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Abstract Malaysia has experienced several haze
events since the 1980s as a consequence of the
transboundary movement of air pollutants emitted
from forest fires and open burning activities. Hazy
episodes can result from local activities and be cat-
egorized as “localized haze”. General probability
distributions (i.e., gamma and log-normal) were
chosen to analyze the PM;, concentrations data
at two different types of locations in Malaysia:
industrial (Johor Bahru and Nilai) and residential
(Kota Kinabalu and Kuantan). These areas were
chosen based on their frequently high PM;, con-
centration readings. The best models representing
the areas were chosen based on their performance
indicator values. The best distributions provided
the probability of exceedances and the return pe-
riod between the actual and predicted concentra-
tions based on the threshold limit given by the
Malaysian Ambient Air Quality Guidelines (24-h
average of 150 pg/m?) for PM;, concentrations.
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The short-term prediction for PM;, exceedances
in 14 days was obtained using the autoregressive
model.
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Introduction

Haze events have become common phenom-
ena in urban and industrial areas in Malaysia
due to increasing quantities of pollutants emit-
ted into the atmosphere by local anthropogenic
sources (Malaysian Meteorological Service 2008).
Malaysia has experienced several haze events
since the 1980s. The 1997 haze episode is regarded
as the most severe in Malaysian history. Neverthe-
less, this type of haze does not occur continuously,
and the levels are generally below the necessary
limit to evoke emergency status. Furthermore,
haze events occur and pose an impact only in the
local level; thus, they are generally categorized as
“localized haze” (Ramli et al. 2001).

Data monitoring and ambient air-quality stud-
ies show that some of the air pollutants in several
large cities in Malaysia are increasing with time
and are not always at acceptable levels (Malaysian
Ambient Air Quality Guidelines (MAAQG) De-
partment of Environment (DoE Malaysia) 2002).
The industrialization policy has started to impose
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costs in terms of pollution and the degradation
of the urban environment. In line with the need
for regional harmonization and for easy compar-
ison with countries in the region, DoE Malaysia
revised its index system in 1996 and adopted the
Air Pollutant Index (API). The guidelines in the
MAAQG form the basis for the interpretation of
the API (Table 1. The listed concentration values
are regarded as the “safe levels” (Awang et al.
2000). As the main pollutant involved in this re-
search, the average threshold limit concentration
for particulate matter (PMo) is at 150 pg/m? for a
24-h period.

A country with a tropical climate such as
Malaysia experiences uniform temperature and
continuous high humidity. Seasons in this country
are distinguished according to the changes of wind
flow patterns and rainfall. The wind throughout
the country is generally light and variable because
the country is located near the equator. However,
uniform periodic changes in the wind flow pat-
terns describe the country’s four seasons: north-
east monsoon (November to March), transitional
period (April to May), southwest monsoon (June
to September), and another transitional period
(October to November) (Malaysian Meteorolog-
ical Department 2008).

Fuller and Murphy (2006) stated that the for-
est clearing fires are tightly linked to the mon-
soon systems in the region. Furthermore, Hyer
and Chew (2010) reported that accidental fires
can be easily started in the forest, especially in
Kalimantan, during the dry season. In the case

Table 1 Malaysian ambient air quality guidelines

Pollutant Averaging Malaysia guideline
time Ppm 1g/m3
Particulate matter 24h 150
(PMp) 1 year 50
Carbon monoxide 1h 30 35
(CO) 8h 9 10
Nitrogen dioxide 1h 0.17 320
(NOy) 24h 0.04
Sulphur dioxide 1h 0.13 350
(SO») 24h 0.04 105
Ozone (O3) 1h 0.10 200
8h 0.06 120

Department of Environment, Malaysia (2002)

@ Springer

of the haze event in 1997, the particulates came
from the biomass burning to clear vegetated (for-
est and grassland) areas in Indonesia. Wild fires
significantly increase the input of organic aerosol
components in the atmosphere (Abas et al. 2004).

The levels of particulate matter, particularly
PM,, are remarkably high around the cities dur-
ing the dry season (Kim Oanh et al. 2006). In ad-
dition, the concentration of air particulate matter
in Malaysia is influenced by the southwest mon-
soon wind and the occurrence of biomass burning
(Abas et al. 2004). During non-haze periods, the
level of particulate matter is influenced mostly by
motor vehicles and industries (Afroz et al. 2003).

Soleiman et al. (2003) reported that a heav-
ily industrialized urban area in Malaysia such as
Klang Valley experienced severe haze episodes
during the early August 1990, October 1991, and
August—October 1994. There are two kinds of
haze in the Klang Valley region: (1) shallow local-
ized haze that arises from trapping the pollutants
from anthropogenic emissions and (2) dense haze
due either to the injection of suspended ash par-
ticles from large-scale forest fires and open burn-
ing in Indonesia or a combination of both. Haze
occurs during the southwest monsoon season be-
cause low-level winds over Malaysia are gener-
ally southwesterly and the weather is generally
dry. This paper focuses on industrial areas (i.e.,
Johor Bahru and Nilai) that have reported high
readings of PM( concentrations during normal
periods and haze events, which are influenced by
monsoonal variations. This research also includes
Kota Kinabalu and Kuantan as representatives for
residential areas.

Wang and Zhang (2009) stated that ambient air
pollution in China is closely associated with in-
dustrialization and urbanization. This means that
the urban population is likely to be the primary
group exposed to high levels of ambient air pollu-
tion. Similarly, DoE Malaysia (2008) claimed that
industries (including power stations), motor vehi-
cles, and open burning activities remain the major
sources of air pollution in the country. In 2008,
22,971 industrial sources were recorded, with the
highest number of stationary sources located in
Johor (35.4%) (DoE Malaysia 2008).

Many statistical methods have been developed
to analyze datasets. However, environmental moni-
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toring records are frequently asymmetrical and
skewed to the right (i.e., with a long tail towards
high concentrations); therefore, the validities of
the procedures are questionable (Gilbert 1987).
At present, only a few studies on distribution
fitting have been conducted in Malaysia (e.g.,
Ramli and Ibrahim 2003; Sedek et al. 2006; Fitri
et al. 2009) to understand the trends in PM,, con-
centrations. Air pollution monitoring in Malaysia
was reported recently by Fitri et al. (2009) for
PMj, and Ghazali et al. (2010) with regard to
ozone predictions.

With regard to the air pollution in Malaysia,
Fitri et al. (2009) and Juneng et al. (2009) ob-
served the air pollutant concentrations during
monsoon periods. They reported that the high
concentration of pollutant is reduced drastically
during the subsequent months when the winds
change. It is signifying the beginning of the rainy
season over the part of Peninsular Malaysia and
Borneo, based on southwest monsoon (June-
September) and northeast monsoon (November—
March).

Emission levels and meteorological conditions
influence the concentrations of air pollutants.
When the parent probability distribution of air
pollutants is chosen correctly, the specific dis-
tribution can be used to predict the mean con-
centration and probability of exceeding critical
concentration (Lu and Fang 2003). Selection of
appropriate probability models for the data is an
important step in environmental data analysis.
These probability models may serve as the basis
for estimating the parameters to meet the evolv-
ing information needs of environmental quality
management (Singh et al. 2001). In this research,
probability distributions are used together with
the maximum likelihood estimation (MLE). Mage
and Ott (1984) stated that MLE provides the best
estimate of the parameters; thus, this research
uses MLE to estimate the distribution parameters
simulating the PM;, concentrations. Moreover,
several different approaches to time series mod-
eling, such as autoregressive (AR) model, moving
average (MA) model, and the combination of two
autoregressive moving average (ARMA) models,
are used in this research. The time series forecast-
ing is an important analysis tool to extrapolate the
time series for future prediction.

Methods

In this research, monitoring records were ob-
tained from DoE Malaysia for four monitoring
stations: Johor Bahru, Kota Kinabalu, Kuantan,
and Nilai. Hourly PM;y concentrations for 2002
were obtained as well.

Figure 1 shows the location of the four mon-
itoring stations. These stations are divided into
two groups: industrial (Johor Bahru and Nilai)
and residential (Kuantan and Kota Kinabalu).
Johor Bahru and Nilai are situated in the South
Peninsular Malaysia, whereas Kuantan is situated
in Pahang, which is at the East Coast of Penin-
sular Malaysia, and Kota Kinabalu is situated in
Sabah, in the island of Borneo. These monitoring
stations can also be divided into two parts hori-
zontally: northern (Kuantan and Kota Kinabalu)
and southern (Johor Bahru and Nilai).

These stations were selected due to their lo-
cation differences. They are also expected to be
highly polluted due to industrialization, rapid de-
velopment, and rapid economic growth accom-
panied by population growth. They may also
be affected by the transboundary pollution from
neighboring countries.

Data collection

Secondary monitoring records for PM,, concen-
trations were used in this research. The records
were used to determine the best models and
verification processes for the specific analyses.
The PM,( concentration records are reliable since
they have undergone a process of quality assur-
ance and quality control established by the stan-
dards provided by DoE Malaysia. The hourly
average PM;, concentrations were collected by
Alam Sekitar Sdn. Bhd. The secondary monitor-
ing records from 2000 to 2003 for the four selected
monitoring stations were monitored using the fed-
eral equivalence method instrument known as
beta attenuation mass (BAM). The hourly aver-
age of PM,y concentrations were used to find the
best model for probability distribution analysis.
These monitoring records were also converted to
daily average of PM;, concentrations for the time
series analysis.

@ Springer



576 Environ Monit Assess (2011) 180:573-588
i SOUTHEAST | [2ERd N
£ ,:"'T';} ASIA A Industrial area
uq'% -y 53\ B @ Residential area -I—
PENINSULAR O /g &
MALAYSIA - ‘:’f}? “
. \&\5“ L—J}r{:” [
=19 J 5;
m (1}?”{_7
H SOUTH CHINA SEA
— MALAYSIA
BORNEO
\ A Nilai
=
ans
0 200 km Johor Bharu \,«w«"
0 200 mi
Monitoring stations Coordinates Station name
Johor Bahru N 01°29.815 Sekolah Menengah Vokasional Perdagangan
E 103°43.617
Kota Kinabalu N 05° 53.623 Sekolah Menengah Kebangsaan Putatan
E 116°02.596
Kuantan N 03°49.138 Sekolah Kebangsaan Indera Mahkota
E 103°17.817
Nilai N 02° 49.3001 Taman Semarak (Phase II)

E 101° 48.6894

Fig. 1 Map of the four chosen monitoring stations in Malaysia

Probability distributions

In this research, two probability distributions were

needed for forecasting the PM( concentrations:

gamma and log-normal distribution. The MLE for

the gamma distribution is given in Egs. 1 and 2

(Evans et al. 2000):

In (1) — —In (’—C>
§

v (A) (1)

oAr=X

)

where () represents the digamma function and
g represents the geometric sample mean and for-
mulated as

. 1/n
g§=11%
I
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The symbol A represents a shape parameter and o
represents a scale parameter.

Determining the maximum likelihood estima-
tors of the log-normal distribution with parame-
ters u and o uses the same procedure as the
normal distribution. The symbol p represents a
location parameter, and o represents a scale para-
meter. Equations 3 and 4 show the MLE formula
for log-normal distribution given by Evans et al.
(2000).

o= <%> gln (x7) 3)

(4)

<1
w=
n

1) > (n(x) —0)
i=1
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Exceedances and return period

The performance and usability of the derived
probability density function (pdf) were evaluated
in terms of the predictions of exceedances based
on their importance. The actual frequency of ex-
ceedances can be determined by simply count-
ing the number of cases exceeding the threshold
limit for PM,, concentrations, as given by the
MAAAQOG, and dividing this number by the num-
ber of available data. Expected exceedances were
calculated using data collected from both the ac-
tual and previous years (2003).

The frequency distribution of PM;, concen-
trations is very useful in the development of an
effective control strategy. When the specific prob-
ability function of PM;, is known, predicting the
required emission reduction, the frequency of ex-
ceedances of the threshold limit from MAAQG,
and the return period is easy. The return period,
R(X,) defined as the average number of averag-
ing periods or records between exceedances of the
given critical concentration, X, can be calculated as

R (X.) = (Probability of exceedances) (365 days)

where the unit of return period is days.
Time series modeling

Time series analysis involves the statistical
methodology of the analysis of a sequence of data.
The basis of the modeling time series consists of
three phases: identification, estimation, and test-
ing (Cooray 2008).

Identification phase

The identification phase consists of plotting the
series, examining the main features of the graph,
and determining if there is a trend, a seasonal
component, any apparent sharp changes in be-
havior, and any outlying observations. If there
are trends and seasonal components, these com-
ponents are removed to obtain the stationary
residuals. To accomplish this task, the application
of a preliminary transformation to the data may
be necessary. There are several ways in which
trend and seasonality can be removed, such as by
estimating the components and subtracting them

from the data or by differencing the data. For
example, Janacek (2001) stated the replacement
of the original series {x} by {x, = x, — x_4} for
some positive integer d. Regardless of the method,
the aim is to produce a stationary series. To de-
termine whether the models can represent the
data, the most appropriate models are used to
fit the residuals using the autocorrelation func-
tion (ACF) and partial autocorrelation function
(PACF).

The first and the most important step in any
time series analysis is to plot the observations
against time. This time plot graph (time series
plot) shows important features of the series, such
as trend, seasonality, outliers, and discontinuities.
The plot is vital both to describe the data and to
help in formulating a sensible model. In this case,
a simplified assumption can be made, such as if
the series is stationary or can be made stationary.
Stationarity denotes that the series is much the
same over all time periods. More specifically, the
broad statistical properties are similar if the time
origin changes (Janacek 2001). The augmented
Dickey-Fuller test (ADF) (Hamilton 1994; Yaffee
and McGee 2000; Carmona 2004) can also be used
a unit-root test (Carmona 2004). Given obser-
vations xi, ..., x, of the data, the least squares
estimates of ¢, and of the variance o are given in
either model by the following:

~ Z(Ll Xi Xi—1
= == s 5
” X ®

and

n

¢ = n i 1 Z(xi - x’”)Z ©)

=

where xo = 0 by convention. Under conditions of
residual serial correlation, the test statistic for the
ADF test is given in Eq. 7 (Hamilton 1994; Yaffee
and McGee 2000; Carmona 2004):

by — 1
pr = # (7)
52
The ADF test uses the following regression:
p—1
ADF = ag+p;yi1 + Y _BiVyj+e (8)
=2
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where «q is the drift component and e, is the
independent and homogeneous error term. The
null hypothesis (Hg) noted as the time series data
is non-stationary and can be rejected under two
conditions: (1) ADF value is smaller than the
ADF critical value and (2) the significance level
(p) is smaller or equal to 0.05.

The AR model is implemented in this research.
When the value of a series at a current time period
is a function of its immediately previous value plus
an error, the underlying generating mechanism
is called an autoregressive process. For example,
for a lag of one time period, the nature of this
relationship may be expressed as follows (Yaffee
and McGee 2000):

Y, =1 Y1 + ¢
=¢ LY, + ¢

or

I—-9 L)Y, =¢

)

When the output is a regression of the imme-
diately previous output plus an error term, the
portion of the previous rating carried over to the
rating at time ¢ is designated as ¢;. This kind of
relationship is called a first-order autoregressive
process and is designated as AR (1). The series
is regressed upon a previous value of itself plus
a random error. However, if the effect is carried
over for two time periods, the autoregressive rela-
tionship is represented as follows:

Y= Y1 + Yo+ e
=@ L+aml’)Y +e (10)

In this formula, the current value is a function of
its two previous ratings, a so-called second-order
autoregressive relationship, or AR (2).

The sample autocorrelation function (sample
ACF) of the data is an important tool to assess
the degree of dependence in the data and to se-
lect a data model reflecting this characteristic. If
the data are realized values of a stationary time
series {x;}, then the sample ACF provides an ACF
estimate of {x;}. For example, a sample ACF that
is close to zero for all lags suggests that an ap-
propriate model for the data may be independent
and has an identically distributed (iid) error. Note
that the iid error theory is perhaps the simplest
model for a time series where there is no trend or
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seasonal component. Moreover, the observations
are independent and have iid random variables
with zero mean.

Identification of the model can be defined
by the lag behavior. A simple concept given by
Janacek (2001), as shown in Table 2, can be used
as guide. If the model appropriately has an MA(q)
process, the autocorrelations are zero after lag q.
However, for an AR(p) model, the decay is expo-
nential. For mixed ARMA(p, g) model, the cor-
relations are expected to tail off after lag (p — g).

Estimation phase

In order to fit an AR model, the following steps
need to be completed. The first step is the compu-
tation of the Akaike information criterion (AIC)
and Schwartz bayesian criterion (SBC) to de-
termine the model order. The second step is
the residual computations to decide if the model
fitting is complete or if it needs to be pursued
further. Model identification tools such as ACF
and PACF are used only for identifying adequate
models to represent the monitoring records. For a
given data set, when there are multiple adequate
models, the selection criterion is normally based
on summary statistics from residuals computed
from a fitted model or on forecast errors calcu-
lated from the sample forecast output. The latter
is often accomplished by using the first portion
of the series for model construction and the re-
maining portion as a holdout period for forecast
evaluation. AIC and SBC are two model selec-
tion criteria based on residuals. Jalil and Mahmud
(2009) claimed that the SBC is known as the
parsimonious model (a simple model) in selecting
the smallest possible lag length, whereas AIC is
known for selecting the maximum relevant lag
length.

Table 2 Behavior of the auto and partial correlations

Process Autocorrelation Partial
(Model) function (ACF) autocorrelation
function (PACF)
AR(p) Exponential decay Zero after lag p
MA(q) Zero after lag g Exponentially
decay

ARMA(p, q) Exponential decay Decay after

after lag (¢ — p) lag (p — q)
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Testing phase

Typically, the goodness-of-fit of a statistical model
to a data set is judged by comparing the observed
values with the corresponding predicted values ob-
tained from the fitted model. If the fitted model is
appropriate, then the residuals behave in a manner
consistent with the model. With most statistical
models, this is generally performed by referring
to the residuals, which are generally defined as
follows (Janacek 2001):

e = yi — Ji (11)

where ¢; is the residual, y; is the observed moni-
toring records, and y; is the predicted monitoring
records.

For a univariate time series model, the fitted
value is the one-step-ahead forecast so that the
residual is the one-step-ahead forecast error. If the
model is “good,” then the residuals are expected
to be “random” and “close to zero,” and model
validation usually consists of plotting residuals in
various ways for verification. Two obvious steps
are to plot the residuals as time plot and to cal-
culate the residual correlograms using ACF and
PACEF. The time plot reveals any outliers and any
obvious autocorrelation or cyclic effects. Rather
than referring to the residual autocorrelations one
at a time, the Jarque-Bera test can simply be
performed. The Jarque-Bera test is one of the
simplest statistical tests for testing the normality
of sufficiently large samples. Jarque-Bera is a
test statistic to determine whether the series has
normal distribution. The test statistic measures
the difference of the skewness and kurtosis of
the series with those from the normal distribution
(Jarque and Bera 1980). The statistic is computed as:

N—k [, (K-23)?
. (S+_4 )

(12)

where S is the skewness, K is the kurtosis, and
k represents the number of estimated coefficients
used to create the series.

Under the null hypothesis of a normal distrib-
ution, the Jarque-Bera statistic is distributed as
x? with a degree of freedom of 2. The reported

Jarque — Bera =

Autocorrelation Partial Correlation

H - - -

[
! [
| [
| [

i 1
| [
! C

I I
[l I
[l I
il I
I
I
|

[
C
[
[
[
[
0
[
[
[
[

i1
i
11

—- = = =

Fig. 2 The sample of ACF and PACEF plots

probability or p value is the probability that a
Jarque—Bera statistic exceeds (in absolute value)
the observed value under the null hypothesis. The
null hypothesis to determine the normality of the
model can be rejected when the probability or
significance level (p) is smaller or equal to 0.05.
By referring to the ACF and PACF of the
residuals, the selected time series model can be
confirmed as the best model. The dotted lines in
the plots (Fig. 2) of the autocorrelations are the
approximated two standard error lines computed
as :I:%, where T represents the record length
(number of points or lags) of the time series being
analyzed. If the autocorrelation is within these
lines, it is not significantly different from zero at
(approximately) the 5% significance level.

Results and discussions

The box plot is a simple graphical display ideal
for comparisons. Figure 3 shows the box plot and
descriptive statistics for PMy concentrations in
2002 for the four monitoring stations. The mean is
sensitive to very large or very small observations.
In other words, when the mean shifts toward the
direction of skewness in which the mean value is
higher than the median, the pollutants data are
skewed to the right.

@ Springer



580

Environ Monit Assess (2011) 180:573-588

Fig. 3 Box plot and 600
descriptive statistics for
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Bharu Kinabalu
Station
Johor Bahru Kota Kinabalu Kuantan Nilai
N 8760 8760 8760 8760
Maximum 266 445 270 359
Mean 37.03 44.15 30.74 59.12
Median 34 40 29 55
Std. dev. 19.66 21.85 13.77 28.59
Skewness 1.48 3.42 2.20 1.54
Kurtosis 8.75 34.78 22.14 9.66
The maximum concentrations exceeded est fires and open burning activities in Indonesia,

the threshold limit for PM;, concentration
(150 pg/m?®) at all sites, with the highest
concentration recorded in Kota Kinabalu at
445 pg/m® and the smallest in Johor Bahru at
266 pg/m?. The highest mean concentration was
in Nilai at 59.12 pg/m?, whereas Kuantan had the
smallest mean concentration at 30.74 ug/m?>. The
highest mean concentrations were recorded at
an industrial area (Nilai), whereas the smallest
recorded was at a residential area (Kuantan).
In sum, the industrial areas (Johor Bahru and
Nilai) showed high values of standard deviations,
as expected. These results are likely because
of the high particulate events that occurred
in the neighboring country, including Kota
Kinabalu station. Moreover, Kuantan, located in
the residential area, had the smallest standard
deviation.

The highest value of skewness for 2002 shows
that Kota Kinabalu experienced high particulate
events. This is likely due to the haze event that
occurred that year as an effect of the transbound-
ary movement of air pollutants emitted from for-
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which is near East Malaysia, coupled with emis-
sions from local sources. Furthermore, the stan-
dard deviation indicates the possibility of extreme
concentrations (when standard deviation is high,
the variability is likewise high, indicating extreme
concentrations). These high concentrations are due
to air pollutant sources, such as transboundary
pollution, industrial activities, traffic emissions,
and open burning near the monitoring stations.
Based on information from DoE Malaysia
(2002), several unhealthy air quality days were
recorded at various locations. These were caused
by the transboundary pollution (land and forest
fires) in June to September occurring in Suma-
tra and Kalimantan, Indonesia, coupled with the
southwesterly winds, which contributed to the
deterioration of air quality in the West Coast
Peninsular Malaysia. Figure 4 shows there are
distinct peaks during the southwest monsoon in
almost all of the involved stations. Although Johor
Bahru and Nilai supposedly experienced wet sea-
son during the southwest monsoon (June to Sep-
tember), the spikes during that period show higher
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Fig. 4 Time series plots using hourly PM o concentrations during 2002

concentration readings according to the high par-
ticulate events in the neighboring country. Similar
to the high particulate event in 2002, Fig. 4 shows
that some concentration readings exceeded the
MAAGAQ levels in the residential areas (Kota
Kinabalu and Kuantan).

Furthermore, during the monsoon seasons, the
wet removal processes are most effective and the
aerosol concentration (particulate matter) reaches
its minimum. The land remains wet, the sky is
generally cloudy, and diurnal variation in temper-
atures is the lowest (Pillai and Moorthy 2001),
which results in the weakening of the continental
sources. However, the increased wind speed and
its steady onshore direction are favorable for gen-
eration and advection of more a greater amount
of sea spray aerosol, resulting in the high PM,,
concentration readings (Pillai et al. 2002).

Probability distributions

The hourly PM,, concentrations of the four mon-
itoring stations were divided using gamma and
log-normal distributions. Gamma distribution was
used for the industrial areas (Johor Bahru and
Nilai), whereas the log-normal distribution was
used for the residential areas (Kota Kinabalu and
Kuantan). The parameters for the distributions
were estimated using MLE. The best distribu-

tion was selected according to the three types
of goodness-of-fit criteria (also known as per-
formance indicators): normalized absolute error
(NAE), coefficient of determination (R?), and
root mean square error (RMSE). The best dis-
tribution was used to determine the prediction
of future long-term PM;y concentrations at each
station. The distribution parameters were esti-
mated using MLE from the provided data of PM;
concentrations over a 5-year period. Numerical
calculations were implemented using the MAT-
LAB software package to estimate the distribu-
tion parameters. The performance indicators (also
known as the goodness-of-fit statistics) describe
how well the distribution fits a set of observations.
Measures of the values typically summarize the
discrepancy between observed values and the ex-
pected values under the distributions in question.

The first step in such modeling studies is
to identify the statistical distribution using the
goodness-of-fit. This research used three types of
goodness-of-fit criteria to find the best distrib-
ution to represent the monitoring stations. The
2002 performance statistics for the distributions
at the four monitoring stations are summarized in
Table 3.

The indicators must comply with several con-
ditions. When the adequacy measure, such as R?,
is closer to 1, the model is more appropriate to
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Table 3 The performance indicators value for four moni-
toring stations

Station Performance Gamma Log-  Best
indicator normal distribution
Johor NAE 0.0126  0.0482 Gamma
Bahru R? 0.9896  0.9866
RMSE 2.0189  3.4542
Kota NAE 0.0635 0.0366 Log-normal
Kinabalu R? 0.8976  0.9451
RMSE 72659  5.4872
Kuantan  NAE 0.0252  0.0437 Log-normal
R? 0.9551  0.9715
RMSE 2.9241  2.5022
Nilai NAE 0.0136  0.0330 Gamma
R? 0.9895  0.9832
RMSE 3.7744  3.6195

simulate the experimental data. However, smaller
error measures, such as NAE and RMSE, indi-
cate that the fitted theoretical distribution is more
adequate.

The best distribution representing each moni-
toring station can be identified according to the
goodness-of-fit criteria results (Table 3).

The pdf and cdf graphs were plotted using
the parameter values according to the best dis-
tribution for each monitoring station, as given
in Table 3. Figures 5 and 6 show the plots of
the PM;y concentrations using the distribution
selected through the performance indicators cri-
teria. The pdf plot in Fig. 5 shows the distributions
for Johor Bahru and Nilai, which are skewed to
the right. This is probably caused by the high
particulate events in 2002.

0.05 T T
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g —

E 0.03f b
2
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= 0.02f 1
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2
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However, the pdf and cdf plots shown in Fig. 5
depict a concentration of PMj, that does not
exceed the threshold limit given by MAAQG
(150 pg/m?), despite the fact that they represent
Johor Bahru and Nilai, monitoring stations that
are located in industrial areas. From Fig. 6, both
stations skewed to the right for PM,, concentra-
tions in 2002. As reported by the DoE Malaysia
(2002), Kota Kinabalu did not experience any
unhealthy days in 2002, despite the fact that there
were haze events that year. Moreover, the air
quality in Kota Kinabalu was better by more than
60% during 2002 compared to Kuantan. This ex-
plains the long thin tail of the plots indicating
the existence of PMj concentrations much higher
than the average.

Figure 6 also shows the pdf and cdf plots of
the PM,y concentrations for Kuantan using log-
normal distribution. The tails of the pdf plot
tended to the right, indicating that there were high
PM, concentrations during 2002; however, these
concentrations did not exceed the threshold limit.
The pdf plots in Fig. 6 illustrate that the density for
2002 was low; however, the long tail signifies that
high particulate events had occurred. However,
according to the DoE Malaysia (2002), the air
quality in the East Coast of Peninsular Malaysia,
including Kuantan, remained generally satisfac-
tory because the mean of the PM;, concentrations
is 30.74 ug/m? (Fig. 6).

Predicted exceedances can be estimated by the
probability of PMy concentration higher than the
MAAQG level (150 pg/m?). The predicted ex-
ceedances were calculated from the previous year

1
I
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§08[ — —Niki 1
g
=
|
3 04r .
£
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Fig. 5 The pdf and cdf plots for industrial areas using gamma distribution
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Fig. 6 The pdf and cdf plots for residential areas using log-normal distribution

before being compared to the actual year using the
best distributions (Table 4).

Table 4 shows the difference between the pre-
dicted and actual exceedances in units of percent
for 2003. The exceedances are acceptable, with
less than a 1-day difference, for both industrial
areas (Johor Bahru and Nilai) and residential ar-
eas (Kota Kinabalu and Kuantan) due to the high
detection of PM,o. DoE Malaysia (2004) reported
that the identified main sources of PM;, were
industrial activities, motor vehicle emissions, and
transboundary pollution that occurred during the
southwesterly monsoon. Regardless of the trans-
boundary pollution in 2002, Johor Bahru and Nilai
stations recorded constant high PM;, concentra-
tion observations due to intensive industrial ac-
tivities in those areas. Moreover, Kota Kinabalu
and Kuantan showed below a 1-day difference
between the actual and predicted exceedances.

Time series modeling

The most important step in time series modeling
is to determine the trend and seasonality in the

observations. The time series plots show that there
were no trends or seasonality to the observations.
First, a check for stationarity was made with the
time series plot using raw data, which is useful for
detecting the lack of stationarity in a time series.
The applied method consists of plotting observa-
tions against time, as shown in Fig. 7; in order have
a first insight into the data structure. Moreover,
the ADF unit root test, as shown in Table 4,
was used also to identify the stationarity of the
data observations. The ADF needs to follow the
hypothesis given earlier.

Figure 7 shows the time series plots represent-
ing Johor Bahru, Kota Kinabalu, Kuantan, and
Nilai in 2002 using the daily average of the PM,
concentrations. The time series plot used to check
the stationarity shows no trend and seasonality for
the observation data in all stations. The plots also
show that most of the concentrations were higher
than 150 pg/m?, which is the acceptable level given
by the MAAQG.

In statistics, an ADF is a test for a unit root in
a time series sample. The ADF test is used for
a larger and more complicated set of time series

Table 4 The predicted

Station Probability of Predicted Actual Difference of
and actual exceedences .
for 2003 exceedances, exceedances  exceedances  predicted and
Prob (X > 150)  (day) (day) actual exceedances
(day)
Johor Bahru 0.000125 0.0 0.3 0.3
Kota Kinabalu  0.000866 0.3 13 1.0
Kuantan 0.000087 0.0 0.1 0.1
Nilai 0.006121 22 1.8 0.4
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models with a negative number (Greene 2003).
Thus, the smaller the ADF value compared to the
ADF critical value, the stronger the rejections of
the null hypothesis (Hp). As shown in Table 5,
the ADF values for Johor Bahru, Kota Kinabalu,
Kuantan, and Nilai stations were smaller com-
pared with the ADF critical values at 1%, 5%, and
10%. Moreover, the significance level (p value)
associated with the test statistic gave a smaller
value than 0.05 rejecting the null hypothesis.
Thus, the PM;, concentrations for Johor Bahru,
Kota Kinabalu, Kuantan, and Nilai stations were
confirmed to be stationary after the ADF test.
Moreover, as stated earlier, the seasonality ex-
hibits variations annually (Chatfield 2004). These

variations consume the annual fluctuation that
coincide with periods of the year and may be addi-
tive or multiplicative. However, this fluctuation is
not shown in the time series plots in this research.

After verifying that the series was stationary,
the observed data were used to examine the ACF
and PACF. The potential models were identified
using the ACF and PACF, as shown in Fig. 8§,
which shows that the best time series model to
represent each station is AR(p) with p=1 or
ARMA(p, q) with p and g = 1, respectively. This
can be seen from the given lags in the ACEF,
which decay exponentially after Lag 1. This is
further strengthened with the situation shown by
the PACF, in which the PACF approached the
zero value quickly after Lag 1.

Generally, the ARMA model order can be de-
termined by examining the decay trends of the
ACF and PACEF of the stationary series. However,
the ACF and PACEF values do not always provide
a clear indication of the suitability of the selected
ARMA model (in this case, ARMA has a p and ¢
equal to 1). As shown in Fig. 8, the decay proper-
ties did not possess obvious tail-off patterns within
the less lag number. Inspection of the latter graphs
suggests that a first-order autoregressive model,
[AR (1)] or [ARMA (1, 1)] can be applied to
Johor Bahru, Kota Kinabalu, Kuantan, and Nilai,
as shown in Fig. 8.

AIC and SBC were used to ensure that the
ACF and PACEF plots selected the most suitable
models. Table 6 shows the best time series models
corresponding with the values of AIC and SBC
and the model equations for Johor Bahru, Kota
Kinabalu, Kuantan, and Nilai.

The time series models were chosen based on
the SBC criterion because SBC statistics empha-
size parsimony of the model compared to AIC
(Christian and Chrisian 2002). In contrast, the
simplest model needs to be considered based on

Table 5 The ADF and

o Station ADF p-value ADF critical value
ADF critical values
1% 5% 10%
Johor Bahru —6.7584
Kota Kinabalu —6.2535 < 0.001 —3.4481 —2.8692 —2.5709
Kuantan —6.1945
Nilai —17.5051
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Fig. 8 The ACF and PACEF for four monitoring stations

the principle of parsimony, as recommended by
Box and Jenkins (1976), who stated that a simpler
model with a small order must follow the require-
ment p+ g <5. Thus, in this research, models
have been fitted such that p + g < 5, producing 20
possible models, with the best model being chosen
based on the smallest AIC and SBC values. Based
on the time series analyses, the best time series
models are given in Table 6. All stations can be
modeled by AR (1).

After selecting the best models using AIC and
SBC, the adequacy of the best time series model
was checked by referring the residuals using the
ACF, PACEF, and Jarque-Bera test. Goyal et al.

(2006) noted that the relative success of the sta-
tistical models for any specific period can be mea-
sured in terms of residuals. The study of residual
is very important in deciding the adequacy of the
statistical model. For the best performance of the
model, residuals need to be random and follow
normal distribution with zero mean and constant
variance.

In the diagnostic phase, the ACF and PACF
of the residuals were obtained. A time series is
called white noise if the time series is a sequence
of independent and identically distributed random
variables with finite mean and variance. In par-
ticular, if the time series is normally distributed
with mean zero and variance, the series is called
Gaussian white noise. For a white noise series, all
the ACFs are zero. In practice, if all sample ACFs
are close to zero, then the series is a white noise
series (Ruey 2005).

Figure 9 shows the autocorrelation and par-
tial autocorrelation functions for the residuals in
Johor Bahru, Kota Kinabalu, Kuantan, and Nilai.
From Fig. 9, approximately 95% of the sample
autocorrelations fell between the lines, computed
as :I:\/iT, wherein T represent the lags. The sample
autocorrelations were computed up to Lag 14.
If more than one value fell outside the lines, or
that one value fells further outside the lines, then
the independent and iid hypothesis is rejected.
Figure 9 shows that the autocorrelations were
significantly different from zero. The correlogram
indicates that the residuals of fitted AR (1) model
for Johor Bahru, Kota Kinabalu, Kuantan, and
Nilai were consistent with the realization of white
noise and support the use of the models.

In addition, to check the normality of the mod-
els based on null hypothesis (Hp), which was
closely related to the normal distribution, the
residuals were analyzed using the Jarque-Bera
test. Inevitably, Jarque-Bera can be used to rough
check for the normality that provides the value

Table 6 Thf best time Monitoring station Best time series model Year Equation

series mode Johor Bahru AR (1) 2002 3 =856+077y1 + 6
Kota Kinabalu AR (1) 2002 v =8354+081y,—1 +&
Kuantan AR (1) 2002 Vi =651 4079y, + &
Nilai AR (1) 2002y = 1608+ 0.73y1 + &
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Fig. 9 The ACF and PACEF using residuals for four moni-
toring stations

of probability (known as p value). Results of the
Jarque—Bera measure the difference of the skew-
ness and kurtosis of the series compared to those
from the normal distribution. The p values, which
were computed from Jarque—Bera test, were more
than 0.5 for all sites. Normally in this case, a p
value more than 0.05 intervals is taken as a strong
evidence for the rejection of the null hypothesis.

Performance indicators such as NAE, R?, and
RMSE were used to verify the best time series
models. These statistical indicators have been ap-
plied by several researchers (Ryan 1995; Comrie
1997; Wilks 1995; Goyal et al. 2006) and have been
used to provide a general indication of the rela-
tionship between the observed and the predicted
data. Fourteen-day predicted observations with
the actual observations were used in the statistical
analyses for verification of the best time series
model.

The performance statistics for the time series
models for four monitoring stations are sum-
marized in Table 7. The performance measures
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Performance indicators
NAE R?

0.0814 0.8234
Kota Kinabalu 0.0513 0.8280
Kuantan 0.1084 0.8512
Nilai 0.0903 0.8235

Station

RMSE

2.9028
3.1908
22749
4.4965

Johor Bahru

reflect that the AR (1) model for Johor Bahru,
Kota Kinabalu, Kuantan, and Nilai gave satisfac-
tory results based on the imposed conditions.

Numerous studies on time series, especially us-
ing AR, MA, and ARMA models, in air pol-
lutant modeling have been conducted, such as
those by Portnov et al. (2009), Liang et al. (2009),
Chelani and Devotta (2006), Chattopadhyay and
Chattopadhyay (2009), Ballester et al. (2002), and
Abdel-Aziz and Frey (2003). With regard to fu-
ture prediction of air pollutant concentrations,
these previous studies have only focused on other
variables such as sulphur dioxide (SO,), nitro-
gen dioxide (NO;), carbon monoxide (CO), and
ozone (O3), rather than PM,g. Moreover, unlike
this research, which predicts for daily concentra-
tions 14 days ahead, most of the studies on predict-
ing future air pollutant concentrations using AR,
MA, and ARMA models predict only the hourly
concentrations. A 14-day prediction of the PM;
concentrations is important to help the related
responsible agencies to ensure the prevention and
curb the adverse impact of PM,y on human health
as early as possible.

Conclusion

Based on the results of the analysis carried out for
PM;, concentrations in two types of monitoring
stations (i.e., industrial (Johor Bahru and Nilai)
and residential (Kota Kinabalu and Kuantan)),
all stations experienced high particulate events in
2002. Two parent distributions in air pollution,
namely, gamma and log-normal distributions were
used to fit the PM,o concentrations using the MLE
method. Results show that the gamma distribution
is the best distribution to represent the indus-
trial areas, whereas log-normal distribution is the
best distribution to represent the residential areas.
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Prediction of the PMy exceedances (in unit of
days) for the year ahead (2003) were estimated
using the best distributions and were compared
to the actual exceedances. Most of the differences
between the predicted and actual values occurred
because of the high particulate events in 2003;
thus, the prediction made for the next year may
have been made less accurate due to the occur-
rence of unexpected circumstances. The moni-
toring records of PM;, concentrations were used
to find the best time series models to represent
each involved station. Results indicate that the
most simple time series model, AR (1), is the best
model to represent all stations.
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