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ABSTRACT

This paper describes the application of principal component analysis (PCA) and artificial neural network (ANN) to pre-
dict the air pollutant index (API) within the seven selected Malaysian air monitoring stations in the southern region of
Peninsular Malaysia based on seven years database (2005-2011). Feed-forward ANN was used as a prediction method.
The feed-forward ANN analysis demonstrated that the rotated principal component scores (RPCs) were the best input
parameters to predict API. From the 4 RPCs, only 10 (CO, O3, PM;y, NO,, CH4, NmHC, THC, wind direction, humidity
and ambient temp) out of 12 prediction variables were the most significant parameters to predict API. The results
proved that the ANN method can be applied successfully as tools for decision making and problem solving for better
atmospheric management.

Keywords: Air Pollutant Index (API); Principal Component Analysis (PCA); Artificial Neural Network (ANN);
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1. Introduction highly urbanized areas [2]. Mobiles, stationary and trans-
boundary sources are the major sources of air pollution in
Malaysia [3,4]. Mobile sources include motor vehicle, are
the main sources of air pollutants in Malaysia [4,5]. The
stationary sources within the study area are coming from
the emissions of urban construction works, quarries, pet-

rochemical and power plants [6]. The uncontrolled wild-

main subj@ct that has been. adversely affecting human fires, earthquake and volcanic eruption from neighbour-
health? agricultural crops, anlmals. ar.ld ecosystems. It can ing countries are the examples of trans-boundary sources
unavoidably cause damages to buildings, monuments and within the study area [4,7].

statues. Moreover, not only it reduces visibility; it even
interferes with aviation.

The rapid industrial development and urbanization in
the southern region of Peninsular Malaysia have contrib-
uted to high levels of atmospheric pollutants to the envi-
ronment. The problems of severe air quality exist in

Nowadays, air pollution becomes a major environmental
issue throughout the world. Sudden occurrences of high
concentration of vehicular and industrial exhaust emis-
sions are the episodes of air pollution in the urban areas
[1]. With the rapid economic growth, air pollution is the

Symptoms such as eye and skin irritation, nose, throat,
headache, fatigue, dizziness, and difficulty in breathing
are general of health effect experienced by human due to
poor air quality [8]. Worldwide, there are more deaths
from indigent air quality than from automobile accident
[9]. The particulate matter under 10 microns (PM;,) and
“Corresponding author. ground-level ozone (O;) are the most pollutants that in-
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fluence human health [10,11].

Air pollutant index (API) has been used as an indicator
of air quality in Malaysia since 1989 [4,12]. Five criteria
of air pollutants—ground level-ozone (Os), carbon mon-
oxide (CO), nitrogen dioxide (NO,), sulphur dioxide
(SO,), and particulate matter under 10 microns (PMo)
were used as API calculation. The highest value of the
individual sub-index is taken as the API value [5,12].
The API values are used to advise or caution the public
in lieu of health effects [13].

The air-quality prediction is important for planning,
proper actions and controlling strategies. Due to the con-
cern, artificial neural network (ANN) has been applied
for prediction purposes, especially on air quality [14,15].
The ANN can be used to evaluate the predictive per-
formance [16-20], and gives a better performance com-
parable to other models [21]. Unlike other techniques,
ANN is capable in the recognition of non-linear patterns
between the variables and complex patterns in data sets,
which are not well described by simple mathematical
formulae [22]. The ANN can be trained accurately when
presented with a new data set [23-25].

STRAITS OF MELAKA

PENINSULAR MALAYSIA

This study aims to classify variables’ predictor by us-
ing the PCA method. This study also aims to predict API
in the Southern Region of Peninsular Malaysia uses the
varimax factors data, generated by the PCA method as
input variables in ANN models.

2. Materials and Methods
2.1. Study Area

In this study, seven air monitoring stations were selected
due to located within the area of industries and high
population density, and known as the most developed
area in Malaysia. Figure 1 and Table 1 illustrate the
air-quality monitoring area and the description of sam-
pling stations. The stations were identified based on the
availability of data for the seven years of the period
(2005-2011). The daily traffic density is classified as
moderate to high and the peak periods found during
morning and evening. There is no major natural disaster
(such as typhoon, volcanic eruption) was occurring in
these areas, which make the air-quality monitoring in the
southern region of Peninsular Malaysia is under control.

SOUTH CHINA SEA

Figure 1. Location of continuous air quality monitoring stations in the Southern Region of Peninsular Malaysia.
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Table 1. Detail description of air quality monitoring stations of the study area.

Station ID Location State Latitude Longitude
STO1 SM Pasir Gudang 2, Pasir Gudang Johor NO1° 28.225 E103° 53.637
ST02 Bukit Rambai Melaka NO02° 15.510 E102° 10.364
ST03 Taman Semarak (Phase 2), Nilai Negeri Sembilan NO02° 49.246 E101° 48.877
ST04 SM Vokasional Perdagangan, J. Bahru Johor NO01°29.815 E103° 43.617
STOS SM Tun Tuah, Bachang Melaka NO02° 12.789 E102° 14.055
STO06 SM Ismail 2, Muar Johor NO02° 03.715 E102° 35.587
STO07 SM Teknik Tuanku Jaafar, Seremban Negeri Sembilan NO1° 29.068 E103° 41.064

2.2. Data Pre-Treatment

In this study, the prediction model was developed using
232,505 datasets (13 parameters x 17,885 observations).
The recorded data were provided by the Air Quality Di-
vision, Department of Environment Malaysia. The air
quality and meteorological parameters used in this study
are carbon monoxide (CO), nitrogen dioxide (NO,), me-
thane (CHy), ozone (Os), sulphur dioxide (SO,), non-
methane hydrocarbon (NmHC), total hydrocarbon (THC),
particulate matter under 10 microns (PM;,), wind direc-
tion, wind speed, ambient temperature and humidity.

Less than 3% of missing data were found from the
overall data and then the nearest neighbour method was
applied for estimation of missing values [26] based on
the endpoints of the gaps using Equation (1):

. X, — X
y=y,if xsxl+%

or

y:yzifx>x1+X2;X1 (1)

where Y is the interpolant, X is the time point of the in-
terpolant, y, and X; are the coordinates of the starting
point of the gap, and Yy, and X, are the endpoints of the

gap.

2.3. Principal Component Analysis (PCA)

In this study, PCA was performed to generate the princi-
pal components (PCs) and used as input variables in the
API prediction model using ANN approach. The PCs can
expressed as Equation (2):

Zy =8, X Ta,X; + X 2)

im *mj

where z is the component score, a is the component
loading, X is the measured value of the variable, i is the
component number, j is the sample number, and m is the
total number of variables.

The PCs generated by the PCA is advisable to rotate
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using varimax rotation due to not readily interpreted
[4,12]. Only the PCs with eigenvalues more than 1 are
considered significant in the varimax rotations analysis
[27] in order to obtain new groups of variable (varimax
factors, VFs). The number of VFs from varimax rotations
is equal to the number of variable in accordance with
common features and can include unobservable, hypo-
thetical, and latent variables [28]. The VF coefficient
with absolute values greater than 0.75 is selected due to
having significant factor loadings [29]. The analysis of
PCA was implemented using XLSTAT 2013 add-in
software.

2.4. Artificial Neural Network (ANN)—API
Prediction Model

Artificial Neural Network (ANN) is an information pro-
cessing unit analog to the neuron network in biological
system [30]. ANN has the ability to learn complex pat-
terns of information and generalize it for the prediction,
classification and clustering activities [31]. ANN is
widely known as the method to provide better predicting,
which the results are depending on the use of a large
number of inputs [32]. ANN also can be used to learn
future predicting events based on the patterns that have
been observed in the historical data, to classify unseen
data into pre-defined groups which it based on the ob-
served characteristics, and it was able to cluster the data
into natural groups based on the similarity of characteris-
tics in data [31].

In this study, feed-forward ANN (supervised models)
was used for prediction purposes and to determine the
most significant parameters affecting API values. This
technique only forwards information transfer but no
feedback information [33]. This model consists of three
layers, known as the input layer, hidden layer and output
layer. The total numbers of input (independent test set)
and hidden layer were determined by the nature of the
problem to the research and has been varied depending
on predicting horizon, whereas the output layer (de-
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pendent test set) has a single node [34]. A total of 17,885
data sets were used in this analysis. For developing the
ANN model, the data were divided into three sets: 60%
of the data for the whole training set (10,731 data), fol-
lows with 20% of the whole data for testing, and valida-
tion set (3577 data) respectively [8].

Three different feed-forward ANN models were de-
veloped with different input variables—Model A (this
model was developed based on the original raw data,
twelve parameters), Model B (this model was developed
based on the twelve PCs without varimax rotation) and
Model C (this model was developed using factor scores
of rotated (varimax rotation) PCs with eigenvalues
greater than 1 as input variables). For the Model C, pre-
diction of the API was performed using two to four ro-
tated principal components (RPCs), separately. The net-
work structure for the feed-forward ANN model was
presented in Figure 2.

Trial-and-error procedure between one to twelve hid-
den layers in the network structure was examined in or-
der to approximate any nonlinear function with any level
of accuracy and it was used to search the best model for
prediction of API values. Based on theoretical studies, a
network with a small number of nodes shall probably
fail to learn the data, while too many nodes shall fate-
fully over fit the training patterns in the network and
give a poor generalization performance’s result, espe-
cially when dealing with noisy data in predicting prob-
lems [32].

There are two different criteria that have been used to
evaluate the effectiveness of each network and its ability

!

12 selected raw air quality parameters as an input
Principal Component Score after varimax rotation.

to make precise prediction [35], namely correlation of
determination (R?) and root mean square error (RMSE).
The R? efficiency criterion is expressed as Equation (3):

R? ZI_Z(Xi_Yi)2

-_— 3)
2
2 DV
zyi n
While, the RMSE is calculated using Equation (4):
1 n 2
RMSE=\/—Z—. (6=¥) “)
n~i=

where X; denotes the observed data, y; is the predicted
data and n is the number of observations and representing
the percentage of the initial uncertainty which explained
by the model.

Here, the lower of RMSE (RMSE = 0) and the highest
of R?*(R* = 1), the more accurate the prediction is [34].
Then, the predicted values of ANN models were com-
pared each other to obtain parsimonious model (a model
that depends on as few variables as necessary) for API
prediction. The ANN models were performed using
JMP10 software, which this tool offers flexible and easy

to apply.
3. Results and Discussion

3.1. Predicting of the APl Using Feed-Forward
ANN Model

From the PCA result, out of the twelve principal compo-
nents (PCs) generated, only four PCs with eigenvalues

API

Input Layer

Hidden Layer |Output Layer

Figure 2. Example of feed-forward ANN model network structure of this study.

Open Access

JEP



Feed-Forward Artificial Neural Network Model for Air Pollutant Index Prediction 5
in the Southern Region of Peninsular Malaysia

greater than 1 was selected for the feed-forward ANN
input selection parameters representing 69.8% of the
total variance (Table 2). The results of the four rotated
PCs (RPCs) from the loading of PCA are given in Table
3. Ten variables with strong loadings (noted in bold)
were included in four selected RPCs.

Table 4 and Figure 3 show the prediction perform-
ance of feed-forward ANN models for forecasting API
using different combinations of PC scores as input vari-
ables. In the Model A (original raw parameters as inputs),
the optimum neuron in the hidden layers was eight neu-
rons. The R? values of training, testing and validation are
0.694, 0.695 and 0.724 respectively. The results pro-
duced by RMSE for training, testing and validation are
7.915, 7.943 and 7.941 respectively.

In the Model B (twelve principal component scores as
inputs), the three layer network was used with twelve
neurons in the input layer, eleven neurons in the hidden
layer and one neuron in the output layer with 100%
variation, which explained the R? values of training, test-
ing and validation are 0.714, 0.749 and 0.736 respec-
tively. Meanwhile, the RMSE values of training, testing
and validation for the Model B are 7.574, 7.151 and
7.562 respectively.

Table 2. Descriptive statistics of selected original PCs.

PC1 PC2 PC3 PC4

Eigenvalue 3.142 2.607 1.580 1.043
Variability (%) 26.186 21.726 13.170 8.695
Cumulative % 26.186 47911 61.081 69.777

Table 3. Rotated factor loadings using four PCs.

Variables RPC1 RPC2 RPC3 RPC4
CcO 0.08 0.77 —-0.09 0.24
O; —0.12 0.76 0.28 —-0.09
PM, 0.11 0.78 0.18 0.00
SO, 0.07 0.55 —0.11 0.30
NO, 0.09 0.85 —0.16 0.01
CH, 0.93 0.01 —-0.13 —0.11
NmHC 0.86 0.11 0.00 0.18
THC 0.98 0.02 —0.11 —0.04
WIND SPEED —-0.09 —0.08 0.65 —-0.19
WIND DIR —0.02 0.07 —0.03 0.90
HUMIDITY 0.14 —0.02 —0.86 0.12
AMBIENT TEMP —0.16 0.02 0.75 0.31

Open Access

In the Model C, three types of ANN sub-models were
developed. For each sub-models, the optimum neuron in
the hidden layer was seven neurons. The feed-forward
ANN model using the first two RPCs (RPCI1 and RPC2)
as input neurons indicates it does not perform well for
the training, testing and validation phases with the cu-
mulative percentage explaining only 47.9% variation.
The R* values for training, testing and validation are
0.270, 0.347 and 0.360 respectively. Furthermore, the
RMSE values of training, testing and validation for the
two RPCs are 11.960, 11.637 and 11.553 respectively.
The second sub-model of feed-forward ANN in Model B
uses three RPCs (RPCI1, RPC2 and RPC3) as input pa-
rameters. The cumulative percentage of this sub-model
showing the variance given by three RPCs is 61.1% with
the values of R? are 0.317, 0.399 and 0.372 in training,
testing and validation respectively. The results produced
by RMSE are 11.587, 11.119 and 11.896 for training,
testing and validation respectively. From the results, the
highest accuracy in predicting API is given by the third
sub-model of feed-forward ANN, which contains four
RPCs (69.8% of variation) with R* value of 0.357, 0.394
and 0.404 for training, testing and validation respectively.
While, the RMSE values of training, testing and valida-
tion for the four RPCs are 11.269, 11.163 and 11.494
respectively. Based on the three sub-models, it is clear
that the API prediction performance increases with the
increase in the total number of input variables.

From the observations, the prediction performance of
the feed-forward ANN model using four RPCs has sig-
nificantly different from the original raw parameters and
twelve PCs. However, the feed-forward ANN model
from four RPCs is a better input due to use fewer vari-
ables (ten parameters) than the Model A and Model B
(twelve parameters).

3.2. Comparative Performance of Feed-Forward
ANN for Model A, Model B and Model C

Figures 4(a)-(c) demonstrated the performance of the
feed-forward ANN model based on actual API and pre-
dicted API using original raw data parameters (Model A),
twelve PCs (Model B) and four RPCs (Model C) input
selection. The models illustrate how network perform-
ance changes over the range of API values. Based on the
Figures 4(a)-(c), Model C shows the “best result” com-
pares to Model A and B for training, testing and valida-
tion data set due to the majority of predicted data is not
significantly different from actual data. Although the R?
values of training, testing and validation set for Model A
(0.694, 0.695 and 0.724 respectively) and Model B
(0.714, 0.749 and 0.736 respectively) are more accurately
than Model C (0.357, 0.394 and 0.404 respectively), but
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Table 4. The prediction performance of feed-forward ANN models.

R? RMSE
Input data Network
Training Testing Validation Training Testing Validation
Model A [12,8,1,1]
0.694 0.695 0.724 7.915 7.943 7.9411
(original raw) (12 parameters)
[12,11,1,1]
Model B 0.714 0.749 0.736 7.574 7.151 7.562
(12 PCs)
[2,7,1,1]
0.270 0.347 0.360 11.960 11.637 11.553
(2 RPCs)
[3,7,1,1]
Model C 0.317 0.399 0.372 11.587 11.119 11.896
(3 RPCs)
[4,7,1,1]
0.357 0.394 0.404 11.269 11.163 11.494
(4 RPCs)

"Note: Square brackets [a, b, ¢, d] indicates ANN structure, a is the number of input nodes, b is the number of hidden nodes, ¢ is the number of hidden layers

and d is the number of output nodes.

Training Testing Validation
T T 440
1704 1704 4003
150 150 3609
1307 1307 . 3204
2 e =4 e < k] «
g 1ol g o3 £ 2l
© 1 (] 1 = E
g goE = 903 g 200
T 70§ % 709 T 1604
E E < El
50 N 50 1203
309 Al 309 .3 . igi
P Py 1.
1OTTTTTTTTTTTTTTTTT 10TTTTTTTTTTTTTTTTT OTTTTTTTTTTTTTTTTTTTTT
102030405060708090 110 130 150 170 102030405060708090 110 130 150 170 020 60 100 140 180 220 260 300 340 380 420
API Training Predicted API Testing Predicted API Validation Predicted
(a)
1709 1709
150 150
_ 1307 1304 -
% 1104 % 1104 <
o E o k! o
£ 904 £ 904 ©
£ B 2 | =
= 703 it 703 §
50 50
4 ‘ol 4
304 S 304
1 AAET 3
e el it :
10TTTT‘TTTTTTTTTTTTT 10TTT-TTTTTTTTTTTTTT OTTTTTTTTTTTTTTTTTTTTT
102030405060708090 110 130 150 170 102030405060708090 110 130 150 170 020 60 100 140 180 220 260 300 340 380 420
Training API Predicted Testing API Predicted Validation API Predicted
(b)
1704
150
_ 1309 -
o T 5
& % 1104 :
j=J o - o
£ £ ooy 3
= 7] = k=]
[ O 704 - " =
= = E y g
- 509 .
- 30 :
104 . T O T T T

L o o
102030405060708090 110 130 150 170
Training API Predicted

LB B Ea o
102030405060708090 110 130 150 170
Testing API Predicted

020 60 100 140 180 220 260 300 340 380 420
Validation API Predicted

Open Access

©

JEP



Feed-Forward Artificial Neural Network Model for Air Pollutant Index Prediction 7
in the Southern Region of Peninsular Malaysia

- 440
170: . 170: - 400
150: o 150 36
1307 130 g 2
T E — g
< 1109 T q10d < 280
o > § 240
L . e 5 2w
° = 3 ] 2
= 703 . e 707 5 160
o il >
507 . 50 - 120
307 . 307 . 3 23
103 CEEY 104 T Y 0
L L L L B I e | T T rrrrrrrrrrrrrrrrereT UL L M N L L L
102030405060708090 110 130 150 170 102030405060708090 110 130 150 170 020 60 100 140 180 220 260 300 340 380 420
Training API Predicted Testing API Predicted Validation API Predicted
(d)
4407
1703 1704 4007
150: 150 360
1307 1304 - 320
% 110 % 1104 " . < 280:
2 3 o ] . § 2403
£ 93 £ 903 % § 200
2 707 2 70 . s 1604 i
4 - .o‘ >
50 4 504 ; 1203
307 309 o jgi 3
E Ay g E
104 A 104 il 3 i,
T r T rrrrrrrrrrrTrTrTrT T T TrmrrrrrrrrrrrrrrrrrtrrrereT T T T
102030405060708090 110 130 150 170 102030405060708090 110 130 150 170 020 60 100 140 180 220 260 300 340 380 420
Training API Predicted Testing API Predicted Validation API Predicted

©

Figure 3. Scatter plot diagram of the prediction performance (actual by predicted plot) for different combination of PC

scores during training, testing and validation phases: (a) Original raw data; (b) 12 original PCs; (c) 2 RPCs; (d) 3 RPCs; (e) 4
RPCs.

200
150
a1 —_—
% 100 API
50 Predicted API (Original Raw)
Predicted API 12PCs
0 Predicted APT 4RPCs
— 0N AN NOI-F 0V AN O N O~ <
N> <o AN O N-OFTO—1n NN OO
N OO =0 AN~ ANOONAANTAANNMOWNVN —0OA
—— AN NN NN N OO0 00NN O
No of observations
(@)
160
140
120
100
[
S 80 —— API
60 Predicted API (Original Raw)
38 Predicted API 12PCs
0 Predicted API 4RPCs
—_ <t O N OO ANWNO—FTI-NON O N O —
OC AN N > FT OO NIV AT OINnOY O
—en<t oo — NT O —~ANTO>ONO AN T
Ll B B B B o\ B o\ B o\ B o\ B o\ Bl o\ R e o Wi s o Wi o 0
No of observations
(b)

Open Access JEP



Feed-Forward Artificial Neural Network Model for Air Pollutant Index Prediction

in the Southern Region of Peninsular Malaysia

500
450
400
350
300
250
200
150
100

50

API

— APIL
Predicted API (Original Raw)
Predicted API 12PCs

Predicted API 4RPCs

979
1142
= 1305

3424

©

Figure 4. Graphs show measured and predicted API for 12 parameters (original raw) feed-forward ANN model, 12 PCs
feed-forward ANN model and 4 RPCs feed-forward ANN model for (a) Training; (b) Testing; (c) Validation phase.

the Model C uses fewer variables and is far less complex
than Model A which the advantage over this model.
Therefore, it proved that the feed-forward ANN archi-
tecture is able to predict API values from all available
inputs with negligible precision.

4. Conclusions

In this study, a combination of PCA and ANN method
was used to predict API based on 12 historical air quality
parameters. The original raw data were used as a refer-
ence of predictor. Two different approaches were used:
un-rotated original PCs (twelve original PCs) and vari-
max rotated PCs in order to obtain the latent variables as
feed-forward ANN inputs.

The findings show that the feed-forward ANN model
from twelve original PCs (Model A) as input gives high
value of R%. However, the Model B (un-rotated twelve
PCs) gives better in prediction compared to the Model A
in term of R? value. Using four PCs, the significant load-
ings for this study are known as CH,, NmHC, THC, CO,
0;, PM;y, NO,, humidity, ambient temperature and wind
direction. Although, the prediction performance of the
Model C (the model based on these 10 PC scores) is
lower than Model A and Model B, but the models can
predict the API within acceptable accuracy. It means that
the use of rotated PC scores based models is more effi-
cient and effective due to reduction of predictor variables
without losing important information. It has also proved
that these RPCs-ANN models are absolutely very useful
tools in helping decision making and problem solving for
better atmospheric management of the local environment.
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