
Advances inEnvironmental Biology, 8(24) December 2014, Pages: 244-256 

 

AENSIJournals 

 

Advances inEnvironmental Biology 
 

ISSN-1995-0756      EISSN-1998-1066 
 

Journal home page: http://www.aensiweb.com/AEB/ 

 

 

Corresponding Author: Hamza AhmadIsiyaka, East Coast Environmental Research Institute (ESERI) Universiti Sultan  

ZainalAbidin Malaysia, Gong Badak Campus, 21300 Kuala Terengganu Malaysia 

Spatial Assessment of Air Pollution Index Using EnvironmetricModeling 
Techniques 
 
Hamza AhmadIsiyaka, HafizanJuahir, MohdEkhwanToriman, Barzani M. Gasim, AzmanAzid, 
MohdKhairulAmri, Aminu Ibrahim, UsmanNasiruUsman. 
 

East Coast Environmental Research Institute (ESERI), Universiti Sultan ZainalAbidin, Gong Badak Campus, 21300 Kuala Terengganu, 

Malaysia. 

 
A R T I C L E  I N F O   A B S T R A C T  

Article history: 

Received 26 September 2014  

Received in revised form 25 November 
2014 

 Accepted 21 December 2014  

Available online 23 January 2015  
 

Keywords: 

Multivariate techniques; Artificial 
neural network; Multiple linear 

regression; Air pollution index. 

 The quest for industrial and urban development over the years has changed the pattern 

and source of atmospheric air pollution in Malaysia. This study aims to investigate the 

spatial variation in the source of air pollution; identify the most significant 
parameterscontributing to the air pollution and to develop the best receptor model for 

predicting air pollution index (API). Data from five monitoring stations base on five 

year's observation (2007-2011) were used. Multivariate techniques such as cluster 
analysis (HACA), discriminate analysis (DA), principal component analysis (PCA), 

factor analysis (FA) and modeling techniques comprising of artificial neural network 

(ANN) and multiple linear regression (MLR) were used in this study. HACA was able 
to group the five monitoring stations into three clusters, indicating that one station in 

each cluster can provide a reasonable accurate spatial assessment of air quality within 

the study area. The result for standard mode, forward stepwise and backward stepwise 
DA gave a correct assignation of 82.37% (p˂ 0.05) which indicate that all the 

parameters significantly discriminate spatially. PCA and FA for the three clusters 

account for more than 62%, 56% and 58% of the total variance respectively indicating 
that the source of air pollution are from anthropogenic induced point source and non-

point source. ANN gave a better prediction at R2 = 0.93 and RMSE = 4.87 compared 

with MLR AR2 = 0.70 and RMSE = 9.57. This indicates that ANN can be applied with 

more precision in modeling and understanding the dynamic nature of API compared 

with MLR. However, it can be concluded that the atmosphere exhibit a complex 
reaction which is made more complicated by man through his daily activities and 

multivariate analysis, modeling techniques will help to understand the dynamic 

structure of the source of pollution, reduce the cost of monitoring unnecessary sampling 
site, save time and accurately predict air pollution index. These findings can provide 

stakeholders a basic for understanding and developing air pollution control strategies in 

order to reduce their possible health and environmental effect. 
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INTRODUCTION 

 

 Clean air constitutes the fundamental requirement for human health and well-being. Although, the level of 

atmospheric air quality has deteriorated over time by series of developments that occur as countries become 

industrialized and urbanized [1,2,3], since the general characteristics of the troposphere has the ability to emit, 

transform, disperse as well as deposit pollutants [4]. An estimate of about 2.4 million people dies each year from 

causes directly attributed to air pollution [5]. This is because atmospheric air pollutants have the ability to 

penetrate the gas exchange region of the human lung when inhaled, causing cancer, asthma, cardiovascular and 

respiratory diseases [6,7]. It also limit the amount of oxygen fed to the foetus through the mother thereby 

retarding its anthropometric development by reducing its head circumference [8]. 

 Most urban cities within the Peninsular faces severe air pollution [9] and about 5.4 metric tons of CO2 is 

produced in Malaysia as at 2002 which exceeds the benchmark of 3.9 metric ton per capital as provided by the 

world resource institute [10]. Although, the overall air quality status in Malaysia fall within good and moderate 
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base on air pollution index (API), but still show a slight fluctuation in trend from 2008 to 2011 [11]. In 2008, the 

status of good air quality fall around 59%, 55.6% in 2009, 63% in 2010 and 55% in 2011 [11]. 

 The major sources of air pollution in Malaysia are; mobile source, stationery, and trans-boundary sources 

[12,13,14]. The mobile sources are emitted from a non-static point such as motor vehicle (82 % of pollution 

load), boat engine, aircraft, and motorcycles. The stationery pollutants originate from static points such as 

manufacturing activities (18 % of pollution load), industrial fuel burning, power stations and domestic [14]. The 

trans-boundary sources are transported from point source to non-point source, especially from Indonesia by the 

south-westerly wind into Malaysia [12]. 

 The basic pollutants used to determine the level of atmospheric air quality in Malaysia are (CO, O3, PM10, 

SO2, and NO2) [15,16,17]. They are used to establish air pollution index (API), which is a non-dimensional 

number calculated according to the urban daily average concentration of pollutants [15,16]. The highest sub-

index values of these pollutants are used as the API value for a specific period base on Recommended Malaysia 

Ambient Air Quality Guidelines (RMAQG) issued by DOE since 1989 [16].  

 However, modeling the dynamic nature of air pollution is very challenging since some pollutants are 

emitted from point source while others are from non-point sources. Furthermore, air quality monitoring and 

analysis involve the use of large complex time series data from monitoring stations which require the integration 

of modern and robust statistical techniques (multivariate statistics and receptor modeling techniques) for 

simplification, classification, modeling, prediction, avoid misinterpretation and pattern recognition [18,19,20]. 

As such, the use of multivariate statistical analysis such as hierarchical agglomerative cluster analysis (HACA), 

discriminate analysis (DA), principal component analysis (PCA) together with factor analysis (FA) and 

modeling such as artificial neural network (ANN), multiple linear regression model (MLR) will enable us 

reduce the dimensionality of the data as well as extract meaningful statistical findings [21,22,23,24,25,26]. 

 The objectives of this study is to; identify the spatial variation in the pattern of air quality within selected 

monitoring stations in Peninsular Malaysia; to identify the major possible sources of air pollution; and to 

determine the best receptor modeling techniques for predicting air pollution index in Peninsular Malaysia.  

 

MATERIALS AND METHODS 

2.1     Study Area: 

 The study area comprises of five continuous air quality monitoring stations managed by a private company 

AlamSakitar Malaysia Sdn. Bhd. (ASMA) on behalf of the Department of Environment Malaysia (DOE). Three 

stations (ST1, ST2 and ST3) are located in the east coast Peninsular Malaysia (Terengganu) and two in theKlang 

Valley. 

 The Kemaman station (ST1) is a residential and petrochemical industrial area, followed by Paka-Kertih 

(ST2) an industrial area which houses the PETRONAS Petrochemical Integrated Complex (PPIC) linking the 

entire range of oil and gas value chain, [17,25,27], The third station Kuala Terengganu (ST3) is located in the 

city center of Terengganu state associated with high population density, commercial activities, airport and 

serious traffic congestion. Putra Jaya station (ST4) is located in the administrative center of Malaysia in the 

federal state of Putra Jaya and it is the third most populated state in Malaysia [28] with high traffic congestion. 

Kuala Lumpur station (ST5) is a city center considered as the most densely populated city in Malaysia [28]. It is 

characterized with airport, commercial and industrial activities with serious traffic round the clock.  The location 

of the study area based on longitude and latitude is shown in Table 1 and Figure 1 

 
Table 1: Location and coordinates of monitoring station. 

Station ID Location Coordinates 

  Latitude Longitude 

ST 1 Kemaman N04° 16.260 E103° 25.826 

ST2 Paka-Kertih N04° 35.880 E103° 26.096 

ST3 Kuala Terengganu N05° 18.455 E103° 07.213 

ST4 Putra Jaya N 02° 55.915 E101° 40.909 

ST5 Kuala Lumpur N 03° 06.376 E 101° 43.072 

Source: Department of Environment (DOE) Malaysia. 

 

2.2      Data collection: 

 The air quality and meteorological data used for this study were provided by the Air Quality Division, 

Department of Environment Malaysia covering a period five years (2007 - 2011). Seven parameters including 

carbon monoxide (CO), ozone (O3), particulate matter (PM10), sulfur dioxide (SO2), nitrogen dioxide (NO2), 

ambient temperature and wind speed were used in this study. The average time varies from 1 - 24 hours which 

represents the period of time over which measurement are monitored and reported in order to assess the possible 

health impacts of specific air pollutants [16,29]. 
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2.3 Data treatment: 

 The data used in this study were provided in the form of hourly reading and were converted to daily average 

reading in order to carry out a precise and accurate statistical analysis using XLSTAT add-in 2014 and JMP 11 

software. A total of 64036 data sets (9148 observations × 7 parameters) were used for the analysis. Furthermore, 

to facilitate this analysis, the nearest neighbor method was applied using XLSTAT add-in software to estimate 

missing values [13,30]. Nearest neighbor is used to predict unknown values using the known values at 

neighboring locations where sample points lack [25]. The missing data recorded is 4% of the original data sets. 

[30]suggested that nearest neighbor method can provide a simple scheme, where the endpoint of the gaps is used 

as estimates of all missing values. This equation can be written as: 

y = y1if  x  ≤  x1 + [ (x2 - x1) / 2] or y = y1 if  x  ≥  x1 + [ (x2 - x1) / 2]     (1) 

 Where y represents the interpolate, x is the time point of the interpolate, y1 and x1 are the coordinates of the 

starting point of the gap and y2 and x2 are the end points of the gaps. 

 

 
Fig. 1: Location of air quality monitoring stations in Terengganu. 

 

2.4      Hierarchical Agglomerative cluster analysis (HACA): 

 HACA is a statistical method used to classify observations into groups, or clusters (spatial) that are similar 

to each other and different from the observations in other groups [31,32]. The spatial classification of air quality 

monitoring station can be illustrated using a dendrogram that measures the degree of the risk homogeneity 

through Ward's method and Euclidian distance measurement [33]. Euclidian distance is based on a single 

linkage which denotes the quotient between the linkage distance divided by the maximal distance 

[(Dlink/Dmax)], by multiplying the quotient by 100 in order to standardize the linkage distance represented by 

the y-axis [34,35,36]. 

 

2.5 Discriminate analysis (DA): 

 DA is used to determine the variables that best discriminate between groups developed by HACA and 

construct new discriminant functions (DFs) for each group in order to evaluate the spatial variation in 

atmospheric air quality [36,19,37]. 

DFs are calculated using Eq. 

F (Gi) = Ki + ∑j
n

=1wijPij          (2) 

 Where i = the number of group G; kj = constant inherent to each group; n = the number of parameters used 

to classify a set of data into a given group; wj = the weight coefficient assigned by discriminant function analysis 

(DFA) to a given parameter  Pj. 

 In this study, DA was applied to the raw data for spatial analysis base on the three clusters developed by 

HACA using standard mode, backward stepwise mode and forward stepwise mode to determine whether the 

groups differ with regards to the mean of the variable and to use that variable to predict group membership. To 

achieve this, cluster 1, 2 and 3 were selected as dependent variable, while all the measured parameters made up 

the independent variables. Using the forward stepwise mode, variables were included step by step from the most 

significant until no significant changes are observed while in the backward stepwise mode, variables were 

removed step by step beginning from the less significant variable until no significant changes were observed 

[19]. 

 

2.6 Principal component analysis for source identification (PCA): 

 PCA is used to establish the most significant parameter that best discriminate the whole set of data by 

eliminating the less significant parameter with minimal loss of the original variables [38,39]. This will enable 

identification of the source of pollution [40].  
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The equation is expressed as:    

Zij = ai1x1j + ai2x2j+ ai3x3j +........... + aimxmj        (3) 

 Wherez is the component score, a is the component loading, x is the measured value of variables, i is the 

component number, j is the sample number and m is the total number of variables. 

 FA is usually carried out after PCA has been successfully applied in order to identify the different possible 

sources of pollution base on the activities in the air quality monitoring environment [14,40]. It also helps to 

reduce the least significant variables in the dataset in order to simplify the data structure in the PCA [41]. [19] 

argued that the PCs generated by PCA are sometimes not readily available for interpretation, therefore, it is 

advisable to rotate the PCs by varimax rotation with eigenvalues equal to or greater than 1.The varimax rotation 

is considered significant in order to obtain new groups of variables called varimax factors (VFs) [3,40]. 

Furthermore, the number of varimax factors(VFs) obtained by varimax rotations is usually equal to the number 

of variables in accordance with the common features which can include unobservable, hypothetical and latent 

variables [42,43]. In addition, the VFs coefficient with a correlation from 0.75 are considered as strong 

significant factor loading, those that range from 0.50 - 0.74 have moderate, while of 0.30 - 0.49 are classified as 

weak significant factor loading  [44].   

Zij = af1 x1i + af2 x2i + ........+ afmfmi + efi        (4) 

 Where Z is the measured value of a variables, a is the factor loading,  f is the factor score, e is the residual 

term accounting for errors or other sources variation, i is the sample number, j is the variable number and m is 

the total number of factors. 

 

2.7 Artificial neural network modeling (ANN): 

 ANN is an information processing system that evolves from the way biological nervous system works 

(brain) in processing information [45]. It is an interconnected group of nodes linked to a large number of 

networks of neurons in the brain. Each node depicts an artificial neuron which represents a connection from the 

input of one neuron to the output of another [46]. 

 A multilayered perceptron feed-forward artificial neural network (ML-FF-ANN) with a non-linear 

activation function is applied using JMP 11 software to predict the most significant parameters affecting the air 

pollution index. This software is very flexible and easy to apply [25].  The network consists of multiple neurons 

which are organized in layers. Information is presented to the network via an input layer (independent variable), 

which then send signal to the hidden layer via a system of weighted connection, where the actual processing is 

done and pass to the output layer (dependent variable) [46]. The network is trained severally by adjusting the 

weight value in order to minimize error and optimize the number of hidden neurons in each layer [24]. To 

achieve this, a Backpropagation algorithm is introduced to the network in order to correlate the coefficient 

between the expected and the calculated using a supervised learning [24,47]. The data set use to predict API was 

divided into training (60%), testing (20%) and validation (20%) [48]. The training data set is use to adjust the 

weight in order to estimate and learn the pattern of the parameters, testing is use to evaluate the generalization 

ability of the network, while validation subset is use to evaluate the performance of the trained network [15,25]. 

Furthermore, the coefficient of the determination (R
2
) and the root mean square error (RMSE) were used to 

evaluate the result gotten in the ANN model. From the result, the model with the greatest R
2 

value (R
2
=1) and 

the lowest RMSE value (RMSE=0) is considered the best model [13,49]. The network structure is shown in 

Figure 2 below. 

 

 
 

Fig. 2: Network structure of a multilayer feed-forward artificial neural network (ML-FF-ANN) 
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2.8 Multiple linear regression model (MLR): 

 MLR is a statistical technique that is used to predict the variability that exists between the dependent and 

independent variable [50,51]. The model has a k independent variables and n observation. Thus, the regress 

model can be represented as [52]. 

Yi= βo + β1xIi + ..............+ βkxki  + ԑiEq        (6) 

where i = 1.......n, β0, β1 and βk are regression coefficient, x1 and xk are independent variables and ԑ is error 

associated with the regression. 

 However, in order to evaluate the result of the MLR model, the coefficient of determination R
2
, Adjusted R

2
 

and Root Mean Square Error (RMSE) must be considered as the best fitting regression linear equation. The R
2
 

represents the proportion of variability that exists in the dependent variable use to measure the goodness of fit of 

a linear model base on the regression equation [53]. Furthermore, the value with the greatest R
2
 (=1) represent 

the best linear model [13,49]. The R
2
 is usually adjusted to reduce its tendency to overestimating the validity of 

the model base on real world taken into account all the variables and observations used.   

 The descriptive statistics of the entire data sets comprising of minimum value, maximum, mean and 

standard deviation are shown in Table 2. 

 
Table 2: (a) Descriptive statistics of daily average air pollutants (b) meteorological parameters and API 2007- 2011. 

(a)         

Variables Statistics Stations     Avg     

time 

RMAQG 

  ST1 ST2 ST3 ST4 ST5   

CO, ppm Min 0.000 0.000 0.000 0.000 0.000 1-h 30 

 Max 3.180 0.810 2.740 2.830 4.750   

 Mean 0.452 0.049 0.923 1.045 1.624   

 Stddev 0.250 0.117 0.426 0.423 0.722   

O3, ppm Min 0.000 0.000 0.000 0.000 0.000 1-h 100 

 Max 3.180 0.050 0.140 0.120 0.170   

 Mean 0.452 0.003 0.027 0.047 0.055   

 Stddev 0.250 0.008 0.012 0.022 0.031   

PM10, ug / cu.m Min 0.000 0.000 0.000 13.583 0.000 24-h 150 

 Max 264.000 470.000 357.000 299.000 282.000   

 Mean 55.922 57.950 84.297 59.903 71.137   

 Stddev 26.155 33.051 39.352 26.518 27.875   

SO2, ppm Min 0.000 0.000 0.000 0.000 0.000 1-h 130 

 Max 0.060 0.010 0.010 0.060 0.060   

 Mean 0.002 0.001 0.000 0.004 0.003   

 Stddev 0.005 0.002 0.001 0.006 0.006   

NO2, ppm Min 0.000 0.000 0.000 0.000 0.000 1-h 170 

 Max 0.030 0.060 0.030 0.070 0.110   

 Mean 0.007 0.007 0.012 0.025 0.036   

 Stddev 0.006 0.009 0.006 0.011 0.014   

(b)         

Variables   Statistics Stations     

    ST1 ST2 ST3 ST4 ST5 

Ambient Temp °C  Min 22.208 21.463 21.463 22.371 23.913 

   Max 30.763 31.267 31.267 29.679 29.679 

   Mean 27.623 27.333 26.333 26.927 27.218 

   Stddev 1.597 1.701 1.848 1.252 1.124 

Wind Speed KM/ h  Min 0.313 1.000 1.508 1.508 1.508 

   Max 27.213 210.200 30.700 13.983 7.546 

   Mean 11.139 14.240 10.532 4.383 4.274 

   Stddev 3.571 14.143 3.530 0.986 0.891 

API   Min 0.000 0.000 19.458 14.208 20.125 

   Max 95.000 71.000 81.000 119.000 169.000 

   Mean 45.126 37.926 50.053 53.513 64.298 

   Stddev 13.186 10.016 10.206 16.986 22.820 

      

RESULTS AND DISCUSSION 

 

3.1 Spatial classification of air quality monitoring stations: 

 In this study, HACA was performed on the raw data sets in order to evaluate the spatial variation among air 

quality monitoring stations. This resulted in a successful grouping of the stations into three clusters base on their 

level of homogeneity. 

 Cluster 1 comprises of three air quality monitoring stations; Kemaman (ST1), Kertih (ST2) and Kuala 

Terengganu (ST3) located in the east coast Peninsular Malaysia. These stations are characterized with 

residential area, city center with traffic congestion, airport, commercial and industrial activities, and can be 
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considered as a good healthy site (GHS) [12,54]. Cluster 2 is a residential area embedded with one station; Putra 

Jaya (ST4) and can be classify as moderate healthy site (MHS).  It is considered as the administrative center of 

Malaysia with commercial activities and third most densely populated area. Kuala Lumpur (ST5) makes up 

cluster 3 which is a city center characterize with high Traffic congestion around the clock, high population 

density (the most populated city in Malaysia), airport, commercial and industrial activities [12,28]. However, we 

can conclude that one station in each cluster can provide a reasonable accurate spatial representation of air 

quality within the study area and can reduce the need for unnecessary sampling sites especially in Terengganu. 

Figure 3 below represents the spatial classification of air monitoring stations using a dendrogram. 

 

 
 

Fig. 3:Dendrogram of different clusters showing sampling sites in the study area. 

 

3.2 Spatial variation in atmospheric air pollution using DA: 

 DA was performed on the raw data sets to determine the most significant parameters associated with the 

spatial variation in air quality monitoring parameters based on the clusters produce by HACA. Cluster 1, 2 and 3 

represent the dependent variables while the seven parameters (PM10, CO, O3, NO2, SO2, Ambient temperature 

and Wind speed) were used as independent variables.  

 Using the standard mode, forward stepwise and backward stepwise mode, the accuracy of the spatial 

classification in the confusion matrix for air quality and meteorological parameters yielded a correct assignation 

of 82.37% each for both cluster 1, 2 and 3 with a p ˂ 0.05 for each parameter.  Based on these findings, we can 

conclude that the seven parameters (PM10, CO, O3, SO2, NO2, Ambient temperature and Wind speed) have a 

strong variation in terms of their spatial distribution. The spatial variation associated with these parameters base 

on cluster is shown in Table 3. 

 
Table 3: Classification matrix for DA base on spatial variation in Peninsular Malaysia. 

 Sampling stations  Regions assign by DA  

  Cluster 1 Cluster 2 Cluster 3 % correct 

Standard mode (7 parameters)     

 Cluster 1 5365 90 10 98.17% 

 Cluster 2 456 956 445 51.48% 

 Cluster 3 189 423 1214 66.48% 

 Total 6010 1469 1669 82.37% 

Forward stepwise (7 Parameter)     

 Cluster 1 5365 90 10 98.17% 

 Cluster 2 456 956 445 51.48% 

 Cluster 3 189 423 1214 66.48% 

 Total 6010 1469 1669 82.37% 

Backward stepwise(7 Parameter)     

 Cluster 1 5365 90 10 98.17% 

 Cluster 2 456 956 445 51.48% 

 Cluster 3 189 423 1214 66.48% 

 Total 6010 1469 1669 82.37% 
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3.3 Spatial identification of major possible source of pollution: 

 PCA together with FA was performed on the normalized data sets (PM10, CO, O3, SO2, NO2, Ambient 

temperature and Wind speed) separately for the three clusters in order to compare the compositional pattern 

between the examined parameters and identify the major possible source of variation in the study area. Three 

PCs were obtained for cluster 1 and two PCs for both cluster 2 and 3 with eigenvalues greater than 1(˃1), which 

account for more than 62%, 56% and 58% respectively of the total variance in the data sets as shown in the PCA 

loading plot in Figure 4. Three varifactors (VFs) were obtained for cluster 1, and two (VFs) for both cluster 2 

and 3 through the FA performed on the PCs. Only factor loadings greater than 0.75 were considered for 

interpretation. The result of FA is presented in Table 4, comprising of factor loadings, eigenvalues, the total 

variance and cumulative percentages. 

 
Table 4: Factor loadings after varimax rotation by clusters. 

Variables Cluster 1  Cluster 2 Cluster 3 

 VF1 VF2 VF3 VF1 VF2 VF1 VF2 

CO 0.776 0.27 -0.318 0.826 -0.033 0.789 -0.028 

O3 0.361 0.691 -0.111 0.756 0.057 0.763 0.013 

PM10 0.784 -0.089 -0.073 0.663 0.061 0.768 0.034 

SO2 -0.102 0.715 0.293 0.219 0.126 0.262 0.01 

NO2 0.767 0.006 0.211 0.81 -0.054 0.838 -0.046 

ABT TEMP -0.111 0.181 0.781 0.421 0.763 0.033 0.882 

WIND SPEED 0.059 -0.432 0.542 -0.272 0.864 -0.054 0.879 

Eigenvalue 2.131 1.211 1.06 2.646 1.343 2.571 1.554 

Variability (%) 30.444 17.297 15.139 37.795 19.183 36.734 22.206 

Cumulative % 30.444 47.741 62.88 37.795 56.978 36.734 58.94 

 

a)  Cluster 1: 

 The first varimax factor in cluster 1 (VF1) accounts for 30.4% of the total variance, that indicate a strong 

positive loading for CO (0.776), PM10 (0.784) and NO2 (0.767). The spatial variation in the source of CO can be 

attributed to the incomplete combustion of fuel in  automobiles (motor vehicles, motorcycles, engine boats) 

[55,56], due to high traffic congestion in the city center of Kuala Terengganu, increase in individual ownership 

of vehicles and busy port. CO accounts for 82% of   pollution load in Malaysia [13]. The variation in the source 

of PM10 are dust fall from industrial activities and construction site [57], gases and particles from transport 

exhaust emission, resuspension of soil dust and transboundary pollution [58,59,60]. Industrial activities in 

Kemaman and Paka-Kertih can be linked to the emission of NO2 base on the previous study conducted by [61]. 

Furthermore, a report by Intergovernmental Panel on Climate Change [62] and study carried out by [63,64] 

shows that aircraft is an important source of NOx which accounts for 1.5% of the total global pollution. These 

emissions mostly come from Sultan Mahmud airport in Terengganu. 

 The third varifactor (VF3) explains 15.1% of the total variance which indicate a strong positive loading for 

ambient temperature (0.781). High temperature especially during the southwest monsoon season in Terengganu 

[65] provide a favorable condition for photochemical reactions [52,66,67]. Further justification is provided in 

the findings of [68,69] which shows that, sulfate formation increases with a rise in temperature due to faster SO2 

oxidation, which act as an important precursor for the formation of PM10[53]. NO2 is also produced when 

nitrogen in the fuel is burnt and when at a very high temperature nitrogen in the air reacts with oxygen [70]. 

 

b)  Cluster 2: 

 In this cluster, the first varimax factor (VF1) account for 37.8% of the total variance that shows a strong 

positive loadings for CO (0.826), O3 (0.756), NO2 (0.81). The spatial variation in the source of CO is from 

engine boats and motor vehicles, especially when the engines are not turned properly which causes incomplete 

combustion [55,56]. 

 O3 is strongly related to secondary pollutants produced by photochemical oxidation and forms the main 

component of smog [71]. Its concentration is produced by O3 precursors (NOx CO and VOCs ) from industrial 

activities and motor vehicle emission from traffics in Putra Jaya the third most populated state and 

administrative center in Malaysia [72,73,74,75,76]. NO2 is largely due to industrial activities as well as emission 

due to heavy traffic congestion. In Malaysia, an analysis of NO2 emission proves that about 69% of this 

pollutant is from power stations and industrial activities, 28% from motor vehicles and the remaining 3% makes 

up other sources [29]. 

 The second varimax factor (VF2) records 19.2% of the total variance with a strong positive loading for 

ambient temperature (0.763) and Wind Speed (0.864). According to a report by [28] on Compendium of 

Environment Statistics, Malaysia is a tropical region near the equator (high temperature) which provide 

favorable condition for nitrogen oxides (NOx) and other VOCs to react, and CO slowly helps to oxidize 

nitrogen monoxide (NO) to nitrogen dioxide (NO2) which indirectly accelerate O3 formation [52,66,67]. Wind 

speed help to transport both primary and secondary pollutants from point source to non-point source [68,69]. 
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c)  Cluster 3: 

 This cluster is made up of two varifactors (VF1,VF2) which account for 36.7% and 22.2% respectively for 

the total variance with a strong positive loading for CO (0.789), O3 (0.763), PM10 (0.768), NO2 (0.838), ambient 

temperature (0.882) and wind speed (0.879). This station comprises the most densely populated city (Kuala 

Lumpur) in Malaysia with a high traffic jam [54] which leads to emission of CO due to incomplete combustion 

from motor vehicle. However, the busy port in the Klang Valley contributes to NO2 emission. According to 

[28], Kuala Lumpur houses the commercial and industrial center of Malaysia, which in turn emits a large 

proportion of O3 and NO2. High temperature provides a favorable condition for photochemical oxidation of both 

O3 and PM10 precursors.  

 Strong positive loading for wind speed (0,879) (Wang et al.2012) enable O3 precursors (CO, NOx, and 

hydrocarbon) to be transported by multi- scale circulations which increases the concentration of O3 during the 

transport period, while PM10 are transported  from source point to non-source point [68,69]. The Sumatrabush 

burning in Indonesia is usually transported into Malaysia by strong wind which in turn pollute the air (DOE, 

2010). 

 

 
 

Fig. 4: Plot diagram for PCA loading after varimax rotation (a) cluster 1 (b) cluster 2 (c) cluster 3. 

 

3.4       Predicting API using artificial neural network and multiple linear regression: 

 In predicting air pollution index (API), the raw data comprising of seven parameters (CO, O3, PM10, NO2, 

SO2, Ambient temperature and Wind speed) were used to develop two receptor model; multilayer perceptron 

feed forward artificial neural network (MLP-FF-ANN) model (A) and multiple linear regression (MLR) model 

(B) in order to compare and identify the best receptor model for predicting API using JMP 11 software. The 

model with the highest R
2 
and lowest RMSE is considered the best.   

 In developing MLP-FF-ANN model A, the data were divided into training, testing, and validation. Twenty 

hidden nodes were examined in order to avoid over-fitting and to approximate any non-linear function with a 

high level of accuracy. The best prediction model for MLP-FF-ANN was gotten in node eighteen with R
2
 = 0.93 

and RMSE = 4.87 as shown in Table 5 

 For model B, MLR was used to predict API by developing an equation model which represents its 

prediction capability. The regression coefficient of determination (R
2
), adjusted regression coefficient of 

determination (AR
2
) and the root mean square error (RMSE) were used to test the performance of the model. 

The result shows that R
2
 = 0.71, AR

2
 = 0.71 and RMSE = 9.58. This result is shown in Table 5. The final 

models develop by MLR for API is; 

 API = -1.59 (CO) + 451.76 (O3) + 0.162 (PM10) + 13.7 (SO2) + 149.76 (NO2) -0.03 (ambient 

temperature) + 0.06 + 22.93 

 Base on the result gotten from the two receptor models (A and B), it is glaring that MLP-FF-ANN (A) has 

more prediction capability and accuracy in predicting API at R
2
 = 0.93 and RMSE =0.487 compare to MLR 

with AR
2
= 0.71 and RMSE = 9.58 . This is because ANN has a high degree of flexibility, efficiency and can 

model the complexity and unusual non-linear relationship between meteorological variables and air quality 

parameters [24]. ANN learns when presented with new data sets by forming functional relationship among the 

data and does not degrade much with noisy data [77,78]. The scatter plot diagram for the two models is shown 

in Figure 5. 
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Table 5: Prediction performance of ML-FF-ANN model A and MLR model B. 

Models Hidden nodes R2 RMSE 

ML-FF-ANN Model A [7,1,1,1] 0.82 7.83 

 [7,2,1,1] 0.89 6.1 

 [7,3,1,1] 0.89 5.87 

 [7,4,1,1] 0.90 5.8 

 [7,5,1,1] 0.91 5.43 

 [7,6,1,1] 0.91 5.37 

 [7,7,1,1] 0.91 5.25 

 [7,8,1,1] 0.91 5.24 

 [7,9,1,1] 0.91 5.32 

 [7,10,1,1] 0.92 5.17 

 [7,11,1,1] 0.91 5.28 

 [7,12,1,1] 0.92 5.05 

 [7,13,1,1] 0.92 5.02 

 [7,14,1,1] 0.92 4.93 

 [7,15,1,1] 0.92 4.96 

 [7,16,1,1] 0.92 4.93 

 [7,17,1,1] 0.92 4.97 

 [7,18,1,1] 0.93 4.87 

MLR Model B  0.71 9.57 

 

 

 
Fig. 5: Scatter plots diagram for predicted API performance: ML-FF-ANN (A) and MLR (B). 

 

Conclusion: 

 In this study, multivariate statistics and environmental modeling techniques were used to assess the spatial 

variation of atmospheric air quality in some selected monitoring stations in Peninsular Malaysia. HACA 

successfully group the stations into three clusters base on their degree of homogeneity. This classification helps 

to eliminate unnecessary sampling sites which in turn reduce cost and time of monitoring. The result for DA 

show that each parameter have a p-value (p ˂ 0.05) with a correct assignation of 82.37% for both standard, 

forward stepwise and backward stepwise. This means that all the monitored parameters discriminate spatially 

within the study area. PCA together with FA indicates that only six parameters (except SO2) with strong positive 

loadings ˃ 0.75 have a strong variation in the three clusters. The major possible sources of these pollutants are 

from anthropogenically induced emission (automobiles, industries, power plants, transboundary sources and 

construction sites). Comparism between MLP-FF-ANN and MLR was made in order to test their predictive 

capabilities and to select the best receptor model for predicting API.  MLP-FF-ANN gave the highest R
2
 = 0.93 

with the lowest RMSE = 0.487 compared to MLR with and R
2
, AR

2
 = 0.71 and RMSE = 9.58. However, ANN 

stands the test of providing a better prediction model compare to MLR and can provide factual and reliable 

estimation of API. 
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