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Abstract

Prediction of Particulate Matter (PMso) episode in advance enables for better preparation to avert and reduce the
impact of air pollution ahead of time. This is possible with proper understanding of air pollutants and the
parameters that influence its pattern. Hence, this study analyzed daily average PM1o, temperature (T), humidity
(H), wind speed (WS) and wind direction (WD) data for five years (2006-2010), from two industrial air quality
monitoring stations. This data was used to evaluate the impact of meteorological parameters and PMjo in two
peculiar seasons; Southwest Monsoon (SWM) and Northeast Monsoon (NEM) seasons, using Principal
Component Analysis (PCA). Subsequently, Lognormal Regression (LR), Multiple Linear Regression (MLR) and
Principal Component Regression (PCR) methods were used to forecast next day average PMio concentration level.
The PCA result (seasonal variability) showed that peculiar relationship exist between PMjo pollutants and
meteorological parameters. For the prediction models, the three methods gave significant results in terms of
performance indicators. However, PCR had better predictability, having a higher coefficient of determination (R?)
and better performance indicator results than LR and MLR methods. The outcomes of study signify that PCR
models can be effectively used as a suitable format in predicting next day average PM1o concentration levels.
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Introduction

Particulate matter with aerodynamic diameter of 10 and below (PM1o) also known as coarse particles, is an air
pollutant has characteristics of being both a primary and a secondary pollutant (Harrison et al, 2012). Major
sources of anthropogenic PMy are industrial and traffic-related activities (Hérmann et al, 2005; Ul-Saufie et al,
2012b). Additionally, seasonal variation is associated with PM1o concentration and can also influence particulate
matter (PM) concentration patterns (Kovac-Andri¢ et al, 2009). In most countries, seasonal variation such as cold
and warm seasons tend to affect PM pollution patterns (Kassomenos et al, 2014; Vardoulakis et al, 2008).
However, monsoonal season is normally observed in tropical rainforest climate regions of the world. These
regions have no distinct cold and warm seasons. The seasonal variation is usually based on windblown patterns
and rainfall seasons (Abdullah et al, 2011).

Malaysia is a country with tropical climate features, having seasons of northeast monsoon (November to March),

southwest monsoon (May to September), first inter-monsoon (April) and second inter monsoon (October) (DoE,
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2010) . The northeast monsoon is usually connected to the wet season and it is linked with long-range transport
of air mass from the east coast of Indo-China (Latif et al, 2012). The northeast monsoon season is associated with
low PMso concentration levels due to increase in rainfall. It was established that wash out process by rainfall
decreases atmospheric aerosols in the atmosphere, leading to lower PMjo concentration levels (Azmi et al, 2010).
Meanwhile, southwest monsoon season is associated with low rainfall and it is regarded as dry season. In this

season, activities such as forest fires and bush burning result in increasing PMso concentration levels.

PMio has enormous health consequences (Ebi et al, 2008; Katsouyanni et al, 2009). Substantially, PMyp is
associated with internal ailments particularly, lung and cardiovascular diseases, depression, asthma and in extreme
cases death (Namdeo et al, 2005; Schwartz, 2001). Therefore, in order to curtail PMyg effect, there is the need to

predict PMyo episode in advance, for better preparedness and impact reduction.

Different statistical analyses have been used previously in forecasting future PM1o episode including Artificial
Neural Network (ANN) (Nejadkoorki et al, 2012), Quantile Regression (QR) (Ul-Saufie et al, 2012a), Lognormal
(Yusof et al, 2010) and Stepwise Regression (SR) methods (Taspinar et al, 2014). Particularly, Multiple Linear
Regressions (MLR) has been used in predicting next day PM1o average concentration (Afzali et al, 2014; Slini et
al, 2006). MLR has been used in predicting maximum PMjo concentrations levels in Turkey using SR (Taspinar
et al, 2014). Hybrid models have been introduced to improve the results of several prediction methods (Taspinar,
2015). Hybrid models involve using multivariate analysis to improve regression models. Principal component
analysis (PCA) has been used previously with ANN (Taspmar, 2015) and MLR models (Ul-Saufie et al, 2013)
to improve models predictability and give better result, but majority of these models need to be tested for

multicollinearity and their ability to detect high PM1o concentration episode.

The present study was carriedout using meteorological parameters (temperature, humidity, wind speed, and wind
direction) and PMyo data (January to December from 2006 to 2010) from two industrial air quality monitoring
stations in Malaysia. The main aim was to assess prediction capabilities of lognormal regression (LR), multiple
linear regression (MLR) and principal component regression (PCR) methods in predicting next day average PMig
concentration levels. Also, ability of the models to predict high PMso concentration levels was assessed. Prior to
the prediction analyses, the impact of meteorological parameters and PM1, in monsoon season was examined
using PCA.

Materials and methods

2.1 Study areas
The industrial air quality monitoring stations for this study were located in two different states in Malaysia. These
areas comprise of industries and other urban settings. There has been a steady industrial growth in those areas

with substantial increase in industrial air pollution sources between 2006 and 2010 (DoE, 2010).

Sarawak
Sarawak is a state located in east Malaysia, with its capital as Kuching. It is positioned at latitude 3.0381° N and
longitude 113.7811° E. Kuching city has a population of 325,132 and the metro population is about 684,122.

Sarawak has an area coverage of 124,450sg.km, having a population of about 2.4 million people (Department of



Statistics, 2010). With an annual average rainfall of 4,200mm, the average temperature ranges between 19°C to
36°C, average wind speed of 13km/hr and relative humidity ranges from 71% to 97%. The industrial air quality

monitoring station in this state is located in Kuching.

Pahang

Pahang is a state in peninsular Malaysia and its state capital is Kuantan, located at latitude 3.7500° N and longitude
102.5000° E, with an area of 36,137sq km and a population of 1.4 million people (Department of Statistics, 2010).
Pahang has a temperature range between 23°C to 32°C, average wind speed of 11km/hr, average relative humidity
ranges from 71 % to 95 % with an annual rainfall ranging between 2000 and 3000mm. The industrial air quality

monitoring station is at Balok Baru.

2.2 Monitoring Records

Daily average PMio, temperature, humidity, wind speed and wind direction data for five years (2006-2010) was
used for this study. The data was acquired from the Department of Environment (DoE) Malaysia. For the seasonal
analysis, the data was divided into two respective seasons; Southwest Monsoon (SWM) and Northeast Monsoon
(NEM) seasons, respectively. The SWM data was from May to September, while NEM was from November to
March.

2.3 Methods

2.3.3 Principal Component Analysis (PCA)

PCA reduces large amount of data to principal components which are usually equal to or less than the original
data set. PCA maximizes the correlation between the original data set to form data sets that are orthogonal in
nature (Abdul-Wahab et al, 2005). Additionally, PCA allows for the identification and observation of variations

in the data set. The PCA analysis is shown in Equation 1.
PCi = lliX1 + lZiXZ e s +lnan (1)
where, PC; is the /" principal component and I;; is the loading of the observed variable X;.

For this analysis, PCA was applied to assess the influence and relationship of meteorological parameters and PM1g
pollutant in SWM and NEM seasons. Furthermore, PCA was used to produce the PCR models. Daily average
PMao, temperature, humidity, wind speed, and wind direction data were used. The PCA was subjected to Varimax
rotation analysis to display a well explained result. The principal components (PC) with Eigenvalues of >0.9 and
correlation with >0.5 were assigned to be significant and were used for the analyses. Meanwhile, PC1 to 3 were
named as S1to 3 for PC’s in SWM season and N1 to 3 for PC’s in NEM season.

2.3.4 Hybrid Model

Hybrid model in the form of PCR was developed by combining PCA and MLR methods. This would aid in
reducing complexity of the models and decrease multicollinearity. Figure 1 shows architecture of the hybrid

model.
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Figure 1 Architecture of Hybrid Model

2.3.1 Lognormal Regression (LR)

The lognormal analysis is a continuous probability distribution of variables, where the logarithm is normally
distributed. Hence, if the random variable, X, is log-normally distributed, then Y= In(X). Similarly, if ¥is normally
distributed, then X'= exp(}). It should be noted that a random variable which is log-normally distributed is always

in positive real values (Johnson et al, 1994). LR analysis was carried out using Equation 2.

Log(Y) = Po + BiXi + L2Xz + ... + BpXp + € )

where, Log(Y) is the dependent variable, £» is the constant coefficient, S1, Sz, ...... By are the regression

coefficients of the independent variables X7, Xz,...Xp and £is the residual error .

2.3.2 Multiple Linear Regression (MLR)
Basically, MLR is used in determining the relationship between a predictant and more than one predictor variables.
MLR analysis was carried out using Equation 3.

y=b,+Xi1bX;t+e 3)

where, b, is the constant, b; is the regression coefficient, X; is the independent variables and ¢ is the error.

All prediction analysis were carried out using daily average PMio (PMao), temperature (T), humidity (H) wind
speed (WS) and wind direction (WD). Additionally, previous day PM1g (PM1g@-1)) data was added to the LR and
MLR analysis to give a better model prediction (Afzali et al, 2014; Ul-Saufie et al, 2011).



2.4 Performance indicators

To test model performance and accuracy, several statistical descriptors were used as performance indicators.

These indicators include the coefficient of determination (R?), Adjusted R (Adj R) and Variance Inflation Factor
(VIF). Also, Index of Agreement (IA), Prediction Accuracy (PA), Root Mean Square Error (RMSE), Mean
Absolute Error (MAE) and Normalized Absolute Error (NAE) were used based on their applications in previous
studies (Hamida et al, 2012; Lu, 2004; Nejadkoorki et al, 2012; Yusof et al, 2010).

Table 1: Performance indicators

Performance
Measure

Equation

Description

Coefficient of
Determination
(R?)

Re= [Ea(0-02.p-P)]®
n.69.0p

The R? is used to indicate how well model
results fit the original data points. It also
indicates the similarity between the modelled
and the observed concentrations. The R2
analysis result ranges from 0 to 1, the result
with values >0.5 is regarded as significant.

Root Mean
Square Error
(RMSE)

RMSE =
n

ie1(P — 05)?

RMSE explains the precision of the model by
summarizing the difference between the
observed and modelled PMyo concentrations. It
focuses on assessing the level of errors in the
model. Models with low RMSE results are
regarded as substantial when compared with
other forecasting methods or when compared
with other performance indicators.

Mean Absolute
Error (MAE)

MAE = iﬂﬂ-—od

MAE is used to assess the amount of error in a
prediction model. When the MAE value is low
as compared with other indicators, this
indicates a better prediction method. The model
with low MAE result as compared to other
models is regarded as being significant having
fewer errors than the other forecasting models.

Normalized
Absolute Error
(NAE)

T, IPi—04

NAE =527

NAE is also used to assess error. Results
approaching zero indicates a better prediction
model. The NAE result is in the range of 0 to 1.

Prediction
Accuracy (PA)

I (Pi=0)?
Zi1(0i-0)?

PA is used to assess the accuracy of prediction
method. The PA results ranges from 0 to 1.
When a PA result is closer to 1, it indicates that
the method is better for prediction as compared
to other methods and performance measures.

Index of
Agreement (1A)

(P —0,)?

[A=1-

iL1(IP =0l —]0; — 0D)?

IA is carried out to show the accuracy of the
prediction model. The IA result is usually in the
range of 0 to 1. The IA result is appropriate
when the result is closer to 1.

Variance
Inflation
Factor (VIF)

VIf= 1w

1

VIF assesses the effect of multicollinearity in a
prediction model. It provides a format that
measures how much the variance of an
estimated regression coefficient is increased
because of collinearity. The model having VIF
result >10 is regarded as having no
multicollinearity effect as established by
previous studies (Ul-Saufie et al, 2013; Ul-
Saufie et al, 2011).

Table 1 contains performance measures, their definitions and equations where n is number of data, O; is the

observed data, O is the observed mean, P; is the predicted data and P is the predicted mean, g, is the standard




deviation of the predicted values, and o, is the standard deviation of the observed values. VIF;is the variance

inflation factor, while, R? is the coefficient of determination in a regression of the ith predictor on all predictors.

Results and discussion

Descriptive Statistics

The descriptive analysis for Kuching and Balok Baru is shown in Figure 2 and Table 2. Result showed that Year
2006 and 2009 had high daily average PMyo concentration levels of 316pg/m?® and 173ug/m?® respectively. These
levels were higher than the World Health Organization (WHO) guideline of 50ug/m? and Malaysian Ambient Air
Quality Guideline (MAAQG) of 150ug/m3. Subsequently, years 2007, 2008, and 2010 had maximum levels at
96ug/m®, 84ug/m3, and 53pg/md, respectively. All years had minimum levels lower than the MAAQG daily
average concentration. Meanwhile, for Balok Baru area years 2006, 2009, and 2010 had maximum concentration
levels of 196pug/m?, 158ug/m?, and 203pug/mé, respectively. These values are higher than the WHO guideline limit
and the MAAQG of average daily PM1o concentration levels. The year 2007 and 2008 had concentration levels at

119ug/m?® and 131pg/me. All minimum PMio concentration levels were lower than the MAAQG.
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Figure 2 Descriptive Statistics of Kuching and Balok Baru (2006 to 2010)
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Table 2: Descriptive statistics of Kuching and Balok Baru from 2006 to 2010

Kuching PMuo Temperature Humidity | Wind speed _ Wi_nd
(ug/m3) (°C) (%) (km/hr) direction (°)
Mean 41.77 26.37 82.97 5.12 143.37
Standard Error 0.68 0.04 0.13 0.03 1.75
Median 37.30 26.35 83.25 4.99 151.15
Mode 22.83 26.51 79.88 4.39 202.96
Standard deviation 24.86 1.37 4.77 1.15 64.20
Sample variance 618.20 1.87 22.71 1.32 4121.03
Kurtosis 27.47 -0.02 0.55 6.96 -0.45
Skewness 4.09 -0.07 -0.33 1.55 -0.30
Range 306.30 8.89 31.71 12.32 344.33
Minimum 9.70 21.94 64.5 2.21 4.21
Maximum 316 30.83 96.21 1453 348.54
Sum 55971.48 35335.08 111184.5 6854.22 192117.5
Count 1340 1340 1340 1340 1340
Balok Baru
Mean 64.02 26.62 83.89 7.86 183.28
Standard Error 0.49 0.03 0.12 0.06 1.46
Median 60.94 26.75 83.88 7.46 199.88
Mode 67.83 26.52 81.04 7.27 198.29
Standard deviation 18.19 1.14 4.48 2.10 53.92
Sample variance 330.84 1.30 20.05 4.39 2907.43
Kurtosis 5.93 0.88 0.68 2.30 0.87
Skewness 1.63 -0.55 0.23 1.26 -1.14
Range 166.29 9.70 31.83 15.22 303.04
Minimum 29.5 21.83 68.13 3.75 11.54
Maximum 195.79 31.53 99.96 18.98 314.58
Sum 86933.10 36156.07 113917.7 10678.76 248883.5
Count 1358 1358 1358 1358 1358

Time Series Plot

Figure 3 shows the trend analysis for Kuching. For the year 2006, nine violations were recorded for the MAAQG.
The highest concentration levels was 316pg/m?, others were 171 pug/m?, 187 pg/m?, 242 pug/m?, 250 pug/m?® and
168 pg/me. Additionally, 2009 recorded one violation (173pg/md). Apart from industrial activities, this area is
hugely affected by haze episodes. This is the reason for very high concentration levels in some years and lower
concentration levels in others. There were records of haze in 2006, 2009, and 2010 (DoE, 2006; 2009; 2010;
Mutalib et al, 2013), while there were no records of haze pollution in 2007 and 2008 (DoE, 2007; 2008; Mutalib
et al, 2013). For 2010, a short spill of haze was recorded in the country but it did not affect Kuching (DoE, 2010).

Kuching has been asserted as having PM1o pollution issues especially due to haze (Mutalib et al, 2013).
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Figure 3 Time series trend for Kuching (2006 to 2010)
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Figure 4 Time series trend for Balok Baru (2006 to 2010)

Figure 4 shows the trend analysis of Balok Baru. Year 2006, 2009, and 2010 had high PM1o concentration levels.

In 2006, there were four violations recorded (MAAQG) and the highest concentration was 196 pg/me. Others

were 182 pg/m?®, 157 pg/m? and 168 pg/mé. In 2009, only one violation was recorded with concentration level at



158 pg/mé. Meanwhile, for 2010 there were two violations (151 pg/m3 and 203 pg/m®). This area has been
attributed to having high PM1o concentration due to industrial activities (Azid et al, 2014). Balok Baru industrial
area was recorded as having substantial industrial air pollution sources and considerable haze pollution effect
(DoE, 2006; 2010).

Principal Component Analysis

Monsoon Seasonal Variation Analysis

The PCA seasonal analysis result is as shown in Table 3 and Figure 5. The Varimax rotated result showed that a
cumulative percentage of 83% was obtained in the SWM season. S1 had an Eigenvalue of 2.24 and a variance
percentage of 36% having a significant value of >0.8 for temperature (positive relationship) and humidity
(negative relationship).

Table 3: Varimax Rotated Result of Kuching

Variables Southwest Monsoon Northeast Monsoon

S1 S2 S3 N1 N2 N3
PMio() 0.222 0.055 -0.971 0.092 -0.015 0.994
Temperature 0.970 0.032 -0.142 0.976 0.050 0.021
Humidity -0.896 -0.185 0.229 -0.946 -0.159 -0.133
Wind speed 0.111 0.992 -0.052 0.127 0.992 -0.015
Wind direction 0.033 0.023 -0.068 0.056 -0.003 -0.051
Eigen value 2.2446 | 1.0032 | 0.9190 2.0421 1.1016 0.9644
variance 36.1% 20.5% 20.4% 37.5% 20% 20%
Cumulative 44.9% 65.0% 83.3% 40.8% 62.9% 82.2%

Kuching

|52 ]
PC3

OPM10 BTemperature EHumidity OWind speed Wind direction EEigen value

Figure 5 PCA Varimax Rotated Result for Seasonal Variation for Kuching (2006-2010)

Additionally, S2 and S3 had a variance of 20% each, with wind speed having a significant correlation value of
0.99. PM1g had a significant correlation result of -0.97 emphasizing a negative relationship in S3. Meanwhile,
NEM season had a cumulative percentage of 82 %. N1 had an Eigenvalue of 2.04 with a variance percentage of
38%, temperature and humidity had significant correlation value of >0.9 each having positive and negative
relationships, respectively. Furthermore, N2 and N3 had a variance result of 20% each. For N2 wind speed was
significant, having a positive correlation value while PM1o had a positive relationship in N3. The results indicated

that as temperature increases humidity decreases. This establishes existence of an inverse relationship which is
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similarly resulted in by previous studies (Azmi et al, 2010; Dominick et al, 2012). Results show that PM1o has
direct relationship with temperature, but has an inverse relationship with humidity in both seasons. This states that
PMio concentration increases with increasing temperature and decreasing humidity. Similar results were
established by other reseachers (Kassomenos et al, 2014; Vardoulakis et al, 2008). Also, it was established that
Kuching has substantial PM1o pollution due to favourable atmospheric conditions, particularly, humidity and
temperature.

Table 4 and Figure 6 displays the analysis for Balok Baru. The Varimax rotated result showed that in the SWM
season, S1 and S2 had Eigenvalues of 2.01 and 1.02, respectively. Having a cumulative percentage of 61% and
variance percentage of 20% each. S1 and S2 had an influence of wind speed and PM1, both having a significant
positive correlation.

Table 4 Varimax Rotated Result of Balok Baru

Variables Southwest Monsoon Northeast Monsoon
S1 S2 N1 N2
PMio@) 0.049 0.998 0.041 0.117
Temperature 0.113 -0.014 -0.956 -0.031
Humidity -0.182 -0.033 0.344 -0.167
Wind speed 0.968 0.053 0.030 0.937
Wind direction -0.129 -0.024 0.108 -0.330
Eigen value 2.01 1.02 2.34 1.27
Variance 20.0% 20.0% 20.9% 20.6%
Cumulative 40.2% 60.6% 46.8% 72.1%
Balok Baru
3

Southwest Monsoon Northeast Monsoon

BPM10 @ Temperature Humidity ®Windspeed ©[Wind direction &Eigen value

Figure 6 PCA Varimax Rotated Result for Seasonal Variation of Balok Baru (2006-2010)

For NEM season, N1 and N2 had Eigenvalues of 2.34 and 1.27 with a cumulative percentage of 72% and a
variance of 20% each. N1 had the significant influence of temperature negatively, while N2 had an influence of
wind speed having a positive correlation. The result suggested that apart from the sources of PMyg pollution in
this area, some PMyo pollutants are transboundary in nature. In addition, temperature can assist in the chemical
formation of air pollutants, while increasing wind speed and wind direction resulted in dilution of air pollutants.

Meanwhile, humidity has the ability to absorb air pollutants, which establishes the assertion of previous studies
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(Azmi et al, 2010; Kassomenos et al, 2014; Kozawa et al, 2012). However, an inverse relationship can occur

between PMyo and temperature, especially on colder days corresponding to the reduction in dispersion of
pollutants due to stable atmospheric conditions (Vardoulakis et al, 2008).

Principal Component Regression (PCR)

PCA was carried out to obtain the variables to be used in the PCR analysis. The Varimax rotated result for Kuching
is shown in Table 5 and Figure 7.

Table 5 Principal Component Analysis of Kuching (2006-2010)

PC1 PC2 PC3

PMio(q) 0.182 0.982 0.017
Temperature 0.973 0.098 0.049
Humidity -0.928 -0.204 0.166
Wind speed 0.123 0.017 -0.992
Wind direction 0.053 0.037 -0.007
Variance % 37.2% 20.4% 20.3%

Eigen value 2.18 0.99 0.92
Cumulative 43.7% 63.7% 82.3%

Kuching

BPM10 OTemperature BHumidity BWind speed Wind direction @&Eigen value

Figure 7 PCA Varimax Rotated Result Kuching (2006-2010)

PCA for Kuching had Eigenvalue of 2.18, 0.99 and 0.92 associated with PC1, PC2, and PC3, respectively. The
cumulative variation of the 3 PCs was 82% and the variance percentages were 37% and 20%, respectively.
Subsequently, the 3 PCs were subjected to regression analysis to form PCR models. The PCR model was used to

predict next day PMzo concentration using PMzo-1) as the predictant and PC1, PC2 and PC3 as the predictors.
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Table 6 Principal Component Analysis of Balok Baru (2006-2010)

PC1 PC2
PMo(d) 0.007 -0.135
Temperature -0.973 -0.047
Humidity 0.247 0.207
Wind direction 0.049 0.970
Eigen value 1.79 1.08
Variance % 25.3% 25.1%
Cumulative 44.7% 71.6%
Balok Baru
2
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Figure 8 PCA Varimax Rotated Result Balok Baru Area (2006-2010)

The Varimax rotation result for the Balok Baru is shown in Figure 8 and Table 6. Four variables (wind speed was
removed from the analysis to improve the model) were used for the PCA. The result showed that two PCs had
Eigenvalue above 0.90. PC1 and PC2 had a cumulative percentage of 72% and the variance percentage of PC1
and PC2 was 25% each.

Lognormal Regression Analysis

Using lognormal regression, the models are displayed in Table 7. The analysis showed that the R? value for
Kuching and Balok Baru were 0.78 and 0.63, respectively. The R? result was significant since it is >0.5, the
analysis of variance (ANOVA) was significant at 99% confidence interval (p<0.001), showing the analysis is

good.

Multiple Linear Regression Analysis

The MLR analysis showed that the R? values for Kuching and Balok Baru were 0.84 and 0.64 respectively. Both
areas had significant R? values, having values > 0.5. From Table 7, for the prediction models, PMyo was the
predictant while the predictors were, previous day PMjo concentration level (PMigw.y), Temperature (T),
Humidity (H), Wind Speed (WS), and Wind direction (WD).
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Table 7 Prediction models and Performance indicators

Areas | Methods Prediction Models R? | AdjR
Kuching | LR PM1o= 8.00+0.83(logPM10(d-1))-0.37(logT)-1.33(logH)-
0.16(logWS)-0.0092(logWD) 0.78 | 0.78
MLR PMo = 98.67 + 0.87 (PMioa.1)) - 0.91(T) - 0.80(H) - 0.64 (WS) — | 0.84 | 0.83
0.0004(WD)
PCR PMyo=74.8 +1.76 PC1 + 0.466 PC3 0.93 | 0.93
Balok LR PM1o= 0.53+0.75(log PM10(-1))+0.28(logT)- 0.63 | 0.63
Baru 0.03(logH)+0.001(logWS)-0.06(logWD)
MLR PM10 = 8.63+0.77(PMg(-1))+0.49(T)-0.03(H)+0.11(WS)—0.03 0.64 | 0.64
(WD)
PCR PMip=-25.5+1.05PC1 + 1.84 PC2 0.90 | 0.90

All prediction models had significant R? and Adj R values, showing that LR, MLR, and PCR can be used to predict
PMio next day average concentration level with reputable result. Similar results were achieved in previous studies
(Taspmar et al, 2014; Ul-Saufie et al, 2013).

For the VIF analysis, the PCR models intially had a VIF result of 13-71 which was very high, hence, stepwise
principal component regression was carried out to reduce the VIF value. Consequently, for Kuching, PC1 and
PC3 were used for the model and the VIF value was reduced to 1.23. Meanwhile, PC1 and PC2 were used for the
Balok Baru PCR model achieving a VIF result of 9.02 (Table 8). Additionally, the VIF results for both MLR and
LR models were lower than 10, establishing that there was no multicollinearity problem in all the prediction
models. The result for the performance indictaors is as shown in Table 8.

Table 8 Performance Indicators

Areas Methods RMSE | NAE MAE PA 1A VIF
LR 10.21 0.1549 6.4755 0.2946 0.9626 1.03-4.91
Kuching MLR 10.09 0.1565 6.5415 0.8354 0.9532 1.11-2.06
PCR 6.72 0.1262 5.2748 0.9269 0.9807 1.23
LR 11.01 0.1253 8.0248 0.5881 0.8733 1.09-1.75
Balok Baru | MLR 10.87 0.1251 8.0129 0.6429 0.8815 1.09-1.89
PCR 5.89 0.0705 4.5149 0.8949 0.9717 9.02

The performance indicator results established significant performance, which are comparable to previous studies
using MLR, ANN and SR (Chaloulakou et al, 2003; Ul-Saufie et al, 2012b; Ul-Saufie et al, 2013). However, PCR

models had better results for all the performance indicators.

Table 9 Analysis of Variance (ANOVA)

Area Methods F-value P-value Area Methods F-value P-value
LR 923 0.001 LR 427 0.001
Kuching MLR 1352 0.001 Balok Baru MLR 486 0.001
PCR 8478 0.001 PCR 5771 0.001
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Table 9 displayed the ANOVA result. The sum of squares showed a total variability for all the models. For the F-
value, the results were between 923-8478 (Kuching) and 427-5771 (Balok Baru). All the F-values for the three
models were greater than the critical values for the two study areas. This signifies that the outputs are not related
at random and the models can significantly predict next day PMio concentration level. A p-value of <0.001 was
achieved, emphasizing that all models were good at 99% confidence interval. Overall, based on the ANOVA
results, all methods are significantly reliable as confirmed by previous studies (Azmi et al, 2010; Ul-Saufie et al,
2012b).

The models ability to detect high daily average concentration for PM1 was also conducted using the MAAQG
(150pg/m?®) and a newly proposed guideline value of 100ug/m3. The POD, CSI, and TrueSS analysis showed that
PCR had better detection capacity for high PM1 concentration levels than the other two methods as shown in
Table 10. The FAR analysis established that the PCR model had less ability to give false alarm predictions than
MLR models. However, similar FAR capabilities were established between PCR and LR especially in Kuching.
Additionally, the POD analysis showed that PCR had a better detection capacity than LR, especially for 150ug/m?
detection. MLR had a slightly better POD than the other two models having a slight difference of 1% between
MLR and PCR for the 100pg/m?® benchmark. The CSI analysis showed that PCR had better correspondence than
the other methods in both benchmark levels. Lastly, TrueSS result showed that PCR had better result for the
150pg/m?® detection than the other two methods, but PCR and MLR had similar abilities in the 100ug/m?

benchmark in Kuching.

Table 10 Statistical Evaluation for prediction of high PMyo levels (150ug/m?® and 100ug/m?)
Index Equation Kuching Balok Baru
150 100 150 100
pg/md pg/m® | pg/m® | pg/m®
LR Probability of Detection (POD) A/(A+B)* 0.58 0.70 - 0.26
False Alarm Rate (FAR) C/(C+A) 0.13 0.03 - 0.22
Critical Success Index (CSI) A/(A+B+C) 0.53 0.68 - 0.24
TrueSS A/(A+B)+D/(D+C) -1 0.58 0.70 - 0.26
MLR | Probability of Detection (POD) A/(A+B) 0.64 0.76 0.14 0.49
False Alarm Rate (FAR) C/(C+A) 0.30 0.09 0.50 0.19
Critical Success Index (CSI) A/(A+B+C) 0.50 0.70 0.13 0.44
TrueSS A/(A+B)+D/(D+C) -1 0.63 0.75 0.14 0.49
PCR | Probability of Detection (POD) A/(A+B) 0.91 0.75 0.50 0.85
False Alarm Rate (FAR) C/(C+A) 0.09 0.03 0.25 0.10
Critical Success Index (CSI) A/(A+B+C) 0.83 0.73 0.43 0.78
TrueSS A/(A+B)+D/(D+C) -1 0.91 0.75 0.50 0.85

*A= observed and predicted exceedances, B= observed but not predicted, C= Predicted but not observed, D= None exceedances

Furthermore, the LR and MLR showed that detection for 100pug/m?was better than the 150ug/m® benchmark. This
asserts the outcome of previous studies emphasizing that as the benchmark level decreases the performance of the
prediction model improves (Slini et al., 2002; Chaloulakou et al., 2003). The PCR result showed a better detection
of the 150ug/md than the 100pg/m® benchmark for the Kuching, but better detection was observed for the
100ug/m? than 150ug/m? benchmark in Balok Baru.
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Validation

To execute a real PCR model, the predicted values can be calculated using the original matrix component (PCA
coefficient) of the PCA result as shown in Table 11.

Table 11 Matrix Component for PCR models

Variables Kuching Balok Baru
KPC1 KPC3 BPC1 BPC2
PMuo(q) 0.3655 0.4012 0.3149 0.3313
Temperature 0.6089 0.1144 0.2690 -0.7556
Humidity -0.6402 -0.0715 -0.4972 0.4004
Wind speed 0.2597 -0.7303 0.5232 0.3249
Wind direction 0.1352 -0.5361 -0.5563 -0.2311

The PC’s were named as KPC1 and 3 for Kuching, BPC1 and 2 for Balok Baru. This would be multiplied with

each of the variables. Subsequently, the results would be inserted into the PCR models to predict PMyg
concentration levels.

Residual Plots for Predicted
Normal Probability Plot Versus Fits
99.99
99
3 90 =
) U ‘Q
= 10 <
1 X .
0.01
-20 -10 0 10 20 200 300
Residual Fitted Value
Histogram Versus Order
) 20
g o § 10
3 s
E 40 é i By N !
20 101887 S QPO DIV B~
@ -20 '
-18 -12 -6 0 6 12 18 >SS N L. L. S
Residual S P S S S S
Observation Order
Fitted Line Plot
Predicted = 3.053 + 0.9269 Observed PM
350 A Regression
—_— 95% CI
95% PI
s 6.47391
R-Sq 92.7%
R-Sq(adj) 92.7%
k-]
7]
=1
2
b1
4
a
T T T T T T T T
0] 50 100 150 200 250 300 350
Observed PM

Figure 9 Residual and Fitted line Plots for Kuching
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Figures 9 and 10 displayed the residual and fitted line plots. The plots showed good agreement between the
predicted and observed values using the PCR models for both Kuching and Balok Baru. The results are
comparable with previous study conducted by Ul-Saufie et al. (2013).
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Figure 10 Residual and fitted line Plot for Balok Baru

Conclusion

Daily average PMag, temperature (T), humidity (H), wind speed (WS) and wind direction (WD) data were analysed
for five years (2006-2010), from two industrial air quality monitoring stations. Based on seasonal variation
analysis using PCA Kuching had similar significant variables for both SWM and NEM seasons having significant
correlation for humidity, temperature, wind speed and PM1o. Meanwhile, for Balok Baru, the significant variables

were wind speed and PMyo in the SWM, while temperature and wind speed were more significant in the NEM
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season. Furthermore, the prediction model using LR, MLR, and PCR established significant results in terms of
the ability to predict next day average PMo concentration levels, with all models having R? between 0.60 to 0.93.
However, the PCR model was a better method, having higher predictability and lower error levels as established
in the performance indicator analysis. No multicollinearity problem was established for LR and MLR models.
However, step wise PCR was used to reduce the multicollinearity problem of the PCR models and favourable
results were achieved. It was determined that PCR models had better ability to detect high PM1o concentration
levels and achieve low false alarm rate than LR and MLR methods. The PCR prediction method can be used in

predicting PM1o concentration for better air quality management strategies and sustainable development planning.
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