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This study aims to assess the dynamic characteristics of
atmospheric air pollutants, identify the major sources of
pollution as well as develop the best input combination model
for predicting air pollution index (API). Data from five (5)
monitoring stations from 2007-2011 were collected from
Department of Environment (DOE) Malaysia. The result for
Principal Component Analysis (PCA) accounted for more than
39% and 15% of the total variance of the datasets attributed to
anthropogenic induced emission from point source and nonpoint source. Further, Artificial Neural Network (ANN) was used
to model the percentage contribution of each pollutant and
apportion the mass source category and to develop three input
combination model (A, B and C) in order to test their predictive
capabilities. The result indicates that ozone is the highest
contributor to API by 63% followed by particulate matter 15%.
Based on source apportionment, gas and secondary pollutants
contributes 92% and 8% by gas and meteorological condition.
Moreover, ANN statistically proven that model A has the
capability to predict API with a high level of significance at R2 =
0.934 and RMSE = 4.871 compared with model B and C. This
finding justify that ANN is a robust and important tool for air
pollution modeling, decision making and environmental
management.
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INTRODUCTION
Air is the most important natural resources
which sustain life of plants, animals and
general ecosystem regulation (Botkin et. al
2012). Air quality measures the composition
and concentration level of gaseous and
particulate toxic elements (WHO 2002;
Bernstein et. al. 2004). Urban air quality is
polluted when atmospheric pollutants build
up in concentration sufficiently high enough
to cause direct or indirect damage to plants,
animals and the ecosystem structure

(Jacobson 2002). Atmospheric air pollutants
are made up of primary particles emitted from
various sources and secondary particles from
aerosols produced by chemical reactions
(Salma et. al. 2004). The struggle for industrial
development
especially
in
developing
countries to compete economically with
developed nations do not give priority to
pollution control due to the adoption of
obsolete technologies and incompetent
regulatory systems to enforce laws (Raven et.
al. 2013).
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Techno Science Africana Journal Volume 14, Number 1, June, 2017

This poses a serious threat to the quality of life
worldwide making it an area that demands
serious and urgent attention (Genc et al 2010).
Malaysia is a fast developing nation within the
continent of Asia in industrial, commercial
agricultural and tourist attraction (DOE, 2011).
Razak et. al (2013) and Ismail et al (2010)
revealed that Malaysia produces 5.4 metric
tons of CO2 which exceeds the bench mark of
3.9 metric ton per capital as provided by the
world resource institute and most urban cities
within the Peninsular faces serious air
pollution (Azmi et al. 2010). Although, the
overall air quality status in Malaysia fall within
good and moderate base on air pollution
index (API), but still show a slight fluctuation
in trend from 2008 to 2011 (DOE, 2012). In
2008, the status of good air quality fall around
59%, 55.6% in 2009, 63% in 2010 and 55% in 2011
(DOE, 2012). In Malaysia, air is polluted from
both point source and non-point sources. The
mobile sources originate mostly from motor
vehicle (82% of pollution). Stationary
pollutants are emitted from a static position
(manufacturing activities, industrial fuel
burning, power stations and construction
sites). Tran boundary pollutants are
transported by wind from neighboring
location (Mutalib et. al. 2013; Dominick et al.
2012) and the worst haze episode in Malaysia
was recorded in 1997 (Jamal et al. 2004).
According to Ministry of Transport (2010), the
number of newly registered motor vehicles in
Malaysia has increased by 4.42% from 934,367
vehicles in 2004 to 1,160,082 vehicles in the
year 2010. A report by Department of Statistics
Malaysia (2011) shows that Malaysia
population increased from 23.3 million in 2000
to 28.3 million in 2010.
However, a report by Department of Statistics
Malaysia (2010) on Compendium of
Environment Statistics, Malaysia experiences
tropical climate with a uniform temperature,
high humidity as well as copious rainfall
throughout the year. The pattern of rainfall is
influenced by northeast and southwest
monsoon wind. Places located in the east
coast of Peninsular Malaysia, northeast coast
of Sabah and western Sarawak are
characterized with heavy rainfall during the
northeast monsoon season. Contrary to this
notion, other parts of the country experiences
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less rainfall except for Sabah during
southwest monsoon (Department of Statistics
2009 and Department of Statistics 2010).
An efficient prediction and understanding of
the percentage contribution of pollutants to
the API value will provide a reliable
countermeasure to prevent air pollution
catastrophe in public health and well-being)
(Kolehmainen et al. 2001). Therefore, arriving
at the best prediction model requires the
adoption of more sophisticated modeling
techniques due to the multiplicity of source of
pollution, complexity and dynamic nature of
the physical and chemical characteristics of
their formation and transportation within the
atmosphere (Arhami et al 2013). However, the
development of a prediction performance
model, best selection of the input variables
and the type of model structure pose a major
challenge in modeling air pollution (Arhami et
al 2013). Recent advancement in the use of
artificial neural network (ANN) serves as a
more accurate, reliable and modeling
technique due to its ability to generalize
nonlinear pattern in a large data sets when
trained, it can be used for forecasting and
pattern recognition which are too complex for
conventional statistical methods (Chelani et al.
2002). Furthermore, the accuracy of the
prediction level largely depends on the quality
of input variables used. The leave one-out
cross-validation method for percentage
contribution and source apportionment have
been applied in air pollution modeling by
(Domenick et. al. 2013; Osman et al. 2012;
Wahid et. al. 2013; Razak et. al. 2014; ,Mustaffa
et. al. 2014). ANN is a distributed information
processing system and a powerful general
purpose technique composed of many simple
computational elements integrating across
weighted connections (Hakimpoor et al. 2011).
Prediction of air quality using ANN will enable
the implementation of proper planning and
actions as well as strategies to control the
level of pollution (Hakimpoor et al. 2011).
The objectives of this study are to model the
individual percentage contribution and source
apportionment of air pollution, identify the
major possible sources of pollutants and
identify the best input combination model in
predicting API.
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RESEARCH METHODOLOGY
Description of the Study Area
The study area is located in the east coast
(Terengganu) and western part (Klang Valley)
of Peninsular Malaysia covering five selected
air quality monitoring stations. Kemaman
station
ion (ST1) is characterized with port,
residential and industrial activities; Paka-Kertih
Paka
(ST2) is a petrochemical industrial area linking
the entire range of oil and gas value chain;
Kuala Terengganu (ST3) is located in the city
of Terengganu state with series
ries of commercial
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activities, primary industries, high traffic, port
and residential areas. Putrajaya (ST4) is the
main administrative center of Malaysia with
high population density. The city center of
Kuala Lumpur (ST5) is associated with series of
commercial
ercial and industrial activities, residential
houses, high population density and
an serious
traffic congestion Department of Statistics,
2011).. The location of monitoring stations
comprising of their latitudes and longitude is
shown in both Table 1 and Figure
Figur 1.

Table 1:: Location and coordinates of monitoring station
Station ID
Location
coordinates
Latitude
ST 1
Kemaman
N04° 16.260
ST2
Paka-Kertih
N04° 35.880
Kuala Terengganu
N05° 18.455
ST3
ST4
Putra Jaya
N02° 55.915
Kuala Lumpur
N03° 06.376
ST5
Source:: Department of Environment (DOE) Malaysia

Longitude
E103° 25.826
E103° 26.096
E103° 07.213
E101° 40.909
E 101°43.072

Figure 1:: Map of the study area showing air quality monitoring stations
Data collection and treatment
The data use for this study comprises of five
air pollutants and two meteorological
parameters including carbon monoxide (CO),
ozone (O3), particulate matter with diameter
less than 10 µm (PM10), sulfur dioxide (SO2),
nitrogen dioxide (NO2), ambient temperature

and wind speed. The average time varies from
1-24
24 hours which represents the period over
which measurement are monitored and
reported in order to assess the possible health
impacts of specific air pollutants (DOE 1997
and DOE 2009).
27
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The data were provided in the form of hourly
readings by DOE Malaysia from 2007-2011
(5years) and were converted to daily average
observations which gave a total of 64036 data
sets (9148 observations × 7 parameters).
Furthermore, to facilitate this analysis, the
nearest neighbor method was applied using
XLSTAT add-in software to estimate missing
values (Dominicks et al. 2012). The missing
data recorded is 4% of the original data sets.
The nearest neighbor method can provide a
simple scheme, where the endpoint of the
gaps is used as estimates for all missing values
(Junninen et al. 2004). The equation can be
written as;
y = y1 if 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.
Principal component analysis for source
identification (PCA)
PCA helps to eliminate the less significant
parameters with minimal loss of the original
variables and retain the most significant
parameters within the data sets (Wang et al.
2014). This process will help to reduce the
dimensionality of the data by forming new
variables that are uncorrelated called principal
components (PCs) (Daigle et al. 2011). The
equation is expressed as:
Zij = ai1x1j + ai2x2j+ ai3x3j + ........... + aimxmj (2)
Where z 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.
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 (Juahir et al.2011). The varimax rotation
is considered significant in order to obtain
new groups of variables called varimax factors
(VFs) (Brumelis et al. 2000; Love et. al. 2004).
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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 (Vega et. al. 1998; Liu et al.
2003). In addition, the VFs coefficient with a
correlation greater than 0.75 are considered as
strong significant factor loading, those that
range from 0.50 - 0.74 have moderate, while
those having correlation of 0.30 - 0.49 are
classified as weak significant factor loading
(Liu et al. 2003).
Zij = af1 x1i + af2 x2i + ........+ afm fmi + efi
(3)

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.
Artificial neural network for modeling air
pollution
Artificial Neural Network is an information
processing system that evolves from the way
biological nervous system works (brain) in
processing information (Moustris et al. 2010).
In this research, a multilayer perceptron feedforward artificial neural network (MLP-FFANN) with a non-linear activation function was
used to determine the best input combination
model for predicting API. Three models were
developed (model A, B and C) using different
input combinations. The network structure for
these models consist of multiple neurons
organized in layers, and 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). The network is
trained severally by adjusting the weight value
in order to minimize error. To achieve this, a
Back propagation algorithm is introduced to
the network in order to correlate the
coefficient between the expected and the
calculated using a supervised learning (Xie et
al. 2009).
28
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The data were divided into training (60%),
testing (20%) and validation (20%) sets. 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 (Thursto
et. al. 2011). Furthermore, the leave-one-out
cross validation (combined PCA/ANN) method
was introduced to the model in order to
=1−
=

∑

∑

1

−

−

apportion the mass source contribution and
individual
percentage
contribution
of
pollutants (Wang et. al 2012; Sarkar et. al.
2012). Furthermore, the coefficient of the
determination (R2) and the root mean square
error (RMSE) isused as a baseline to evaluate
the performance of the ANN models. From the
result, the model with the greatest R2 value
(R2=1) and the lowest RMSE value (RMSE=0) is
considered the best model for API prediction
[45] as shown in equation (4) and (5)
4

∑
=1
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Where xi represent the observed data, yi is the predicted data and n is the number of
observation.
strong positive loading for CO (0.893), O3
(0.801) and NO2 (0.863). CO is produced by
incomplete combustion of fuel in automobiles
(motor vehicles, motorcycles, engine boats)
especially when the engines are not turn
properly (Jansen et. al. 2001; Morawska et al.
2002). Study conducted by Dominick et al
(2012) reveals that CO accounts for 82% of
pollution load in Malaysia. The high traffic
congestion in the city center of Kuala
Terengganu, Kuala Lumpur, and Putra Jaya
contribute immensely to the emission of CO.
Kuala Lumpur being the most populated city in
Malaysia, Putra Jaya the third most populated
(DOS, 2010) and the city of Kuala Terengganu
encourage increase in individual ownership of
automobiles which in turn create a serious
traffic jam round the clock. O3 is a secondary
pollutant produced by photochemical
oxidation and forms the main component of
smog Atkinson 2000).

RESULTS AND DISCUSSION
Identification of major possible sources of
pollution
In this study, PCA was applied on the raw data
sets (PM10, CO, O3, SO2, NO2, Ambient
temperature and Wind speed) in order to
identify the source of atmospheric air
pollutants within the study area. Two PCs with
eigenvalues greater than 1(˃1) were generated
and account for more than 39% and 15% of the
total variance in the data sets as shown in the
PCA loading plot in Figure 2. Two varifactor
(VFs) were obtained through the FA
performed on the PCs. Only factor loadings
greater than 0.5 were considered for
discussion. The result of FA is presented in
Table 3, comprising of factor loadings,
eigenvalues, total variance and cumulative
percentages.
Base on the result in Table 3, VF1 explains
39.9% of the total variance which indicate a
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Table 3: Factor loadings after Varimax rotation:
Variables
VF1
CO
0.893
O3
0.801
PM10
0.447
SO2
0.346
NO2
0.863
Ambient temperature
-0.039
Wind speed
-0.534
Eigenvalue
2.794
Variability (%)
39.913
Cumulative %
39.913

VF2
-0.124
0.140
-0.479
0.563
0.053
0.699
-0.152
1.092
15.596
55.509
strong positive loading in the emission of NO2
can be attributed to Industrial activities in
Kemaman, Kertih and Kuala Lumpur as well as
vehicular emission from the major cities
Pereira et. al. 2007). An estimate of about 69%
of NO2 emission are from power stations and
industrial activities, 28% from motor vehicles
and the remaining 3% makes up other sources
(DOE, 2009).

A report by DOS (2010) show that Malaysia is
located in the 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
(Bauer and Langmann 2002; Kovac-Andric and
Gvozdic 2009; DOE, 2010). Furthermore, the

PCA loading (D1 and D2: 55.51 %)
after Varimax rotation
1
TEMP

0.75
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Figure 2: Plot diagram for PCA loadings after varimax rotation
well as burning of fuel in factories and other
industrial activities [46,47,53]. Temperature
also accelerates photochemical oxidation
(Bauer et. al. 2002; Kovac and Gvozdic, 2009)
and provides favorable condition for nitrogen
to react with oxygen (Latif et. al. 2011).

The second varimax factor (VF2) accounted
for 15.6% of the total variance showing a
moderate loading for SO2 and ambient
temperature. The source of moderate
variation in SO2 can be attributed to
combustion of fuel in automobiles, aircraft as
30
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Modeling the percentage contribution of
each pollutants using ANN
The leave-one-out cross-validation
validation method
was used to model the percentage
contribution of individual pollutant based on
the coefficient of determination developed by
ANN as shown in Figure 3. It is statistically
proven that O3 is the most significant Pollutant
affecting the level of air quality within the
study area at R2 = 63%. The second most
significant pollutants contributing to the level
leve
2
of air pollution is PM10 at R = 15%. Other
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parameters (CO, SO2, NO2, Ambient
temperature and Wind speed) fall within the
range of 3%, 5%, 4%, 5% and 5% respectively. This
is because O3 and PM10 are secondary
pollutants produced by photochemical
oxidation
n of other precursors (Abdullah et al.
2012)).. The heavy traffic jam, industrial
activities and biomass burning in Kuala
Lumpur, Putrajaya and Kuala Terengganu can
be attributed
buted to these variations (Bana et. al.
2013).

Wind speed

Ambient

5%

Temperature5%

NO2

CO

4%
SO2
5%

3%

O3
63%

PM1015%

Figure 3: Percentage contribution of individual pollutants Index
Source apportionment
ent of mass contribution
using ANN
The mass source category apportionment was
also modeled using a combined ANN and
principal component scores after varimax
rotation in Figure 4. The leave-one-out
leave
cross

validation method was also employed. The
result revealed that gas and secondary
pollutants
ts affect the air pollution index by 92%
followed by gas and meteorological condition
8%.

Source category apportionment

Gas and
Meteorological
Condition
8%
Gas and Secondary
Pollutants
92%

Figure 4: Source apportionment of air pollution
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Determining the best input combination
model for predicting API using MLP-FFANN
In selecting the best input combination for
predicting air pollution, three models were
developed (model A, model B and model C).
The input combination with the highest
coefficient of determination (R2) and lowest
Root mean square error (RMSE) is considered
the best model for predicting API. Figure 6
below show the R2 and RMSE performance for
all the models, while Table 4 indicate the
optimum gauge in identifying the prediction
performance of model A, B and C.
The network structure for model A comprises
of original raw data (PM10, CO, O3, SO2, NO2,
Ambient temperature and Wind speed) as
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input variables. Twenty neurons in the hidden
layer with one output (API) were examined to
get the optimum gauge with the highest R2
and lowest RMSE. However, the highest R2 =
0.934 with the minimum RMSE = 4.871 were
gotten at node eighteen (18). On the other
hand, model B gave an R2 = 0.921 and RMSE =
5.050 at node eighteen (18). The input
combination for model B comprises of seven
principal components before varimax rotation.
Model C was constructed using principal
component scores after varimax rotation with
engine values greater than one (˃ 1) base on
two varifactors. The highest R2 = 0.551 with the
lowest RMSE = 12.410 was reached at node
nineteen (19). Figure 5 shows different input
combination model for MLP-FF-ANN structure.

Factor
rotation

Factor
rotation

scores

scores
after

before

varimax

varimax

Original raw data comprising of 7

parameters

API

Model R Square

Figure 5: ANN structure with different input combination model
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No. of hidden nodes
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1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20
No. of hidden nodes

Figure 6: R2 and RMSE performance for model A, B and C
Table 4: Prediction performance in selecting the best input combination model
R2

Models
Hidden nodes
MLP-FF-ANN Model
A
[7,18,1,1]
MLP-FF-ANN Model
B
[7,18,2,1]
MLP-FF-ANN Model
C
[7,19,3,1]
From the above results gotten in Table 4 and
Figure 6, we can statistically ascertain that
model C did not perform well in the prediction
of API using factor scores after varimax
rotation due to the reduction in the number of
input variables compared with other models.
The result for model B using seven principal
components before varimax rotation as input
variables is quite encouraging. The R2 = 0.921
and RMSE = 5.050 is close to model A

RMSE

0.934

4.871

0.921

5.050

0.551

12.410

performance and can be used as a good input
combination to predict API. Furthermore, the
best input combination for prediction is model
A using the raw data with the highest R2 =
0.934 and lowest RMSE = 4.871. This model (A)
is reliable and has more capability to predict
API compared with model B and C. The scatter
plots for API prediction performance for
training, testing and validation (model A, B
and C) are shown in Figure 7 below.
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Training API predicted, Testing API predicted and Validation API predicted
(a)

(a)

(a)

(b)

(b)

(b)

(c)

(c)

(c)

fall around 59%, 55.6% in 2009, 63% in 2010 and 55% in 2011 [12].
In Malaysia, air is polluted from both point source and non-point
non point sources. The mobile

sources originate by northeast and southwest monsoon wind.
Figure 7: Scatter plot diagram for predicting API during training, testing and validation (a) model
A (b) model B and(c) modelC..
affecting the API value followed by PM10. Based on
the source category apportionment, the API value
is influenced by 92% gas and secondary
s
pollutants
and 8% gas and meteorological condition using a
combined ANN/PCA scores after varimax rotation.
However, the selection of the best input
combination and modeling the percentage
contribution of pollutants makes ANN an
important tool for air pollution modeling, decision
making, problem solving and environmental
management.

CONCLUSION
In this study, different input combinations were
tested in order to determine the best model for
predicting API using MLP-FF-ANN.
ANN. All the models
were able to predict API beyond 50% but still
apparent to note that any reduction or
compromise in the number off input variables from
the original will limit the prediction capability of
MLP-FF-ANN.
ANN. Both model A and B gave a very
reliable prediction using seven input variables but
still show that the best combination for predicting
API is model A. PCA revealed that the major source
of air pollution within the study area are mostly
induced
anthropogenic
emission
from
automobiles, industrial activities, power plants,
biomass burning, air and sea ports.
The percentage contribution of individual
pollutants and source apportionment
pportionment was achieved
using the leave-one-out cross-validation
validation method. It
shows that O3 is the most significant parameter
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