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Abstract—An artifical neural network (ANN) has 

been modeled for the classification of Agarwood 

region. The target regions were from Melaka, 

Pagoh, Super Pagoh, Ulu Tembeling and Indonesia. 

The data analysis using Principal Component 

Analysis (PCA) was done to find significant input 

selection from 32 sensors of the E-nose and to 

recognize pattern variations from different number 

of Agarwood samples as inputs to ANN training. 

The network developed based on three layers feed 

forward network and the back propagation learning 

algorithm was used in executing the network 

training. Five input neurons, two hidden layer sizes 

and one output neurons were found to be the 

optimized combination for the network. The 

experimental results reveal that the proposed 

method is effective and significant to the 

classification of Agarwood region. 

 
Keywords-component; Agarwood, Classificastion, 

ANN 

I. INTRODUCTION  

SSENTIAL oils produced previously and 
currently containing volatile aroma 

compounds   from   numerous   plants.  One   of   
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the local plants found in Malaysia is Agarwood 
plant. In [1], Agarwood is a fragrant wood that 
is usually derived from the diseased timber of 
the genus Aquilaria (Thymelaeceae). Hiroaki 
et. al [2] reported  that a good quality 
Agarwood is widely used as incense  while the 
low quality ones are used for essential oil 
extraction [2-3]. Agarwood is traded worldwide 
in significant volume and its quality very much 
depending on the wood resin content, aroma 
and origin mainly from Agarwood producing 
countries such as Malaysia, Indonesia and India 
[3-4].  Several  medication  benefits  of   Gahar 
u  has  been found recently. Two of the benefits 
are a pharmacological effect   on   the  central  
nervous  system   achieved  by  oral 
administration or abdominal injection 
previously  and human health [5-6].There are 
two ways generally employed for plants’ 
detection or measurement of their associated 
properties [7-26]. There are either by 
examining the plants’ chemical constituents or 
by direct evaluation of the plants’ physical 
characteristics. Human beings can identify 
volatile component based on smell, touch, 
vision and test. It also gives many advantages to 
a robot application to operate in a human world. 
A humanoid robot could use its sense of smell 
to help identify food items and to assess their 
freshness [27]. 

One of the methods to sense and record odor 
based on chemical detection is through Gas 
chromatography (GC) [27]. The derivatives GC 
instrument is gas chromatography/mass 
spectrometry (GC/MS) is commonly to separate 
and analyze liquid samples [23] and gas mixture  
[23-24]. One of the applications of GC/MS is in 
detecting drug odor. However, GC/MS was 
limited as an analytical tool for this application 
for two reasons. First, since the thresholds for 
odors are often very low (parts per billion) 
(Dubois, 1976), there was not enough chemical 
mass in a given canister to identify the offending 
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agents. Second, lot-to-lot variations in the product 
precluded precise identification of the off-odor 
producing chemical components [7]. Similar way 
as man extracts overall feature from an odor, 
instead of analyzing the chemical composition of 
an odor as GC/MS does [10]. This type of sensing 
requires two major processes for identification, 
extraction process and separation of essential oil 
components using GC/MS. 

Alternatives to chemical-based detection, the 
physical of plant can be identified using a non-
destructive experiment. This type of identification 
can sense the physical of the wood directly 
without physical damage. One of the techniques 
can be done using image recognition [28-29]. 
However, image recognition has drawbacks 
during complex weather and lighting condition 
whereby few techniques could do the work. 
Another technique that does not involve chemical 
composition identification is an electronic nose 
(e-nose). E-nose is able to detect odor in 
numerous application such as in medication [7, 
13], quality of portable water [8], classification of 
reagents, liquor and perfumes [30], food quality 
monitoring [9], virgin olive oils [10], fruits [11], 
hazardous [12], plant malaise detection [14], 
organic compound [15], adulteration of Virgin 
Coconut Oil [17] and basal stem rot detection 
[18]. It consists of an array of sensors [7-8]. E-
nose is used as an alternative to instruments, such 
as liquid chromatography or optical microscopy 
[8]. The range of e-nose applications include 
sewage [31], grading identification of tea [32-33], 
biodiesel [34],  bacteria research [35], chemicals 
[19, 36-37], flavor discrimination [38], fragrance 
[39-40], water quality [8, 41-42] and also spoiled 
beef classification [43]. In many applications,   
several methods were employed in E-nose as 
inputs to classification, i.e., Principal Component 
Analysis (PCA) [18], Discriminant Factor 
Analysis (DFA) [11] and also ANN [22, 40]. 
Interestingly,  it is reported that in [40], the 
results of discriminating different brands of 
cigarettes odors employing ANN has shown better 
results than direct discrimination process from the 
E-nose. There are various specifications of e-nose 
available in the market for wide range of 
applications. However, as the results of e-nose 
application employed with e-nose is better [40] 
than direct discrimination process,  a vital step 
that must be taken into consideration is the data 
analysis and pre-processing or feature extraction 

techniques before employing the collected sample 
data into classifier as significant inputs. There are 
various feature extraction technique were 
identified that can be utilized such as Cluster 
Analysis (CA), Probabilistic Analysis (PA) [33], 
standard statistical tool such as mean and 
standard deviation [44-45], and PCA [31, 34]. 
The PCA value were extracted as the input [31, 
33-34, 46] for BPNN classification analysis in 
classification of sewage odors, grading 
identification of green tea, biodiesel, tea storage 
times for leaf sample, beverage sample and 
residue using e-nose. There are many e-nose 
standard models available in market.  

PCA was employed for feature selection in 
[18, 47-49] with slightly different results. In [47, 
50], there were only two particle components 
considered while in [18, 47-49], three particle 
components are significant. No result can be 
drawn as mentioned in [47, 49]. However in [48], 
the least correlated sensors were selected among 
the highly correlated sensors as the best 
representation. Another technique was 
implemented by Markom et. al [18] by taking the 
high coefficient value as the significant sensors. 
Instead of analyzing with several particle 
components, one principle component is sufficient 
enough to be examined by looking the total 
variance explained [51]. The high coefficient 
values were selected and directly employed to 
ANN which produced 100% classification rate as 
proven by Markom et. al [18].   

 

II. BACKGROUND THEORY 

A. Principal Component Analysis 

Principal component analysis (PCA) can be 
defined as a process of orthogonal transformation 
that involves a mathematical procedure 
transforming a vector of possibly correlated 
variables into a number of uncorrelated variables 
from the original dimensional space to a new 
space spanned by orthogonal principal axes. This 
transformation will result several number of 
uncorrelated principal components where the first 
principal components has as a high variance as 
possible that significantly contributing to the 
overall data variations. 

Let X denote an N x P data matrix, where N is 
the number of data samples, which can be 
regarded as N realizations of a P-dimensional 
random vector X, which has been normalized to 
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zero-mean and unit variance. PCA is a linear 
transformation, from R

P to an M-dimensional 
vector space, where M ≤ P. The optimal linear 
mapping in the least mean square sense is the one 
formed by the eigenvectors of the correlation 
matrix SX of X, where SX = (1/(N-1))X

T
X. Let Z 

denote the N x M transformed data matrix. The 
PCA transforms X to Z by the following equation: 
 
                         Z = XVM                  (1) 
 

where, VM, the P x M weight matrix, consists 
of M eigenvectors corresponding to the first M 
largest eigenvalues of the correlation matrix 
SX, or VM corresponds to the first M column 
vectors of matrix V, while V is obtained 
through singular value decomposition (SVD) 
of a scaled matrix T=1/((N-1)

1/2 
)X , i.e., 

T=UDV
T. Here, both U and V are unitary 

matrices, and D is a P x P diagonal matrix 
with nonnegative diagonal elements di in 
decreasing order. Note that the correlation 
matrix of Z is a diagonal, which is given by 
diag = {d1

2
,d2

2
,…}; i.e, columns of Z are 

mutually uncorrelated. Let x denote a row of X 
(one of the N samples, or one NAV), zj=xvj is 
referred to as the j-th principal component 
coefficient or score (or the j-th PC score). The 
column vectors vj of V is called the weight 
score of zj or the j-th feature vector. The 
minimum mean-square error due to dimension 

reduction is  . The best sensors 
selected from PCA were then applied into 
ANN [18] as input for classification process.  

 
B. Artificicial Neural Network (ANN) 

ANN plays an increasing role in various 
applications such as in plantation [18, 32], 
fragrance industry [52], and medication [13]. 
The ANN training requires very long task. It 
requires several repeated training sessions 
followed by an exhaustive process evaluation in 
order to select the training with the best result 
[53]. The ANN training can be categorized into 
two categories supervised and unsupervised 
learning. Supervised learning uses pattern 
classifier to relate specific class to specific 
sensor output while unsupervised learning does 
not require predetermined classes for training 
[36]. Artificial Neural Network (ANN) or 
Simulated Neural Network (SNN) is also called 

as Neural Network (NN) in general term. It is 
comprises of group of processing unit, which is 
modeled based on human neural network 
system. ANN is an adaptive system that can 
change its structure to classify a problem based 
on external or internal information flowing via 
neural network. ANN can also be categorized as 
a non-linear modeling instrument. ANN can be 
used to model complex input and output 
network so that there exist several connections 
between nodes of the data. Nerve is a type of 
tissue. The nerve tissues composed of two cells, 
neurons and glials. The function of neurons is 
to transmit messages to cell body. Whereas, 
glials is a cell having a direct contact surround 
the neurons. The idea of neural network 
development was established based on 
biological neurons. The biological neurons 
shows in Fig. 1 grant a model for computation. 
There are several major elements in biological 
neurons that are connected to each other which 
are dendrites, axons and synaptic terminals. 
Mathematical term of dendrites is equivalent to 
inputs, axon is an output or signals transmitter 
and a terminal that connects to dendrites of 
other neurons is called synapse. Signals to the 
dendrites (inputs) or in another term called 
receiver generates an electrical pulse conducted 
along the axon (outputs). The propagation of 
electrical pulse from input via outputs to 
synapses is a complete process of neural 
network. A feed forward NN is made up of one 
or more neurons layer interconnection between 
input layer, hidden layer and output layer as 
shown in Fig. 1. Depending on the network 
structure design, there are a number of nodes in 
each layer connected to other nodes in the other 
layer. The arrangement of the lower nodes is 
then connected to the other nodes in the other 
layer. The propagation of information flow in 
single direction from input to the neurons 
output layer in the network training.  Inputs are 
received by the input layer, which performs as a 
data distribution centre and fans out the inputs 
to the first hidden layer. Each hidden layer will 
first activate and transform the data before 
propagating them to the next layer. This 
process is repeated through each hidden layer 
until finally all of the outputs from the last 
hidden layer will be reunited in the output layer 
to produce the network outputs. For the case of 
one hidden layer as shown in Fig. 1, the data, 
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which is activated and transformed by the 
hidden layer, will be forwarded to the output 
layer immediately. A hidden layer is so-named 
because the network can be regarded as a black 
box with inputs and outputs that can be seen but 
the hidden layers cannot be seen. This network 
is very powerful and has been shown in many 
cases the ability to learn any arbitrarily complex 
and non-linear input-output mapping. It also 
has a capacity much greater than the 
dimensionality of its input and output layers.  
 

 
 
 
Consider a single hidden layer feed-forward 

network in Fig. 2. 
 

 
 

In this network there are u  input neurons, r  
hidden neurons and v  output neurons. The 
propagation of the inputs to the hidden layer 
can be described as follows: 

 

































































=





















0

0
2

0
1

1
2

1
1

1
2

1
23

1
22

1
21

1
1

1
13

1
12

1
11

1

1
2

1
1

urr

u

u

r x

x

x

ww

wwww

wwww

f

x

x

x

M

LLL

MMMMM

L

L

M

 (2) 

Where 0
jx , uj ,...,2,1= is the number of 

input neurons, 0
ix , ri ,...,2,1= is the number 

of hidden neurons, 1
ruw  is the weights between 

the input and the hidden layers,f is the 
activation function of the hidden neurons, and r 
and u are the size of the hidden and the input 
layers respectively. f  is a non-linear transfer 

function makes an ANN highly flexible for 
adjusting weights and biases to different 
learning situations in order to capture the non-
linear features underlying input-output data. 
The sigmoidal function, f , is represented as: 

 

xe
xf

−+
=

1

1
)(                   (3) 

 
In many cases, biases are also included in the 
network in order to increase the efficiency during 
network training. By incorporating the bias units 
in the hidden layer, Equation 2 can be rewritten 
as: 
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Where rb  are the biases.  

 
This shows that the outputs of the network 

can be expressed as deterministic functions of 
the inputs, and the whole network represents a 
multivariate non-linear functional mapping. 
Simplifying Equation 3 gives:  

 









+= ∑
=

u

j

ijiji bxwfx
1

1      (5) 

 
where ri ,,2,1 L=  and uj ,,2,1 L= . 

The output of the i th hidden neuron is 
obtained by first froming a weighted linear 

 
Fig. 2.  Multilayer Multilayer feed-forward network structure 
for general hidden layer. 

 
Fig. 1.  Multilayer feed-forward network structure for general hidden 

layer. 
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combination of the n  input values, followed by 
the addition of a bias and transforming the total 

with the activation function, f . 

The output of the hidden neurons will be 
propagated to the neurons in the output layer. 
Traditionally, the characteristics of the neurons 
in the output layer are taken to be the same as 
that for the hidden layer, but this will limit the 
dynamic range of the output neurons to be less 
than 1.0. Since in practical applications the 
dynamic range of the output may be greater 
than 1.0, the activation function of the output 
neurons can be set to linear. Thus the outputs of 
the forward propagation of the hidden layer 
neurons to the output layer can be calculated as: 
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 (1.6) 

 
Where 

vŷ , vi ,...,2,1=  is the output 

neurons, 2
vrw  is the weight that connects the 

hidden neuron and output neurons and v  is the 
output layer size. Given that the activation 
function is linear, e.g. set to 1.0, then the 
outputs of the network is similar to the output of 
the neurons in the output layer. Thus, using 
equation 10, the prediction of the i th neuron in 
the output layer is obtained by: 

 

∑
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Where vi ,,2,1 L=  and rj ,,2,1 L=  

 
Combination of equations 4 and 5, provide an 

explicit expression for the complete function 
represented by the network with a single hidden 
layer in Fig. 2 can be realized in the form: 
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1
ijw , 1

jkw  and 
jb  the adaptive variables 

to be optimized and their values are changed 

many times during the network training 
process. 

If we let [ ]T

n θ
θθ ...1=Θ  represent all of 

the unknown weights and biases of the 
network where 

θn  denotes the dimension of 

the parameter vector Θ  and is defined as 

vrrnn ×++= )1(θ
, then the network in 

Equation 6 can be represented as a function 
of Θ : 

,)(ˆ
1 1

11∑ ∑
= = 






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+=Θ
r

j

u

k

jkjkiji bxwfwy    (9) 

Where vi ≤≤1  
ANN modeling can be used in many way of 

training method. Several training method in 
ANN were introduced including Radial Basis 
Function (RBF) [54], Counter Propagation 
Network (CPN) [55-58], Recursive Prediction 
Error (RPE) [59-61], Kohenen Network [62-
63], Porbablistic Neural Network (PNN) [64-
66]. Another training algorithm method that is 
famously used is Backpropagation Neural 
Network (BPNN).  There several interesting 
research which employed BPNN in ANN 
training in several classification such as in 
mechanical failure [67], study on customer [68], 
sugarcane spot [69] and [70]. In this work, 
BPNN training algorithm is employed in the 
multilayered perceptron network (MLP) 
architecture. This method can be described by 
well-defined and explicit set of equations for 
weight corrections. These equations are applied 
throughout the layers, beginning with the 
correction of the weights between hidden and 
output layers and then moving backwards to 
correct the weights between the input and 
hidden layers. 

The Backpropagation method was well 
described based on the assumption that all 
weights in a given network contribute to some 
portion of the output error, and that weight 
corrections should be proportional to the output 
error contributed by each weight. The weight 
updating or network learning is based on the 
definition of a suitable error function to be 
minimized with respect to the weights and 
biases of the network. Consider the sum-
squared error function below: 
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( )2
ˆ

2

1
∑ −=

i

ii yyJ                       (10) 

 

Where 
i

y  is the desired output and 
i

ŷ  is the 

calculated output produced by the ANN. The 
goal here is to find a procedure for evaluating 
the derivatives of the error function with respect 
to all adaptable parameters. In this case (the 
steepest descent approach), the parameter 
vector Θ  is adjusted using the increment 
vector [ ]

θ
θθθ n∆∆∆ ...11

 defined along 

the negative gradient direction of J, i.e. 

 

J
J
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i ∇=
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Although the one-hidden-layer-model is used 
in the present application, it is useful to derive 
the gradient of J  for the general case and the 
result for the one-hidden-layer model can be 
readily be obtained as a special case. The 
application of the chain rule can be written as 
follows: 
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where ...1,0=l  is the layer’s number 

 
Differentiating Equation 7 
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where l

iδ  is called the error signal of the i-th 

neuron in the l-th layer. From Equation 7,  
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Next consider the ( 1−l )th layer. Using the 
chain rule yields 
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By defining the error signal for the i th neuron 
of the ( 1−l )th layer as 
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Equation 18 can be rewritten as: 
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Similarly it can be shown that 
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By carrying this procedure, the following 
general results are obtained for 
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Equation 22 shows the error signal propagation 
backwards. The steepest descent minimization 
of the energy function defined in Equation 9 
produces the following increments for 
upgrading Θ  

1−=∆ k

j

k

iw

k

ij xw δη         (26) 

 
k

ib

k

ib δη=∆           (27) 

Where 

ii

l

i yy ˆ−=δ          (28) 

 

( )∑ ++=−
k

k

qi

k

q

k

i

k

i wzf 11' δδ       (29) 

Where 1,2,...,1−= lk  

 

The constant 
wη and 

bη  represent the 

learning rates (typically a number between 0 to 
1) for weights and biases respectively. In 
practice, a large value of the learning rate 
would be preferable because this would result in 
rapid learning. Unfortunately a large value of 
learning rate can also lead to oscillation or even 
divergence. To overcome this problem, a 
momentum term is usually included so that 
Equations 26 and 27 become: 
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ijw

k

j

k

iw

k

ij αδη    (30) 
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k
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Where 
wα  and 

bα  are momentum constants 

which correspondingly resolve the effect of past 
changes of )1( −∆ tw

k

ij
 and )1( −∆ tb

k

i
 on the 

current updating direction in the weight 

)(tw k

ij∆  and biases )(tb
k

i∆ . In essence, during 

each training cycle, the weight changes in the 
network are subject to the weight changes of the 
previous pass. These changes are determined by 
the momentum constant (typically it ranges 
between 0 to 1) . Time variable, ,t  is explicitly 

shown in Equations 30 and 31 to differentiate 
between the previous values and current values. 

 
In summary, the Backpropagation method 

corrects for weights and biases in the network 
according to  

 

)()1()( twtwtw k

ij

k

ij

k

ij ∆−∆=∆             (32) 

 

)()1()( tbtbtb k

i

k

i

k

i ∆+−∆=∆      (33) 

 
There are numerous application can 

employed with BPNN. One of the applications 
of BPNN is classifications in various fields 
[67, 71-72]. It can be initiated in two types, 
multiple classification and binary classification 
[73]. Binary classifications are defined in 
various ways such as one-aginst-all (OAA), 
one-against-one (OAO), direct acyclic graph 
SVM (DAGSVM), the hierarchical tree-based 
methods and error correcting output codes 
(ECOCS) methods [74]. Binary classification 
in neural network is more efficient as 
compared to multiple classification because 
weight output is compared by one node [73]. 
Implementations of binary classification found 
in neural network were introduced in several 
approaches. One of the approach introduced in  
[75]  is a mapping of the input element vector 
to the network output consisting of two classes. 
Another approach found in [76] is a pairwise 
binary classification, where n(n-1)/2 classifiers 
are created and n being the number of several 
classes. This technique can be applied to the  
classification of multiple input and single 
output. In order to measure the performance, 
three major algorithm have been implemented 
in [77] using metric precision, sensibility and 
specificity. This three analysis tools will be 
very effective tools to compare classification 
results. 

Therefore, this paper proposes a new 
technique, employing E-nose and artificial 
neural network (ANN), for detecting the origin 
of the Agarwood region. 

III. METHODOLOGY 

Fig. 1 explains the research design for ANN 
model design. The research comprises of two 
main experiments. The first experiment was an 
experimental setup and sample preparation 
process whereby the second one is the software 
part using ANN. Samples were collected from 
five identified regions (Super Pagoh, Ulu 
Tembeling, Pagoh, and Melaka)  in the form of 
unprocessed resin. The resins from each region 
were first validated by authorized Forest 
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Research Institutes Malaysia (FRIM) members. 
Samples of one kilogram per group were 
grinded into fine chips which is then divided 
into ten sample vials. A hundred gram for each 
sample set. Hence, all the sample sets from all 
regions contributed to 50 sample sets. Each 
sample set were filled in the several closed 
vials. The closed vials were ensured so that 
there were no leakages found for preventive 
procedure. The closed vials that were filled with 
grinded sample set were preheated in special 
heater in the constant temperature value 
of C

080 . All these steps were procedure were 
carried out at the controlled environment 
conditions at FRIM research lab laboratory. E-
nose and sample vials were connected with 
special tubes and pipes for sample inlet, purge 
inlet and exhaust. Before measuring the 
Agarwood, the E-Nose nozzle is inserted into 
flushing tube coming from nitrogen gas source 
(Fig. 3) to flush the measurement chamber of 
any contamination, this is repeated 10 times.  

For measurement, the tip of E-Nose nozzle is 
inserted through the septum of the closed vial 
(Fig. 3) and reading of the Agarwood odor will 
be monitored over 13 minutes. This procedure 
is repeated ten times and all readings are 
recorded by a PC in Microsoft Excel 2007 
spreadsheet format. Note that the readings are 
in terms of the resistant values of the E-nose 
sensors. Once the odor measurements have been 
completed, the readings are taken for an off-line 
signal processing using two platform, Microsoft 
Excel, MATLAB and SPSS software. The 
Microsoft Excel had been utilized to acquire 
data sensed by the Cyronose and convert it into 
*.CSV file while MATLAB package was 
applied as a platform to normalize the data and 
imported to SPSS software. This procedure 
consists of the following steps. The first step is 
data preprocessing where each readings are 
normalized. By defining the regional 
normalized data 

∑∑

∑∑

= =

= =
=

m

j

n

i

m

j

n

i

R

UND

UND

ND

1 1

1 1

)max(

, 1=R , 2, 3, … S  .(34) 

   Where, n is the number of row, m is the 

number of column, and R is the region number 
and S is the integer number of final region and 

UND is the un-normalized data. 

After that, they are analyzed statistically using 
SPSS so that the most significant sensor readings 
could be picked up for ANN applications. These 
sensors were selected based on number of sensors 
reduction process to find the most significant 
sensors of the total sensor arrays. In this work, 
Principle Component Analysis (PCA) was applied 
as the number of sensors reduction technique 
which is commonly employed with e-nose data 
signal processing [18]. PCA is an effective linear 
method for discriminating between the e-nose 
measurement different ranges of odors complexity 
[49]. After sensor selection was done using PCA, 
the pattern variations based on the selected 
sensors were represented in graphical 
representation in two and three dimension view. 
These representations are to show the variations 
influences of the significant selected sensors. 
Then, selected sensors were used as inputs to 
ANN model. Then, the significant sensor 
readings were arranged such that the training and 
validation data will be interlaced with the ratio of 
25:20 from 45 data sets. In MATLAB coding, the 
data sets were loaded from the excel CSV file and 
they were converted into MAT file.  

The training data was arranged such that the 
datasets of Melaka, Pagoh, Ulu Tembeling, Super 
Pagoh and Indonesia are in ascending order with 
each region is a set of (5 rows x 10 column) 
matrix dimension. For testing data, the output 
target (1, 2, 3, 4 and 5) respectively was arranged 
in a set of (4 rows x 1 column) matrix dimension 
with repeated number of output in each region. 
Half of these training and testing data were 
divided into fifty percent each using interlacing 
technique. Then, neural network simulation using 
BPNN was done using feed-forward method. At 
this initial stage, the ANN design parameters 
(hidden layer, learning rate and momentum rate) 
were randomly selected. Then the parameters 
were optimized beginning with varying hidden 
layer by fixing the other two parameters (learning 
rate and momentum rate) with the mean of 
squared error (MSE) had been the ANN model 
performance. After the optimization of the first 
parameter (hidden layer), this procedure was 
followed with the optimized hidden layer and 
fixed momentum rate and fixed learning rate. The 
last one is the final ANN design parameter with 
optimized hidden layer and learning rate with 
varying momentum rate. After decided the final 
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ANN design parameters, the model were used to 
classify the testing inputs. 

IV. RESULTS AND DISCUSSION 

 

 

Fig. 4 shows a sample measurement of the E-
nose 32 sensors array. It can be observed that 
each of the Agarwood exhibits almost similar 
pattern across the regions via direct observation. 
However, from the direct observation (Fig. 4), the 
readings of the Agarwood odor for regions (a, b, 
c, d and e respectively) are very difficult to be 
discriminated since it contributes greatly non-
unique patterns from sensor 5 (S5) to sensor 32 
(S32). The significant variance can only be 
observed at readings of sensor 3 (S3), sensor 4 
(S4) and sensor 5 (S5) respectively. The results 
obtained in that manner because the 
normalization was done without taking into 
consideration of the significant sensor array 
reading. However, the direct observation without 
statistical technique is not a conclusive 
discussion.  By applying the PCA analysis, the 
total variance explained shows only one principal 
component that can be examined and nine out of 

thirty two sensors were found significant based 
on their high PCA coefficient as tabulated Table 
1.  The selected sensors are S6, S8, S12, S13, 
S14, S16, S22, S27 and S32.  

TABLE I 
SENSOR SELECTIONS 

PCA Results 

Sensors Coefficient  

S8 0.000443 

S32 0.000495 

S16 0.000534 

S14 0.000625 

S27 0.000643 

S22 0.000870 

S6 0.000920 

S13 0.001307 

S12 0.001646 

S9 0.002274 

S21 0.002275 

S19 0.002509 

S17 0.002807 

S2 0.003111 

S10 0.003611 

S30 0.005087 

S20 0.005631 

S24 0.006153 

S1 0.012875 

S25 0.012898 

S11 0.013777 

S3 0.029807 

S26 0.036920 

S4 0.037714 

S7 0.041967 

S28 0.044028 

S15 0.045744 

S18 0.049807 

S31 0.073679 

S5 0.090309 

S23 0.184309 

S29 0.298826 
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Fig. 4.  Mean of normalised readings of the Agarwood odor for 
region (a) Melaka, (b) Pagoh, (c) Ulu Tembeling, (d) Super Pagoh, 
(e) Indonesia. 
  

 
Fig. 3.  Experimental Setup. 
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       Fig. 5 until 9 show the pattern variations 
and the standard deviation of mean respectively 
from S6, S8, S12, S13, S14, S16, S22, S27 and 
S32 from five Agarwood regions. It was found 
that combination of S6, S8, S12, S13, S14, S16, 
S22, S27 and S32were having high variance as 
compared to other combinations. This is due to 
the mean of normalized data sample having 
high variance across the region. This implies 
that the data is significant, can be trained and 
validated into ANN model. 

 

 
 
       Fig. 5.  Mean of normalized data sample from S6, S8, S12, S13,  
       S14, S16, S22, S27 and S32 from Melaka region. 
  

 
Fig. 9.  Mean of normalized data sample from S6, S8, S12,  
S13, S14, S16, S22, S27 and S32 from Indonesia region. 
  

 
 
Fig. 8.  Mean of normalized data sample from S6, S8, S12,  
S13, S14, S16, S22, S27 and S32 from Pagoh region. 
  

 
Fig. 7.  Normalized data sample from S6, S8, S12, S13, S14, 
S16, S22, S27 and S32 from Ulu Tembeling region. 
  

 
 
Fig. 6.  Normalized data sample S6, S8, S12, S13, S14, S16, S22,  
S27 and S32 from Super Pagoh region. 
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In Fig. 10, the variance of speed of 

convergence among 10 hidden layer sizes can be 
seen and compared from the slowest and fastest 
with log of mean of squared error (MSE) versus 
epoch number.  The MSE value can be compared 
clearly in Fig. 11. The slowest convergence is 
hidden layer size 6. The different of the speed of 
convergence greatly different with the speed 
belong to hidden layer size 2 which is the fastest 
convergence. This result shows that, the decision 
to find the optimal hidden layer size is promising 
through varying the hidden layer size 1 to 10. 
Hence, it indicates that the trained network for 
classification of Agarwood with 3 hidden layer 
sizes provides best architecture. This network 
architecture was then validated with the rest of 
the testing data.  

 
 

Fig. 12 shows the training and validation 
data respectively. It indicates that the 
classification of Agarwood sample from five 
(5) regions produces very minima error 
whereby almost all regions are slightly 
misalignment at region from Melaka. 
However it clearly shows that the ANN model 
for Agarwood effectively classify the samples 
from Melaka, Super Pagoh, Ulu Tembeling, 
Pagoh, and Indonesia as region 1, 2, 3, 4 and 
5, respectively. 
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Fig. 13.  Training Error. 
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Fig. 11.  ANN final trainig errors with varying hidden layer 
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     Fig. 10.Training mean of square error (MSE) plot over 4 epochs for     
     networks with  (a) 8; (b) 9; (c) 5; (d) 10; (e) 7; (f) 6; (g) 3;  
     (h) 4; (i) 1; (j) 2  hidden layer size. 
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Fig. 12.  ANN Model of Agarwood Classification. 
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Finally, Fig. 13 and 14 show the training and 
validation data error respectively. At all 
regions, the maximum training data error (≈ 
0%) which is less than that of the maximum 
validation data error (≤ 20 %) because it was 
effectively fitted modeled network. It also shows 
that one cannot depend on the fitting 
performance of the training network single-
handedly but must be validated with testing 
method as exercised in this work.  

A consequence of the results obtained in the 
testing of the ANN model is the results of 
classification matrix of desired true region 
which is arranged in Table 1.  This Table shows 
how the numbers of outputs match the number 
of targets as explained in Table 1, hence, all 
outputs are consistent with its target by 
undertaking the threshold value where it was 
preset for the accuracy. In this case, the 
threshold value was set at 0.2. Thus, the fit 
value for each region of this level of accuracy 
must lie between 2.0±  from the target value 
while the unfit one is the value which cannot 
achieve the target between the predetermined 
range. Hence, the outcomes of the classification 
is tabulated in Table 1 demonstrate the high 
accuracy of classification rate.  

 
 
 
 
 
 

 
 

TABLE I 
CLASSIFICATION MATRIX WHICH SUMMARIZES THE 

CLASSIFICATION OF 100% ACCURACY  

Predicted 
Region 

True Region 

  
TR
1 

TR
2 

TR
3 

TR
4 

TR
5 

Total 
(True) 

TR1 4 0 0 0 0 4 

TR2 0 4 0 0 0 4 

TR3 0 0 4 0 0 4 

TR4 0 0 0 4 0 4 

TR5 0 0 0 0 4 4 

Total 
(Predicted) 

4 4 4 4 4 20 

 
 

V. CONCLUSION 

A neural network has been modeled to classify 
Agarwood into five regions; Melaka, Super 
Pagoh, Ulu Tembeling, Pagoh and Indonesia 
using E-Nose employed with ANN. The raw data 
has been normalized and pre-processed in order 
to have unique data features from each Agarwood 
region as inputs to the ANN model. The 
architecture of the network designed with 5 input 
neurons, 2 hidden layer sizes and 1 output neuron 
is compatible with the objective of this work. The 
network model training was performed using 
Backpropagation Neural Network (BPNN) 
training algorithm. The algorithm has shown 
high accuracy in classifying the Agarwood from 5 
different regions. The training and validation 
errors were analyzed based on MSE value. For 
future improvement, the model may be trained 
and optimized by varying other parameters such 
as learning rate and momentum rate to have less 
MSE error. Another improvement that can be 
made is by examining the sample data to be 
preprocessed and introducing randomized noise 
into the network for robustness guarantee of the 
network model. Based on the experimental result, 
the eventual consequence of realizing the ANN of 
the classification work, it can be seen that the 
Agarwood sample is linearly separable among 
various Agarwood sample regions. It is feasible to 
use the system to accurately classify the 
Agarwood region. 
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Fig. 14. .Validation Error. 
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