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Abstract 

 
Air pollution is becoming a major environmental issue in Malaysia. This study focused on the 

identification of potential sources of variations in air quality around the study area based on the data 

obtained from the Malaysian Department of Environment (DOE).  Eight air quality parameters in ten 
monitoring stations for seven years (2006 – 2012) were gathered.  The Principal Component Analysis 

(PCA) method from chemometric technique was applied to identify the source identification of pollution 
around the study area. The PCA method has identified methane (CH4), non-methane hydrocarbon 

(NmHC), total hydrocarbon (THC), ozone (O3) and particulate matter under 10 microns (PM10) are the 

most significant parameters around the study area.  From the study, it can be concluded that the 
application of the PCA method in chemometric techniques can be applied for the source apportionment 

purpose. Hence, this study indicated that for the future and effective management of the Malaysian air 

quality, an effort should be placed as a priority in controlling point and non-point pollution sources. 
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1.0  INTRODUCTION 

 

Air pollution is a serious issue that needs to be given immediate 

and serious attention by all relevant authorities around the globe, 

as it is one of the most important factors that contributes to the 

quality of life and living.  Air pollution is becoming a major 

environmental issue in Malaysia due to the increasing number of 

transportations (mobile sources), trans-boundary pollution from 

neighbouring countries and the industrial activities (stationary 

sources), and they are the main sources of air pollution in 

Malaysia.1  The effect of air pollution may cause acute and 

chronic to humans or other living organisms, and cause damage to 

the natural environment or built environment, when enter into the 

atmosphere.2  Symptoms such as nose, throat, eye and skin 

irritation, headache, fatigue, dizziness, and difficulty in breathing 

are general health effect experienced by human due to poor of air 

quality.3   
  Controlling the source of air pollutants is one of the major 

challenges in the world.  In Malaysia, the Malaysian Department 

of Environment (DOE) has been consistently monitored air 

quality status and collecting data in order to inform people about 

major pollutant concentrations in real time.4 Once the lack of 

compliance is determined, the data can be used to advise or 

caution the decision makers or planners in lieu of health effects.1,5  

Two major of air pollutants are PM10 and surface ozone (O3), 

particularly in the urban and suburban areas in Malaysia1,6,7 and 

has been recognised as one of the major concerns that have high 

potential for deleterious effects on human health.8,9,10,11  

  The chemometric techniques (also known as multivariate 

techniques) believed as a better tool for analysing air quality. 

Chemometric in the environmental field is verified to be a 

functional tool to identify the sources of pollution.1,12   

Chemometric methods also offer the recognition of the potential 

sources that are accountable for variations in air quality and 

manipulate the air quality. Therefore, the methods have been 

proven as priceless tools for developing suitable plans for efficient 

management of the air monitoring network.13 Purposely, this 

study is to identify the potential sources of variations in air quality 

around the study area. 
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2.0  EXPERIMENTAL 
 

Study Area 

 
Ten continuous air monitoring stations were selected.  The 

stations are Pasir Gudang (ST01: N01° 28.225, E103° 53.637), 

Kuching (ST02: N01° 33.734, E110° 23.329), Bukit Rambai 

(ST03: N02° 15.510, E102° 10.364), Tasek (ST04: N04° 37.781, 

E101° 06.964), Nilai (ST05: N02° 49.246, E101° 48.877), Klang 

(ST06: N03° 00.620, E101° 24.484), Balok Baru (ST07: N03° 

57.726, E103° 22.955), Pengkalan Chepa (ST08: N06° 09.520, 

E102° 17.262), Paka (ST09: N04° 35.880, E103° 26.096), and 

Labuan (ST10: N05° 19.980, E115° 14.315).  The locations of the 

air quality monitoring stations are shown in Figure 1. Eight 

stations are located in the Peninsular Malaysia and another two 

are in East Malaysia.  These stations were selected due to their 

location differences, which lies in the heavily industrial areas, 

residential areas and surrounded by congested main roads.  Based 

on the DOE report, the overall status of air quality in Malaysia 

within good and moderate levels most of the time.14 There are no 

major natural disaster (such as typhoon, volcanic eruption and 

earthquake) occurrences in these areas. The value of the air 

pollution index (API) in Malaysia is usually influenced by the 

concentration of suspended particulate matter (PM10)
15 because of 

the concentration value of PM10 is always higher than other 

pollutants.16   

 

 
Fig 1  Location of the ten selected air quality monitoring stations in 
Malaysia 
 

Data collection  
 

The air quality data were gathered from the Air Quality Division 

in the Department of Environment (DOE) Malaysia. The data 

were collected and monitored by Alam Sekitar Malaysia Sdn. 

Bhd. (ASMA), the authorized agency for DOE. All stations were 

identified based on the availability of data start from January 1, 

2006 to December 31, 2012. The air quality variables used in this 

study are carbon monoxide (CO), ozone (O3), particulate matter 

under 10 microns (PM10), sulphur dioxide (SO2), nitrogen dioxide 

(NO2), methane (CH4), non-methane hydrocarbon (NmHC) and 

total hydrocarbon (THC).  The measurements recorded for these 

variables are hourly. The equipment used by ASMA to monitor 

the air quality data are from Teledyne Technologies Inc. USA, 

and Met One Instrument Inc. USA. Based on the Standard 

Operating Procedures for Continuous Air Quality Monitoring 

(2007),17,  the analyzers used by ASMA to monitor PM10 using a 

BAM-1020 Beta Attenuation Mas Monitor from Met One 

Instrument, Inc. USA. This instrument has a fairly high resolution 

of 0.1 μg m−3 at a 16.7 L min−1 flow rate, with lower detection 

limits of <4.8 μg m−3 and <1.0 μg m−3 for 1 h and 24 h, 

respectively.. The instruments used by ASMA to monitor SO2, 

CO and O3 were the Teledyne API Model 100A/100E, Teledyne 

API Model 200A/200E, Teledyne API Model 300/300E and 

Teledyne API Model 400/ 400E, respectively from Teledyne 

Technologies Inc., USA. SO2 measurement was based on the UV 

fluorescence method, where the lowest level of detection is at 0.4 

ppb. CO was measured using the non-dispersive, infrared 

absorption (Beer Lambert) method with 0.5% precision and the 

lowest detection of 0.04 ppm. While, O3 was measured through 

the UV absorption (Beer Lambert) method with a detection limit 

of 0.4 ppb. The measurements of SO2, CO and O3 were at a 

precision level of 0.5%. For THC, CH4 and NmHC, the analyzer 

used by ASMA were measured using a Teledyne API M4020 

from Teledyne Technologies Inc., USA, which equipped with 

aflame-ionization detector (FID) and a measurement accuracy of 

1%. These instruments were used due to well-proven accuracy, 

reliability, and robustness.  

 

Data pre-treatment 

 
A total of 202,080 data points (8 variables x 25,260 data set) was 

utilized in this analysis. The total number of missing data in the 

data points was very small (~3%) from the overall data. Based on 

data sets provided by DOE, there are some data, such as O3 and 

CO in a certain stations are not available.  In order to facilitate the 

unavailable or missing data, the nearest neighbour method 18,19 

was applied and computations performed using XLSTAT 2014 

add-in software. The nearest neighbour method was based on the 

endpoints of the gaps using Equation 1: 

 

y = y1 if x ≤ x1 + [(x2 – x1)/2] or    

y = y2 if x > x1 + [(x2 – x1)/2]         (1) 

       

where; y is the interpolant, x is the time point of the interpolant, y1 

and x1 are the coordinates of the starting point of the gap, and y2 

and x2 are the endpoints of the gap. 

 

Principal component Analysis   
 

Dimension of a huge data set can be trimmed down by using 

principal component analysis (PCA), which it is considered as one 

of the most prevalent and useful statistical methods for 

uncovering the potential structure of a set of variables. This 

method used for explaining the variance of a large set of 

interrelated variables by transforming them into new, smaller set 

of uncorrelated (independent) variables, namely as principal 

components (PCs).1,6,20  PCs are orthogonal and uncorrelated to 

each other and have linear combinations of the original 

variables.21,22,23,24 PCA has the ability to show the most significant 

variables which can indicate the source of the pollutants. This is 

because, in the analysis process the variables that are less 

significant are omitted from the data set with a minimal loss of 

original data.13,25,26 A total of 25,260 data sets and 8 air quality 

variables were used in this study. The raw air quality variables 

were standardized through Z-scale transformation to a mean of 0.0 

and variance of 1.0 by applying the Equation 2: 

 

Zij = (Xij - µ)/σ          (2) 



85                      Azman Azid et al. / Jurnal Teknologi (Sciences & Engineering) 72:1 (2015) 83–88 

 

 

 

where Zij is the jth value of the standard score of the measured 

variable i; Xij is the jth observation of variable i; µ is the variable’s 

mean value; and σ is the standard deviation.  Z-scale 

transformation method was used to ensure the different air quality 

variables had equal weights in the statistical analysis process.  

Besides, these transformations will homogenize the variance of 

the distribution and prevent any classification errors that may 

occur from groups described by variables of completely different 

sizes.12 Then, the data matrix was decomposed into scores or 

components and loadings (correlations between the original 

variables and the PCs extracted by the analysis) for the variables.   

  The Barlett’s test of sphericity was performed at the 

beginning of the PCA in order to examine the correlation of the 

variables used in the PCA.27 The null hypothesis, H0 of this test 

states that there is no correlation significant difference from 0 

between the variables.  While the alternative hypothesis, Ha state 

that at least one of the correlations between the variables is 

significantly different from 0.  As the computed p-value is lower 

than the significance level alpha=0.05, one should reject the null 

hypothesis H0, and accept the alternative hypothesis Ha.   The risk 

to reject the null hypothesis, H0 while it is true is lower than 

0.01%.  When the null hypothesis, H0 result is rejected, then it is 

confirmed that the variables used in the PCA are correlated.27 

  The PCs generated by PCA sometimes are not readily 

interpreted and should be rotated using any of a number of 

applicable methods, e.g.; varimax rotation. The varimax rotation 

goal is to minimize the complexity of the components by making 

the large loadings larger and the small loadings smaller within 

each component. The varimax rotation method was applied 

because this method simplifies the factor structure and therefore 

makes its interpretation easier and more reliable.  In the varimax 

rotation method, only the PCs with eigenvalues of more than one 

(>1.0) are used and considered significant28 in order to obtain the 

new variables, known as varifactors (VFs) or factor loadings. This 

approach is known as Kaiser Criterion.  Kaiser Criterion is used to 

solve the problem of the number of components to be retained.29 

The numbers of VFs obtained by varimax rotations are equal to 

the number of variables in accordance with common features and 

can include unobservable, hypothetical and latent variables. The 

VFs are values that use to measure the correlation between 

variables. VFs values which are greater than 0.75 (> 0.75) is 

considered as “strong”, the values range from 0.50-0.75 (0.50 ≥ 

factor loading ≥ 0.75) is considered as “moderate” and the values 

range from 0.30-0.49 (0.30 ≥ factor loading ≥ 0.49) is considered 

as “weak” factor loadings.30  In this study, the VFs with absolute 

values greater than 0.75 was set as the selection threshold. Then, 

the results of factor scores after varimax rotation was used for 

artificial intelligence modelling.  The PCA was examined using 

XLSTAT 2014 add-in software.  

 

 

3.0  RESULTS AND DISCUSSION 
 

A seven-year daily average secondary data was used in this study. 

The database consists of eight air pollutant variables and the air 

pollutant index (API). The overall descriptive statistics of the air 

pollutant variables and the API are summarized in Table 1. The 

average values of all the parameters are within the value of the 

Recommended Malaysian Air Quality Guideline (RMAQG). This 

means that the air quality in Malaysia is still in controlled 

conditions. Although the average values for all parameters at each 

station is under RMAQG permitted levels, but there are some 

stations such as Pasir Gudang (STA01), Bukit Rambai (STA03), 

Tasek (STA04), Klang (STA06), Balok Baru (STA07), and Paka 

(STA09) were exposed to the maximum amount of O3 values 

higher than the level allowed by RMAQG.  This condition is 

caused by these stations are located in the urban and industrial 

area.  Besides, all the stations are also facing a number of the 

maximum PM10 values which exceeded permitted level by 

RMAQG (> 150). The highest value for PM10 was recorded in 

STA01 (Pasir Gudang), STA06 (Klang), and STA07 (Balok 

Baru), which are the value of 780, 732, and 760 respectively.  The 

other stations such as Kuching (STA02), Bukit Rambai (STA03), 

Tasek (STA04), Nilai (STA05), Pengkalan Chepa (STA08), Paka 

(STA09), and Labuan (STA10) also recorded the highest PM10 

values of 384 μg m-3, 427 μg m-3, 202 μg m-3, 385 μg m-3, 430 μg 

m-3, 470 μg m-3, and 357 μg m-3, respectively.. The results show 

that STA06 (Klang) recorded the highest concentration of PM10, 

NmHC, CO, THC, and NO2. STA04 (Tasek) recorded the highest 

concentration of O3, STA05 (Nilai) recorded the highest 

concentration values for CH4.and the highest concentration of SO2 

was recorded at STA09 (Paka). The mean range for PM10 was 

53.70μg m-3 ≤ PM10 ≤ 98.15μg m-3 and CO mean range was 

0.57ppm ≤ CO ≤ 1.24ppm. For O3 and SO2, the mean range was 

0.02ppm ≤ O3 ≤ 0.03ppm and 0.00ppm ≤ SO2 ≤ 0.37ppm, 

respectively. For NmHC and THC, the mean range was 0.40ppm 

≤ NmHC ≤ 0.80ppm and 2.54ppm ≤ THC ≤ 3.53ppm, 

respectively. The NO2 mean range recorded as 0.01ppm ≤ NO2 ≤ 

0.03ppm, while CH4 mean range recorded as 2.20ppm ≤ CH4 ≤ 

2.97ppm. 

  The Bartlett’s test of sphericity revealed that the air quality 

data met the sphericity assumption since it had an observed chi-

square value of 185152.046 (p < 0.05, df = 28), therefore 

confirming that the air quality variables were correlated and not 

orthogonal. This suggests that PCA will allow for interpretation of 

the variability in the data with less than the original number of 

variables.31   

  The estimation of the factor loadings was carried out for 

assessing the correlations between air quality variables and the 

extracted factors. After varimax rotation, from eight PCs, there 

are only two VFs which represent 64.24% of the variance of the 

data were selected due to the eigenvalues larger than one (> 1.0). 

Despite of the cumulative variance is less than 70%, the cut-off 

point of the factors were determined using scree plot graph 

(Figure 2).  The eigenvalues with lower than one (<1.0) are 

neglected because of redundant with more important factors.  It 

means that multicollearity was present among original variables.   

In this study, the VFs with absolute values greater than 0.75 was 

set as the selection threshold, because these values are solid and 

stable, which exhibit moderate to strong loadings on the extracted 

factors.  Table 2 and Figure 3 highlights that five (5) out of eight 

(8) air quality variables used in this study satisfy the 0.75 factor 

loadings threshold.  These variables are CH4, NmHC, THC, O3 

and PM10.  These pollutants are then classified as the potential 

contributor pollutants in the selected monitoring stations in 

Malaysia. 
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Table 1  Overall descriptive statistics of daily average air quality and air pollutant index (API) in the study areas, 2006-2012 

 

Station Statistic 

Parameter 

CO  
(ppm) 

O3  
(ppm) 

PM10  
(µg m-3) 

SO2  
(ppm) 

NO2  
(ppm) 

CH4  
(ppm) 

NmHC  
(ppm) 

THC  
(ppm) 

API 

STA01 

No. of observations 2526 2526 2526 2526 2526 2526 2526 2526 2526 

Minimum 0.00 0.00 19.86 0.00 0.00 0.00 0.00 0.00 2.13 

Maximum 4.85 0.12 780.00 0.13 0.06 9.75 5.15 10.50 125.88 

Mean 1.24 0.03 81.24 0.01 0.02 2.49 0.55 2.96 57.84 

STA02 

No. of observations 2526 2526 2526 2526 2526 2526 2526 2526 2526 

Minimum 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 14.00 

Maximum 3.79 0.08 384.00 0.10 0.12 8.32 4.54 8.90 173.13 

Mean 0.74 0.02 57.76 0.01 0.01 2.32 0.45 2.69 40.57 

STA03 

No. of observations 2526 2526 2526 2526 2526 2526 2526 2526 2526 

Minimum 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 3.04 

Maximum 3.77 0.12 427.00 0.10 0.05 7.53 8.01 9.80 125.88 

Mean 1.10 0.03 95.02 0.01 0.02 2.15 1.10 3.14 57.87 

STA04 

No. of observations 2526 2526 2526 2526 2526 2526 2526 2526 2526 

Minimum 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Maximum 2.84 0.16 202.00 0.10 0.06 9.33 4.81 9.60 158.00 

Mean 0.86 0.04 58.70 0.01 0.02 2.91 0.41 3.24 50.14 

STA05 

No. of observations 2526 2526 2526 2526 2526 2526 2526 2526 2526 

Minimum 0.00 0.00 19.29 0.00 0.00 0.00 0.00 0.00 21.96 

Maximum 3.11 0.12 385.00 0.09 0.08 8.03 4.80 9.40 176.42 

Mean 0.83 0.03 89.56 0.01 0.02 2.97 0.48 3.36 57.48 

STA06 

No. of observations 2526 2526 2526 2526 2526 2526 2526 2526 2526 

Minimum 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Maximum 10.52 0.12 732.00 0.11 0.13 9.75 3.97 10.60 494.88 

Mean 1.75 0.03 98.15 0.01 0.03 2.85 0.80 3.53 60.97 

STA07 

No. of observations 2526 2526 2526 2526 2526 2526 2526 2526 2526 

Minimum 0.00 0.00 27.00 0.00 0.00 0.00 0.00 0.00 3.63 

Maximum 3.82 0.12 760.00 0.06 0.06 6.40 6.17 8.20 151.00 

Mean 0.99 0.02 94.66 0.01 0.01 2.24 0.58 2.75 57.32 

STA08 

No. of observations 2526 2526 2526 2526 2526 2526 2526 2526 2526 

Minimum 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Maximum 4.65 0.07 430.00 0.10 0.06 6.89 8.01 9.80 77.83 

Mean 0.93 0.02 68.90 0.01 0.01 2.38 0.56 2.85 46.00 

STA09 

No. of observations 2526 2526 2526 2526 2526 2526 2526 2526 2526 

Minimum 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Maximum 4.17 0.12 470.00 47.96 0.06 9.39 4.54 10.10 94.88 

Mean 0.79 0.02 53.70 0.37 0.01 2.33 0.46 2.72 37.70 

STA10 

No. of observations 2526 2526 2526 2526 2526 2526 2526 2526 2526 

Minimum 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 10.63 

Maximum 3.32 0.06 357.00 0.04 0.04 6.64 4.54 7.60 97.00 

Median 0.52 0.02 51.00 0.00 0.01 2.03 0.32 2.33 37.00 

Mean 0.57 0.02 55.56 0.00 0.01 2.20 0.40 2.54 38.41 

Standard deviation (n-1) 0.33 0.01 29.86 0.01 0.01 0.57 0.35 0.70 11.50 

 
Averaging time 1hr 1hr 24hrs 1hr 1hr 1hr 1hr 1hr 

 

 
RMAQG 30.00 0.10 150.00 0.13 0.17 

    
 

 

 

The VF1 contributes 32.329% of the variation in the air quality 

data.  It has high loadings from three variables, which are CH4 

(0.949), NmHC (0.787) and THC (0.988).  This factor can be 

interpreted as a potential of gaseous pollutants.  Considering the 

nature of these three air quality variables, this factor is mostly 

probably related to the processes of petrochemical production 

from petrochemical industries and the fuel combustion from 

transportation activities.32 Besides, it is also probably related to 

the process of biomass burning, grazing and residual of 

agricultural product from agricultural activities.33 

  The VF2 demonstrates 31.912% of the variance in the data.  

It exhibits high loading from O3 (0.753) and PM10 (0.838). The 

concentration of these pollutants is potentially related to the 

secondary pollutant (O3) and non-gas pollutant (PM10). O3 

released into the atmosphere as a result of photochemical 

oxidation and the main component of smog.34  The concentration 
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of O3, especially in urban and suburban is probably contributed by 

the mono-nitrogen oxide (NOx)
35 and the downwind plume of O3 

precursors from the industrial activities.36,37  PM10 is the main 

component of dust fall, which it potentially comes from the 

industrial activities and construction sites,38 the transportation 

exhaust emission and soil dust39 and also open burning activity 

around the study area.  According to the Malaysian Ministry of 

Transport (MOT),40 the total amount of new registered motor 

vehicles in Malaysia was increased 4.42% from 934,367 in 2004 

to 1,160,082 in 2010.  Based on this information, motor vehicles 

in Malaysia are one of the major factors that contribute to the 

deterioration of atmospheric conditions. 

 

 
 

Fig. 2  Screen plots for PCA 

 

 

Table 2  Varifactors after varimax rotation and the possible source 
category in the study area 

 

Variable  VF1 VF2 

CO 0.217 0.687 

O3 0.152 0.753 

PM10 -0.123 0.838 

SO2 -0.010 -0.007 

NO2 0.062 0.664 

CH4 0.949 0.015 

NmHC 0.787 0.261 

THC 0.988 0.063 

Eigenvalue 3.118 2.021 

Variability (%) 32.329 31.912 

Cumulative % 32.329 64.241 

 
 

Fig 3  Factor loading plot after varimax rotation 

 

 

4.0  CONCLUSION 

 

Air quality monitoring programs have generated huge, 

multidimensional and complex data set, which require 

chemometric techniques for data analysis and interpretation of the 

underlying information.  In this study, we applied the method of 

PCA to identify the pollution sources for air quality variation in a 

certain area in Malaysia even without field visit.  The two VFs 

generated by rotated PCA indicate that the parameters such as 

CH4, NmHC, THC, O3 and PM10 are responsible for air quality 

variations in the study area.  Based on the Malaysian Ministry of 

Transport data, it is believed that motor vehicles are one of the 

major factors that contribute to the formation of these pollutants. 

Thus, this study indicated that for the future and effective 

management of the Malaysian air quality, an effort should be 

placed as a priority in controlling point and non-point pollution 

sources. 
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