017

is as illustrated in Figure 4.15. The graph also indicates that there is a slightly decreasing

trend over the year. However, the trend is also not significant statistically following the

MK' s trend test (T= -0.0349, p-value = 0.7617 > 0.05).
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Figure 4.15 Trend of quarterly maximum for Petaling Jaya
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ii) Shah Alam

The trend for the quarterly average ofdaily maximum in Shah Alam from 2008

- 2017 is illustrated in Figure 4.16. The figure clearly shows there is a decreasing trend

along with the year and the analysis ofMann-Kendall 's shows the result that the r =-

0.269 (p-value = 0.01489 < 0.05). Thus, it concludes that there was significant evidence

that the quarterly average ofthe daily maximum of0 3concentrations decreased during

the period.
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Figure 4.16 Trend of quarterly average daily maximum for Shah Alam

By using the quarterl y maximum for Shah Alam from 2008 - 2017, as illustrated

in Figure 4.17, the graph also shows a decreasing trend for this location. However, the

trend is not significant statistically following the MK' s trend test (r = -0.164, p-value =
0.1416 > 0.05) .
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Figure 4.17 Trend of quarterly maximum for Shah Alam
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iii) Cheras

Figure 4.18 illustrates the trend of the quarterly average of daily maximum in

Cheras from 2008 - 2017. The graph shows that there is a decreasing trend, but the

analysis of Mann-Kendall's show (MK) trend indicated that the 1: = -0.128 (p-value =
0.2487> 0.05). There was no significant evidence that the quarterly average of the daily

maximum of 0 3concentrations decreased during the period.
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Figure 4.18 Trend of quarterly average daily maximum for Cheras

Another trend test using the quarterly maximum for Cheras from 2008 - 2017

is illustrated in Figure 4.19. The graph shows there is a slightly decreasing trend and

the MK's trend test confirmed it (1: = -0.0272, p-value = 0.8156> 0.05) that there is no

significant decreasing trend for this location .
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Figure 4.19 Trend of quarterly maximum for Cheras
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iv) Klang

The trend graph using average quarterly is illustrated in Figure 4.20. The graph

shows that there is a decreasing trend. However, the analysis ofMann-Kendall's show

(MK) trend indicated that the L = -0.108 (p-value = 0.3335> 0.05). Thus, it is concluded
that there was no significant evidence that the quarterly average of the daily maximum

of 0 3concentrations decreased during the period.
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Figure 4.20 Trend of quarterly average daily maximum for Klang

By using the quarterly maximum for Klang from 2008 - 2017, as illustrated in

Figure 4.21, the graph also shows a slightly decreasing trend. However, the MK's trend

test concluded that the trend is not significant (L = -0.0065, p-value = 0.9628 > 0.05).

This concluded that there is no decreasing trend in the Klang station for 0 3

concentrations.
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Figure 4.21 Trend of quarterly maximum for Klang
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v) Tanjung Malim

Figure 4.22 illustrates the trend of the quarterly average of daily maximum in

Tanjung Malim. The figure shows a decreasing trend from 2008 - 2017 with support

from the analysis ofMann-Kendall that shows MK 's test statistic of r = -0.273(p-value

= 0.0135< 0.05). Therefore, it concludes that there is significant evidence that there is

a decreasing trend for a quarterly average daily maximum of 03 during the period.
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Figure 4.22 Trend of quarterly average daily maximum for Tanjung Malim

Meanwhile, Figure 4.23 illustrates the quarterly maximum for Tanjung Malim

from 2008 - 2017. It shows that the graph has a slightly decreasing trend. But, there is

not enough evidence from MK's test that concluded there is a decreasing trend for this

location (T= -0.0541 , p-value = 0.6327 > 0.05).
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Figure 4.23 Trend of quarterly maximum for Tanjung Malim
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vi) Jerantut

As for the background station, Figure 4.24 is illustrated using the quarterly

average of daily maximum in Jerantut from 2008 - 2017. The graph shows that there is

an increasing trend, with the support from the analysis ofMann-Kendall's (MK) trend

that indicated the 't = 0.267 (p-value = 0.01588< 0.05). There was significant evidence

that the quarterly average of the daily maximum of 0 3concentrations increased during

the period.
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Figure 4.24 Trend of quarterly average daily maximum for Jerantut

By using the quarterly maximum for Jerantut from 2008 - 2017, as illustrated

in Figure 4.25 , the graph also shows an increasing trend . The trend is also significant

statistically following the MK's trend test (r = 0.349, p-value = 0.00176< 0.05). The

results obtained in this study have to be given extra precaution since both of the figures

indicate that there is an increase of 0 3concentrations for Jerantut.
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Figure 4.25 Trend of quarterly maximum for Jerantut
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4.4.2 Summary of the Trend for All Monitoring Stations

From the results discussed in Section 4.4, overall , the locations showed that

there was no trend for 03 concentrations except for Shah Alam, Tanjung Malim, and

Jerantut. The summary table for the Mann Kendal trend test for quarterly average daily

maximum and the quarterly maximum is shown in Table 4.3.

The discussion shows that the main concern is not for Shah Alam and Tanjung

Malim since the results show a good performance for both locations for quarterly

average daily maximum data with a decreasing trend from 2008 - 2017. It can be

concluded that the 0 3 concentration declined from 2008 - 2017 for these locations.

However , there was no trend for quarterly maximum data for this location. The main

concern in this study is that the trend test shows that there was significant evidence that

Jerantut had an increasing trend for 0 3 concentration. Although the overall data for

Jerantut did not exceed the MAAQG, this location needs to take extra precaution.

Table 4.3
Summary ofMann Kendal trend test

Monitoring Quarterly Average Daily Quarterly Maximum Data

Stations Maximum Data

p-value Result p-value Result

Petaling Jaya 0.70062 No trend 0.76172 No trend

Shah Alam 0.01489 A decreasing trend 0.14164 No trend

Cheras 0.24872 No trend 0.81557 No trend

Klang 0.33353 No trend 0.96280 No trend

Tanjung. Malim 0.01350 A decreasing trend 0.63267 No trend

Jerantut 0.01588 An increasing 0.00176 An increasing

trend trend
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4.5 The Bayesian Approach

The Bayesian approach that has been discussed in Section 3.7, and this Section

discusses the outcomes of the Bayesian approach in achieving objective 2 and 3. The

result ofthe parameter estimation for the GEV and Weibull is discussed in Section 4.5.1,

while the suitable prior and the best distribution will be discussed in Section 4.5.2.

4.5.1 Parameter Estimation

From Figure 3.4 in Section 3.7.1, the process of getting the parameter of the

posterior was using the MCMC. Thus, Figure 4.26 shows the iterative history of the

MCMC approach for the GEV likelihood and uniform distribution as prior for all the

parameters in Petaling Jaya. The iteration for Petaling Jaya was stabilised at 5000 of

iterations. The mean for each parameter of the 5000 iterations was determined as the

parameter to fit into the distribution shown in Section 4.6.
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Figure 4.26 The simulation with the GEV likelihood with uniform prior distributions
for Petaling Jaya
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The estimation usmg the Bayesian approach was appropriate because the

simulation for all location, 1', scale, (J and shape, Aparameters of the GEV distribution

were stabilised around the mean shown in Figure 4.26. The posterior densities of each

parameter, as shown in Figure 4.27 , appear to be in conformity with the given data.

Thus , it can be concluded that the estimation using the Bayesian approach was adequate.
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Figure 4.27 Posterior pdf of parameters using non-informative prior for Petaling Jaya

The prior and the likelihood were both used in the Bayes theorem to find the

posterior parameter. In this study, the mean of the posterior for each distribution was

used as the location, scale , and shape parameters to fit into distribution. The parameter

only describes the distribution for that monitoring stations and the EVD while the

performance indicator in Section 4.5.2 determines the suitable prior and best Bayesian

EVD.

The iterative history and the posterior pdf for other monitoring stations for GEV

and Weibull are almost similar to Figure 4.26 and Figure 4.27. The results of the

parameter estimation using non-informative prior for all stations are presented in Table

4.4. The scale parameter for GEV is higher than the Weibull distribution. However, the

shape parameter shows that the Weibull distribution is higher than the GEV distribution.
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Table 4.4
Parameter estimation for all locations and extreme value distribution

Extreme Value Distribution

Generalized Extreme Value Weibull
Monitoring Stations --- -- - -----

Uniform Prior Inverse Gamma Prior

~ (f (f A

Petaling J aya 0.04066 0.01785 -0.06856 0.01032 1.595

Shah Alam 0.05181 0.02063 -0.09776 0.01007 1.773

Cheras 0.05534 0.02265 -0.13770 0.01054 1.754

Klang 0.03995 0.01667 -0.08393 0.00945 1.609

Tanjung Malim 0.04022 0.01609 -0.00403 0.00990 1.607

Jerantut 0.02769 0.01099 -0.12300 0.00693 1.515

4.5.2 Performance Indicator

Table 4.5 shows detailed statistics on the performance indicators for every

distribution and location. The best error measures and accuracy measures were

highlighted based on the smallest error and the accuracy measures which were closest

to 1. GEV shows the smallest error measurement and .high accuracy measurement

compared to Weibull distribution. The Bayesian approach appears to perform

consistently regardless of a different location, and all locations showed that GEV is the

best distribution in this study. Thus, it is concluded that uniform prior is suitable to be

used in GEV distribution.
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Table 4.5
Performance indicator for all locations and extreme value distribution

Monitoring EVD Prior Accuracy Measure Error Measure

Stations
R2 PA fA RMSE MAE NAE

Petaling Jaya GEV Uniform 0.9940 0.9973 0.9985 0.0016 0.0007 0.0131

Weibull Inv.Gamma 0.9864 0.9935 0.4503 0.0431 0.0405 0.8 138

Shah Alam GEV Uniform 0.9974 0.9990 0.9995 0.0011 0.0008 0.0125

Weibull Inv.Gamma 0.99 33 0.9969 0.4097 0.0560 0.0529 0.8551

Cheras GEV Uniform 0.9977 0.9991 0.9995 0.0011 0.0008 0.0128

Weibull Inv.Gamma 0.9872 0.9939 0.4057 0.0595 0.0562 0.8569

Klang GEV Uniform 0.9970 0.9988 0.9994 0.0010 0.0007 0.0143

Weibull Inv.Gamma 0.99 11 0.9958 0.4397 0.0422 0.0398 0.8246

Tanjung GEV Uniform 0.9874 0.9939 0.9970 0.0023 0.0014 0.0274

Malim
Weibull Inv.Gamma 0.9863 0.9934 0.4332 0.0433 0.0405 0.8204

Jerantut GEV Uniform 0.9948 0.9977 0.9988 0.0008 0.0007 0.0208

Weibull Inv.Gamma 0.976 1 0.9882 0.4435 0.0279 0.0266 0.8097

4.6 The Probability Density Function and the Cumulative Distribution

Function of the Monitoring Stations

From the discussion at Section 4.5.1 and 4.5.2, GEV was the best distribution to

represent the distribution for all the monitoring stations. The parameter ofGEV for each

monitoring stations, which is the location, scale, and shape parameters were fit into the

distribution using the same number ofobservation. Therefore the pdfand cdfwere used

to compare the observation and the theoretical of this study. If the theoretical

distribution were closed enough with the observation, it is shown that the theoretical

was a good distribution to explain the monitoring stations.
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Figure 4.28 - Figure 4.33 shows the pdf and cdf for all the monitoring stations.

The best distribution to represent the 03 concentrations was the GEV distribution. From

the graph, it can be seen that all the theoretical distributions fit the observations very

well with the trace almost identical to that of the observations. The pdfhad a heavy long

tail to the right, the indication of extreme concentrations existed in all locations, except

Jerantut. The probability of concentrations exceeding 0.1 ppm can be obtained from the

cdf plot for all the monitoring stations, and thus , the estimation of the exceedances can

be calculated using the probability of exceedances.
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4.7 The Exceedances

Following the plot of cdf in all the monitoring stations, as illustrated in Figure

4.28 - Figure 4.33, the probabilities of the 0 3concentrations exceeding 0.01 ppm were

calculated for all locations. The comparison of the estimated number of days and the

actual number of days are depicted in Table 4.6.

Table 4.6
Probability and Estimated Number ofDays vs. Actual Number ofDays

Monitoring Probability of Actual Estimated % Compliance

Stations Exceedances

Petaling Jaya 0.0227 57 83 54.39

Shah Alam 0.0681 263 249 94.68

Cheras 0.0954 341 349 97.65

Klang 0.0136 43 50 83.72

Tanjung Malim 0.0234 111 86 77.48

Jerantut 0.0000 0 0 100
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The Bayesian approach estimated that the number of exceedances ofmore than

94% in compliance with the number ofan actual number ofexceedances in Shah Alam,

Cheras, and Jerantut. The estimation for the Jerantut monitoring stations was excellent ,

with 100% in compliance with actual exceedances. The EVD estimated the number of

exceedances of concentrations of more than 0.1 ppm in compliance with the actual

number of days in Tanjung Malim and Klang. The probability of exceedances of

concentrations above 0.1 ppm obtained in Petaling Jaya was 0.0227, and that is equal

to 83 days. The predicted number was 54% in compliance with the actual exceedances

of 57 days. The compliance result is due to the 0 3 concentration of actual data in

Petaling Jaya. It shows a result close enough to 0.1 ppm but not exceeding 0.1 ppm.

Thus, it shows that the estimator for Petaling Jaya was not good enough in explaining

the prediction and return for that location. Since Jerantut does not have data that exceed

0.1 ppm, therefore no exceedance and return period need to be considered.

4.8 The Return Period

By using the probability of the exceedances for that 4 locations that can be used

to predict the high exceedances of 0 3 concentrations, the return period and number of

exceedances was calculated . The result for the return period and the number of days

that exceed 0.1 ppm for that 4 location were shown in Table 4.7.

Table 4.7
The .exceedances probability and return period

Monitoring Probability of Return Number of Exceedances (Days)

Stations Exceedances Period -

1 year 2 year 5 year 10 year

Shah Alam 0.0681 15 24 49 122 243

Cheras 0.0954 10 37 73 183 365

Klang 0.0136 73 5 10 25 50

Tanjung
0.0234 43 8 17 42 85

Malim
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In summary, based on the result as listed in Table 4.7, it can be estimated that

Tanjung Malim has a return period of one occurrence per 43 days. Meanwhile, Shah

Alam and Cheras will be expected to experience the exceedances ofone occurrence per

15 and 10 days, respectively. Then, Klang will have the least number of days in a year

since it has the return period of one occurrence per 73 days. Table 4.7 also shows the

average number of exceedances that can occur in a year, 2 years, 5 years, and 10 years.

Klang has a minimum number of exceedances compared to other monitoring stations

while Cheras has the highest number of exceedances, followed by Shah Alam.

4.9 Validation Result

The daily maximum 0 3 concentrations data for 2016 and 2017 were used to

determine the validity of using Bayesian estimator in the GEV distribution. By using

the monitoring stations that has high compliance that has been discussed in Section 4.7

except for Jerantut since it has no data that exceed 0.1 ppm. Therefore, the prediction

from the number of exceedances using two years of data in Table 4.7 and the actual

number of exceedances for that years are shown in Table 4.8.

Table 4.8
Probability and Estimated Number of Days vs. Actual Number ofDays for validation

Monitoring Probability of Actual Estimated % Compliance

Stations Exceedances

Shah Alam 0.0681 33 49 51.52

Cheras 0.0954 48 73 47.92

Klang 0.0136 12 10 83.33

Tanjung Malim 0.0234 8 17 12.5

From the validation result in Table 4.8 using two years of data, the percentage

compliance for Klang was similar to the percent compliance using overall data. This

means that the distribution is suitable for that particular location. It is also indicated that

Klang shows a regular number of exceedances for every year compared to other
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locations. However, the percentage compliance for Shah Alam, Cheras, and Tanjung

Malim was overestimated, and the compliance was far from the compliance using

overall data in Table 4.6.

Therefore, it is likely that the distribution was not suitable for that location.

There are many factors explaining the validation result are far from the discussion in

Section 4.7. One of the factors is based as explained in Figure 2.3 in Section 2.3, and

discussion in Section 4.3.2 by the Department of Environment Malaysia (2018), the 0 3

for the distribution in the year of 2016 and 2017 were low compared to the other years.

Thus, the distribution may not be suitable and differ from the other years.

4.10 Comparison of Bayesian Approach and Classical Approach

Based on Shahrudin (2019), studies on 0 3 concentrations use the classical

approach to determine the parameter for GEV and Weibull. The study used daily

maximum 0 3for four locations , which were Putrajaya , Shah Alam, Klang, and Jerantut

in the year of 2007 - 2016. This is almost similar to this very study. From the finding

in Shahrudin (2019), it shows that the performance indicator did not show a consistent

result for MLE and MOM. The best distribution for MLE was Weibull distribution , but

for MOM, it was GEV distribution. Differently , from using the Bayesian approach, all

the six locations gave the same results in this study, which is GEV distribution. Based

on the performance indicator in the classical approach, studies indicate that the error

measure was higher, and the prediction accuracy was lower compared to the Bayesian

approach .
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CHAPTER FIVE

CONCLUSION AND RECOMMENDATION

5.1 Conclusion

This study was conducted using two extreme value distributions to predict the

high exceedances of 0 3concentrations, and the Bayesian approach was applied in this

study to introduce the application using 0 3. There are three objectives carried out in this

study which are to explore the descriptive statistic and trend of the monitoring stations;

to determine the suitable prior for Bayesian EVD model and lastly, to determine the

best Bayesian EVD for predicting the high exceedances .

The descriptive statistic shows that missing values exist for each monitoring

stations since the missing values are common in almost all dataset, which is due to many

reasons such as machine error or human error. Thus, this study used the K- Nearest

Neighbour imputation method since the method was consistently superior irrespective

of the station. The imputation also shows a similar result in descriptive statistic with

data before the imputation. This concluded that the imputation does not affect the data

and is suitable to be used in this study.

From 2008 to 2017, Tanjung Malim recorded the highest peak of 0 3

concentration in 2009. Then, 2013 was the highest peak of 03 concentration for Klang

while the highest peak for Jerantut was in 2015. This is followed by the year 20 I ,which

recorded the highest peak of 03 concentration for Cheras and Tanjung Malim. As for

Shah Alam and Peta1ingJaya, the highest peak of 03 concentration were in 2017. There

is not much specific particulate event that increases the 03 concentrations compared to

PMIO concentrations, and the 03 concentrations rarely have a long-term of high

exceedances based on the time - series plot for each monitoring stations.

Based on the parameter estimation in achieving objectives 2 and 3, this study

indicated that the GEV distribution has a higher estimated value compared to the

Weibull distribution. This is because the GEV distributions fit the 03 concentrations

well compared to that of the Weibull distribution. Since the GEV distribution fitted

79



well, this indicated that uniform pnor is suitable to be used in this study. The

performance indicator also indicates that the GEV distribution is the best distribution

for every monitoring stations in this study since the error measure is the smallest, and

the prediction accuracy is closest to 1. The Bayesian analysis also shows a consistent

result since GEV was the best distribution for every location. Thus, GEV distribution

was used to find the probabili ty of exceedances based on the cdf plot and to predict the

return period for each of the monitoring stations in this study.

The percent compliance for using overall data for monitoring stations at Klang

and the validation was the same. It is shown that distribution is suitable for Klang

monitoring stations to predict the high exceedances of 0 3 concentrations. The return

period predicted that there would be one occurrence of high exceedance occurring per

73 days. This prediction could be beneficial to be used for government in controlling

air pollution. This study was also compared with the study that has been done by

previous researchers who used the classical approach . The classical approach by

Shahrudin, 2019 showed that the best distribution for 0 3concentration was the Weibull

distribution. However, the performance indicator using the classical approach was

lower compared to the Bayesian approach in this study.

Although GEV Bayesian was suitable in this analysis ofconcentrations for these

6 locations in Peninsular Malaysia, nonetheless, it might be otherwise for other

locations . No single and definite model can be claimed as the best estimation method in

the field of extreme value distributions that fit all the monitoring stations in Malaysia.

It is recommended that the most current data from all monitoring stations be considered

for future studies to get an insight into the appropriate model that can represent each

location.

5.2 Limitations

The study was only limited to 6 locations. Hence the proposed distribution is

only restricted to the particular monitoring stations. There is no specific model that fits

best for all locations. Even though Bayesian is a good approach to determine the

distribution parameter; the distribution used must be suitable with the data to get an

accurate result. Hence, the selection of distribution is essential in the study. This study
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only used two distribution due to the limited time. The access of new record must be

made in order for the cutting-edge and up-to-date version may be proposed for the

prediction of extreme exceedances at some point in Malaysia, considering the

occurrence of excessive particulate activities regularly occur every 12 months.

5.3 Recommendations

The Malaysia Environmental Quality report posted every year by the

Department of Environment in the Ministry of Natural Resources and Environment,

reported that the 0 3is still the main pollutant in Malaysia. Hence, the availability of an

appropriate statistical model in predicting future exceedances ofawareness avoiding the

MAAQG restrict could be beneficial for environmentalists and strategists to devise

proper movements and control strategies to triumph over the trouble.

The 03 concentration in Jerantut has not exceeded the 1- hour of MAAQG,

Department of Environment should be aware of that location since that location shows

a significant increasing trend of 0 3 concentration along the year of 2008 - 2017. A

comprehensive study that covers more monitoring records from other locations should

be engaged in order to obtain suitable distributions to fit other locations as well. The

selected monitoring records will be subjected to the availability of extreme

concentrations recorded at the respective stations. Despite the long - term data that has

been used, it is also suggested to extend this study to obtain a suitable distribution for a

different year since this study finds out that the distribution for a different year could

give a different result since not all of that long - tenn data have high concentrations.

The validation of this study comparing the actual days of exceedances with the

estimated days ofexceedances for 2016 and 2017 gives different results with the overall

distribution. It is suggested that this research be extended by using another sort of

distribution to determine the appropriate model to predict exceedances of 03

concentrations. This research can also extend the validation of the model from the start

by dividing the training and validation set ofthe data to validate the best Bayesian EVD

and then using the validated model to estimate the exceedances of 03 levels.
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APPENDIX 1
Example R coding for data imputation

############################################################################

## -- - --- --- - -- --- -- - --- -- -- ----IMPORT DATA- - - --- -- ------- -- -- --------- - ---##

###############################################,#############################

data=read.table("C :/Users/HP/OneDrive - Universiti Teknologi

MARA/Dissertation July 2019 /1 . Data/OriginaIData.csv", header=TRUE,sep=",")

date=seq.Date(as.Date("2008-01 -01") , as.Date("2017-12-31"), "days")

ozone=cbind(date,ozone)

3rd Qu. : 0 . 06200

3rd Qu. : 0 . 05 800

3 rd Qu . : 0 . 074 0

Tanjung .Malim

Klang

Min. : 0 . 0010

NA's :419

1 s t Qu .: 0 . 034 0

Median :0.0460

Mean :0.0486

3rd Qu. : 0 . 06 00

Max . : 0 . 1410:0.1681

:655

:0.0609

SA

:0.0010

: 0 . 0 01 00

: 0. 033 07

: 0 . 0 83 00

:258

Min.

Mean

Max.

1st Qu. :0 .0440

Median :0.0580

NA's

Mean

1st Qu. :0 .02300

Median :0 .03200

Max .

NA's

3 rd Qu. : 0 . 04100

Jerantut

Min.

: 0. 04 953

:0 .21560

:96

PJ

: 0 . 00 03 0

: 0 . 04 94 8

:0.00200

: 0 . 13 90 0

:73

Min.

Max.

Mean

1st Qu . :0.03400

Median :0.04700

NA's

Min.

Mean

Max .

NA's

1st Qu . :0 .03600

Median :0.04500

summary (ozone )

# date

# Min. :2008 -01 - 01

# 1 s t Qu .: 20 10 - 07 - 02

# Median :2012-12-31

# Mean : 2 0 12 - 1 2 -3 1

# 3rd Qu . : 2 01 5- 07- 02

# Max. :2017 -12 -31

#
# Cheras

# Min. :0.00100

# 1st Qu. : 0 .04900

# Median :0 .063 25

# Mean : 0 .06577

# 3rd Qu. :0.08000

# Max. : 0.17600

# NA's : 209

##- - - - - - -- - - - - - - - - - -- -- -- -- -- Example P1otting - - - -- - - --- -- --------- -- -- ---##

attach(ozone)

plot (date,PJ,type="I" ,ylab= "Concentrations (PPM) ",xlab="Days",

main="Petaling Jaya")

Petaling Jaya
~o,
~

~
U> II)
C "'":0 0""co
.bc 0
Q) C!u 0C
0 20080 2010 2012 2014 2016

I
2018

Days
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############################################################################

## - - - - - - - - - - - - - - - - - - - - - -Data Cleaning - KNN IMPUTATION---- -- -- - - - --- - - -- --##

##- - - - - - - - - - - - - -- - - - - - -- - -Examp1e for Peta1ing Jaya- ---- -- -- - - -- - - - - - -- ---##

############################################################################

library (HotDecklmputation)

library(forecast)

PJ=as .data . frame (ozone$PJ)

impPJ=impute .NN_HD(PJ)

plot ( i mp . o zone $d a t e , imp .ozone$impPJ , type="l" , y l a b ="Conc e n t r a t i on s (PPM)",

x l a b= "Days " , main="Petaling Jaya" )

Petaling Jaya
~o,
~

lrn lO
C """-:0 a:cro
~ a
Q) C!u ac
0 2008u 2010 2012

Days

2014 2016 2018

# ## # # # # # # # # # # # # # # # # #### ##### # # # # # # # # # #### # # # # #### # # # # # # # # # # #### # # # # # #### # # # #

## - - - - - - - - - - - - - - - - - - - -Summa ry f o r a l l mon itoring stations - - - - - - - - - - - - - - - - -##

############################################################################

DATA=as .data . frame (cbind (impPJ,impSA ,impCheras,impKlang,impTg .Malim, impJeran

tut ) )

Year=ozone$Year

i mp .ozone=c b i nd (Year, date, DATA)

summary ( i mp. o zone )

Year

2008 366

2012 366

2016 366

2009 365

2010 365

2011 365

(Other) : 1460

impChera s

#

#
#

#

#
#

#
#
#

# Mi n . : 0 . 00 1 00

# 1s t Qu. :0 .04900

# Median :0 .06300

# Mean :0.06559

# 3rd Qu . : 0 . 08000

# Max . : 0 .1 7600

date

Min . : 2008- 01- 01

1st Qu . : 2010 - 07 - 02

Median : 2 012 - 12 - 31

Mean :2012-12-31

3rd Qu. :2015-07-02

Max . :2017-12-3 1

i mpKla ng

Min . :0.00100

1s t Qu. : 0 . 0340 0

Median :0.04600

Mean :0 .04831

3rd Qu. : 0 . 06000

Max. : 0 . 14100

i mpPJ

Min . : 0 . 00030

1st Qu. : 0 . 03500

Median :0 .04 800

Mean : 0 . 04 974

3rd Qu . : 0 .06 20 0

Max . : 0.21560

i mpTg .Malim

Min . : 0 . 0 02 00

1st Qu . :0.03600

Median : 0 . 04500

Mean : 0 . 04 942

3rd Qu. : 0 . 05800

Max. : 0 . 13900
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impSA

Min . : 0 . 00100

1st Qu. :0.04500

Med ian : 0. 05 900

Mea n : 0 .0 618 7

3r d Qu . : 0 . 0 75 00

Max . : 0 . 16810

i mp J e r a n t ut

Min. :0 .00100

1st Qu . : 0.02300

Median :0 .03200

Mean : 0 . 03287

3rd Qu. : 0.04 100

Max . : 0 . 08300



APPENDIX 2
Example R coding for time series, box-plot and descriptive statistic

############################################################################

##- - - - - - - - - - - - - - - - - - - - - -Histogram p lot for Petal ing Jaya -- - - - - - - - - - - - - - - - -##

############################################################################

library (gridExtra)

library (ggplot2)

min=as.Date("2009 -10-01")

plot=ggplot(data=imp.ozone, aes(x=Petaling.Jaya))+

geom_histogram(color= "black " ,fill = " t oma t o " ) +

labs(title="Petaling Jaya" , y ="Frequency" , x="Concentrations (PPM) ")+

theme(plot.title = element_text(hjust = 0 .5))+

theme (panel.grid.major element_blank(), panel.grid .minor

element_blank() ,

panel.background element_blank(), axi s . line element_line (colour

"b lack") )

ggs ave( "Histogram.PJ.png " , plot)

plot

PetalingJaya

;>.400
uc...
::J
CT.t 200

0.00 0.05 0 10
Concentrations (PPM)

0.15 0.20

########################################################################### #

## - - - - - - - - - - - - - -Box-plot and Time ser ies p lot for Petal i ng Jaya - - - - - - - - - - -##

############################################################################

plot1= ggplot (data= imp.ozone, aes (x=date, y=Peta l ing.Jaya ) ) +

geom l ine (color = "tomato", size = 1) +

labs(title="Petaling Jaya" , x="Day", y="Concentrations (PPM)")+

theme(plot.title = element_text(hjust = 0 .5 ))+

t heme (axis .title. x =e lement_blank() ,

axis.text.x=element_blank() ,axis .ticks .x=element_blank())+

geom_hline(yintercept = 0 .1,color="red",size=1, linetype="dashed")+

geom_text(aes(min,0 .1,label = "MAAQG Level", vjust = - 1 ) ) +

theme (panel.grid.major element_blank(), p a ne l . g r i d .mi no r

element_blank() ,

panel.background element_blank() , axis .line element_line (colour

"black" ) )
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••

plot2= ggplot(imp.ozone) + geom_boxplot(aes(Year , Pe t aling.Jaya , group

Year))+

labs(y="Concentrations (PPM) ")+

theme(plot.title = element_text(hjust = 0 .5))+

theme (panel.grid~major element_blank () , panel .grid.minor

element _blank( ) ,

panel .background element_blank (), axis .line ,- element line (colour

"black" ) )

g r id . a r range (plo tl , plot2 , nrow=2 )

Petaling Jaya
~a. 0.20
~
en 0,15co
~ 0.10
c
~ 0.05
c
8 0 00 '-- _

~2: 0,20
~ 0,15
o1ii 0,10
.b
:ii 0,05
uc
8 000 '---,..----,-----,----,..-----,------r---..----"""T'""------.---..---

2008 2009 2010 2011 2012 2013
Year

2014 2015 2016 2017

############################################################################

## - - - - - - - - - - - -- - -- - - -Descriptive Statistic for Petaling Jaya ---- - - - - -- - - - -##

############################################################################

l i bra ry(ra s te r)

librar y ( f Ba sic s)

mean=sapply(dataPJ,mean,na .rm=TRUE)

median=sapply (dataPJ,median,na. rm=TRUE)

min=sapply(dataPJ,min,na .rm=TRUE)

max=sapply(dataPJ,max,na .rm=TRUE)

sd=sapply(dataPJ,sd,na.rm=TRUE)

coef.var=sapply(dataPJ,cv,na.rm=TRUE)

s ke wne s s =s a pp l y (d a t a PJ , s k ewne s s , na. rm=TRUE)

kurtosi s =sapply(dataPJ,kurtosis ,na.rm=TRUE)

result=rbind(mean,median ,min ,max,sd,coef .var,skewness ,kurtosis)

93



result

# X2008 X2009 X20 10 X2011 X2012

#mean 0.04779 781 0 .05223562 0 .05145479 0 .04844110 0 .043 79235

#median 0 . 04500 000 0 .05000000 0 .0490000 0 0.04700000 0 . 04 2 000 00

#min 0 .00600 000 0 . 0 04 00 00 0 0 . 0 1 00 00 00 0.00400000 0.0 0900000

#max 0 . 12100000 0 . 13 1 00 00 0 0 . 108 00 00 0 0. 11 90 0000 0 .1 01 00 00 0

#sd 0.02014 73 4 0.021 83 3 02 0.0 20 03818 0 . 0191 9421 0.01 6564 8 8

#c oe f. va r 42.15116730 41 .7971 8300 3 8.9432 8054 39.62380593 37.82595860

#skewne s s 0 .72855627 0 .687453 63 0 . 3 872 3 6 04 0 .52297015 0 .49177360

#ku r t os i s 0.423 59666 0 . 7490 846 1 -0 .44 96 8265 0.39 9229 50 -0.041 7 9814

# X2013 X20 14 X2015 X2016 X2017

#mean 0.04900274 0.04 889041 0.05389589 0.0 5262295 0 .049288 77

#me d i a n 0.04700000 0.04700000 0.05200000 0.05000000 0 .04600000

#min 0 . 0 06 0 0 00 0 0 . 002 0 0 000 0.0040 0000 0.01200000 0.00030000

#max 0.12100000 0.10800000 0. 1 220 0 00 0 0 .12400000 0 .2156000 0

#sd 0 .01909498 0.02048382 0 .01981730 0 .02367161 0. 02395762

#coef .var 38 .96716086 41 .89741715 36.76959458 44 .98343316 48.60665224

#skewness 0 .40805011 0 . 42426419 0.34477075 0 .5415 1443 1 .90830823

#kurtosis -0.32908983 0 .22934023 0 .03192501 - 0 . 3 7 9733 66 9 .8 77404 71
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APPENDIX 3
Example R coding for Mann-Kendall trend test

############################################################################

##--- -- --- - -- - --Mann-Kendal for Quarterly Average Daily Maximum--------- --##

##############################################'##############################

library{Kendall)

PJ .mean=aggregate {ozone1$Petaling .Jaya, FUN=mean,by=list (Quarter=ozone1$Quart

er,Year=ozone1$Year ))

colnames (PJ. mean) =c ( "Qu a r t e r " , "Year", "Average" )

head (PJ.mean )

# Quarter Year Average

#1 Q1 2008 0.05705495

#2 Q2 2008 0. 04940659

#3 Q3 2008 0.04076087

#4 Q4 2008 0.04408696

#5 Q1 2009 0.05775556

#6 Q2 2009 0.05295604

summary (PJ.mean)

# Quarter Year Average

# Q1:10 2008 : 4 Min. :0.03742

# Q2:10 2009 : 4 1 s t Qu. : 0 . 04611

# Q3:10 2010 : 4 Median : 0. 04 951

# Q4 :10 2011 : 4 Mean :0 .04977

# 2012 : 4 3rd Qu . : 0 . 0 5311

# 2013 : 4 Max . :0.06542

# (Other ) : 16

MKPJ=MannKendall(PJ.mean$Average)

summary (MKPJ)

#Score = 34 Var{Score) 7366 .667

#denominator 780

#tau = 0 .0436, 2-sided pvalue =0.70062
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############################################################################

## - --- -- - - - - ---- ----Mann-Kendal for Quarterly Maximum data---- -------- ----##

############################################################################

PJ .max =aggr ega t e (ozone1$Petaling. J aya , FUN=max , by=li s t (Qua r t e r =o zone 1$Qua r t e r

,Year=ozone1$Year))

colnames{PJ. max) =c {"Quarter " , "Ye ar ", "Max ")

head (PJ .max)

# Quarter Year Max

#1 Q1 2008 0 .121

#2 Q2 2008 0.112

#3 Q3 2008 0 . 101

#4 Q4 2008 0 . 10 9

#5 Q1 2009 0 .119

#6 Q2 20 09 0 . 13 1

summary (PJ .max)

# Quarter Year Max

# Q1 :10 2008 : 4 Min . :0 .07900

# Q2 :1 0 2009 : 4 1st Qu . :0.09675

# Q3 :10 2010 4 Median : 0 . 1064 0

# Q4:10 2011 4 Mean : 0. 1 0766

# 2 012 : 4 3rd Qu . : 0 . 11650

# 2013 : 4 Max . : 0 . 21 560

# (Other) : 16

MKPJ=MannKendall{PJ .max$Max )

summary (MKPJ)

#Score = -27 Var(Score) 7352 .333

#denominator = 773 .4727

#tau = -0.0349 , 2-sided pvalue =0 .76172
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APPENDIX 4
Example Matlab coding for Performance Indicator

n=length (impPJ) ;

obs=sort(impPJ) ;

meu = 0 .04066;

sigma = 0 . 01785 ;

lambda = - 0 . 06868 ;

p= l inspac e (O. 00001, 0. 99999,n ) ;

prediction=sort (gevi nv( p , lambda , sigma, meu ) );

pred=t ranspose (prediction ) ;

%%- - -- ------ -- - -- --- -- - - - -- -The Bias statistic ,B -- - - -- - -- ----- ---- --- -- -- -%%

B = (s um(p r e d - obs ) ) !n ;

%%- - - - -- -- --------.-- ---Normalised Absolute Error, NAE --------- --- --------%%

NAE = (sum(abs(pred - obs)))!(sum(obs));

%% - ----------------- -- ----- -- Pr edi c t i on Accuracy- ---- --- - - ----- ----- - - ----%%

pbar mean (p red) ;

obar mean (obs ) ;

stddevpbar std (pred ) ;

s tddevobar s td (obs ) ;

p2 = pred-pbar;

obs2 = obs -obar ;

numPA = p2'*obs2;

denoPA = (n -1)*stddevpbar*stddevobar;

PA = numPA!denoPA;

%%----------- -------- -Coefficient of Determination, rsq--- ----- ----- -- ----%%

%numersq sum((pred - obar) ' *(pred - obar));

%denorsq sum((obs - obar) r*(obs - obar));

numer (pred - pba r ) r*(obs - obar) ;

denor stddevpbar*s t ddevobar;

RSQ = (numer!( n *de nor)) A2 ;

%%-----------------------Root Mean Square Error, RMSE---------------------%%

RMSE1 (pred - ob s) r* (p red - obs );

RMSE2 s um(RMSEl) ;

RMSE3 RMSE2! (n-1 );

RMSE = sqr t (RMSE3 );
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%%------------ - -------------Index of Agreement (dl------------------------%%

numd = (pred- ob sl ' *( pred - ob s );

deno1d a b s (p r e d - ob a r ) ;

deno2d abs(obs -obar) ;

sumdeno3d = deno1d + deno2d ;

s qsumdeno4d = sumdeno3d' *sumdeno3d ;

I A = 1-(numd/sqs umdeno4d);

%%------ - --- --- - -- -- --- -- - ---Mean Absolute Error - -- --- ---- --- - --------- - -%%

MAE = (sum(abs(pred - obs) )l/n ;

fprintf('Petaling Jaya %F\n')

fprintf ( 'Value of Bias statistic is %f \ n ' , B)

fprintf ( 'Value of Normalised Absolute Er r o r statistic is %f \n ' , NAE)

fprintf ( 'Value of Prediction Accuracy statistic is %f \ n' ,PAl

fprintf ( 'Value o f Coeff i cient of Determi nation statistic i s %f \ n' ,RSQ)

fprintf ( 'Value of Root Me a n Square Er r o r s t a t is t i c i s %f \ n ' , RMSEl

f printf ( 'Value of I ndex of Agreement s tati stic is %f\n' ,IA)

fprintf ('Value o f Mean Abs o l u t e Error statistic is %f\n' ,MAE)

%PI GEV PJ

%Value of Bias statistic is

%Value of Normalised Absolute Error statistic is

%Value of Prediction Accuracy statistic is

%Value of Coefficient o f De t e rm i nat i on statistic is

%Value of Root Mean Square Error statistic is

%Value of Index of Agreement statistic is

%Value of Mean Absolute Er r o r s t a tis t i c is
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0.000092

0.013065

0 .997272

0.994007

0 .001609

0.998526

0.000650



APPENDIX 5
Example Matlab coding for plotting CDF and PDF

%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

%%-----------Cumulativ e Distribution Funct i on (CDF) f or Petal ing Jaya - -- - -%%

%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

me u = 0.04066;

sigma = 0.01785;

lambda = -0.06856;

rv = impPJ';

rvsort = sort (rv) ;

xtranspose = rvsort';

n = length (xtranspose)

meanxtranspose = mean (xtranspose) ;

stdxtranspose = std(xtranspose) ;

ii = l:n;

xxI = linspace(0,0 .25 ,n};

9 = gevcdf(xx1,lambda ,sigma, meu);

cdfplot(rvsort)

hold on

plot(xx1,g , 'k- -')

grid off

line( [0.1 0.1] , [0 1], 'Color', 'red', 'LineStyle', '--'

xlabel ('Ozone Concentrations (PPM) ');

ylabel ('cdf,F(x) ');

legend('Observation', 'Theoretical'};

%%-- --- ----- ------ -- ------Probability of Exc e dances ---- ------ - ---- -------%%

cdfP=gevcd f(O .l , l ambda , sigma, meu }

p rob = 1 - c d f P

%%----------------- --------------Re t urn Period- - - - - - - - - - - - - - -- - - - - - -- - -- - -%%

RP l/prob

%%----- ------------------------Day s of Exceedances --- -- -- -- --- --- - - -- - - - - -%%

RPyear = 365/RP

RP2year (365* 2)/RP

RP5year (365*5}/RP

RP10year = (365 *10}/RP
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%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

%%---------Probability Distribution Function (PDF) for Petaling Jaya------%%

%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

meu = 0 .04066;

sigma = 0.01785 ;

lambda = -0.06856;

x impPJ;

n length (x ) ;

xxI = linspace(0,0.25,n);

h = gevpdf(xxl,lambda,sigma, meu );

pd = fitdist (x, 'Normal ');

y = pdf (pd,xxl ) ;

plot (xxl,y )

hold on

plot(xxl,h, 'k-' )

xlabel ('Ozone Concentrations (PPM) ') ;

ylabel ('pdf , f(x) ');

legend('Observation', 'Theoretical');
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