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Abstract - To improve the recognition accuracy of a
developed artificial odor discrimination system for three
mixture fragrance recognition, Fuzzy Similarity based
Self-Organized Network inspired by Immune Algorithm
(F-SONIA) is proposed. Minimum, average, and maximum
values of fragrance data acquisitions are used to form
triangular fuzzy numbers. Then, the fuzzy similarity
measure is used to define the relationship between
fragrance inputs and connection strengths of hidden units.
The fuzzy similarity is defined as the maximum value of the
imtersection region between triangular fuzzy set of input
vectors and the connection strengths of hidden units. In
experiments, performances of the proposed method is
compared with the conventional Self-Organized Network
imspired by Immune Algorithm (SONIA), and the Fuzzy
Learning Vector Quantization (FLVQ). Experiments show
that F-SONIA improves recognition accuracy of SONIA by
3-9%. Comparing to the previously developed artificial
odor discrimination system that used FLYQ as pattern
ctassifier, the recognition accuracy is increased by 14-25%.

I. INTRODUCTION

N artificial odor discrimination system has been

developed to detect and classify odors and gas [1]. The
system has been designed to replace the human sensory system,
that is used to control the qualities in a variety of industrial
ficlds, e.g., food & beverage industries, cosmetics & perfume
industries. The system uses 8 chemical arrayed quartz resonator
sensors and Fuzzy Learning Vector Quantization (FLVQ) [2]
as pattern classifier.

The artificial system shows a high recognition accuracy to
classify pure odors as well as 2 mixture fragrances, but the
recognition accuracy for 3 mixture fragrances is a subject to
improve. To improve the recognition accuracy for 3 mixture
fragrances, the Back-Propagation (BP) based Self-Organized
Nztwork inspired by Immune Algorithm (SONIA) [3] is used
a: pattern classifier. In addition, to further improve the
cspability of SONIA, the use of a fuzzy similarity [4] instead of
Euclidean distance is proposed. The proposed method is called
Fuzzy similarity based Self-Organized Network inspired by
Immune Algorithm (F-SONIA).

In Sec. 2, the scheme of the artificial odor discrimination
s.stem 1s described. The F-SONIA is proposed in Sec. 3.
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Experimental results on the 3 mixture fragrance problem are
presented in Sec. 4.

II. ARTIFICIAL ODOR DISCRIMINATION SYSTEM

The artificial odor discrimination system consists of 3
subsystems, i.e., a sensory system, a frequency counter system,
and a neural network as a pattern classifier system. The sensory
system and the frequency counter system are used to measure
frequency changes during data acquisition, and the pattern
classifier system is used to discriminate odor characteristics
obtained by the other systems. Figure 1 shows a diagram of the
artificial odor discrimination system.
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Figure 1. Diagram of Artificial Odor Discrimination System

The sensory system used is quartz-resonator crystals that are
constructed by sensitive thin chemical membranes. When
odorant molecules are absorbed onto the membranes, the
resonance frequency of the crystals will decrease significantly
and return to the normal resonance frequency after
de-absorption process. The change of the frequency is
proportional to the total mass of absorbed odorant molecules
[4]. These changes of frequency is tranferred by oscillators to
the frequency counter. The frequency counter calculates the
total frequency changes and through interfacing, data are
transfered to computer for input to the pattern classifier.

For each data acquition, samplings are done for several times



and an average of these samplings becomes the value for the
corresponding data acquition. These values are inputs for the
pattern classifier system where a neural network is used.
Therefore, input data for the neural network is 8 dimensional
data originating from changes of frequency from the 8 sensors
used. The data are normalized between 0 and 1.

1. Fuzzy SIMILARITY BASED SELF-ORGANIZED NETWORK
INSPIRED BY IMMUNE ALGORITHM (F-SONIA)

Fuzzy Similarity based Self-Organized Network inspired by
Immune Algorithm (F-SONIA) employs fuzzy similarity
measure, in the form of triangular fuzzy sets, between the input
vectors and connection strengths of hidden units instead of
Euclidean distance, that is used in SONIA [3]. The reason is
that the data acquisition of the artificial odor recognition
system is calculated based on statistical processes, that is an
averaging process. Therefore the use of triangular fuzzy sets is
more representative than the use of crisp numbers to represent
the statistical properties of fragrance characteristics.

As described in II, for each data acquition, samplings are
done for several times and the average of these samplings
become the value for the corresponding data acquition. Here,
the minimum, the maximum, and the average of samplings are
used to form triangular fuzzy sets. The triangular fuzzy sets
taken from data acquisition become inputs for the pattern
classifier system, where neural network is used. Then the fuzzy
similarity measure between an input vector and connection
strengths of hidden units is calculated.

F-SONIA consists of three layers, i.e., fuzzy input layer,
fuzzy hidden layer, and crisp output layer. Architecture of
F-SONIA is shown in Fig. 2. Each layer consists of units i.e.,
fuzzy input units {1,..., N;}, fuzzy hidden units {1,..., Ny}, and
crisp output units {1,..., No} where NN, ,N_eN.

Fuzzy
input
layer

Output
layer

Figure 2. Architecture of F-SONIA
(Fuzzy similarity based Self-Organized Network
inspired by Immunc Algorithm)

Let T = [0,1], the set of normalized inputs, be a universal
set, and let F(T) be the family of all fuzzy setson T :
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F(T)={4|T —>10,11}. )
s, e F(T), (i=1,..,N,),
x e F(T), (i=1,..,N,), (2)

W, €F(T), (i=1..,N,, j=1..,N,).

The i-th element of fuzzy inputs; and the strength of the
connection between the i-th input neuron and the j-t4 hidden
neuron w, are elements of F(T). Fuzzy input s, is defined

by

s(ta,b,c) =} ' : ®)

where a,,b,,c, are minimum, average, and maximum values of
samplings for the i-th sensor respectively. Connection strength

W, is defined by w, . (t;a ), where a_,b,_,c,  are

Oy > i > Oy g

the mean of minimum, average, and maximum values of input
vectors belong to the j-th hidden neuron constructed through
the hidden neuron construction procedure [3] for the i-¢h sensor
respectively.

The i-th input unit receives fuzzy input 5, (i=1,..., Nj) to
the network and outputs it as inputs to fuzzy hidden. units.
Output x;; € F(T) of the i-th input unit is given by

(i=1..,N)). )

For the description of the relationship between X and w,,,

the fuzzy similarity [4] of the two fuzzy set is used through
#, (X5 Wy ) = max {x, () Aw, (0} )

Output of the fuzzy hidden units is calculated by an average of
4, , therefore the output of the /-t hidden unit is given by

%, = g(z” %V] (e Q)

(j=1..N,),
where g,(.) is a linear function [8]. This use of fuzzy similarity

helps the neural network to easily discriminate the fragrance
characteristics rather than the use of Euclidean distance. This is
because the use of triangular fuzzy set is more representative
than crisp numbers to represent statistical properties of
fragrance characteristics.

The outputs of hidden units become inputs of output units,



these output units provide the network's output
Ny

Ve =&, (z WO/ka; + 90kj € ([Oal])7
j=t

(k=1,.,N,),

(M

where w,, € R represents the strength of the connection from
/)
the j-th hidden unit to the k-th output unit, 0, < R1is a bias

associated with the k-4 output unit, and g, (.) is a log sigmoid

function [8].
The over-all input and output mapping of F-SONIA can be
written as

y=fWw.6,,s), ®)

where y=[yl,...,yNﬂ I, W=[w,w,] (i=L.,N,,j=1,
Nk =10, NGY 0, = (05500, T8 = 15,5008, T,

and f=[f,..[, 1.

Let(s,,y, )(m=1,..,M, M € N)be agiven set of pairs of
izput and output to be learned. In order to obtain a network that
produces output y_ with respect to input s_, the values of
W and @, should be determined such that they will minimize

the following error function :

oW.6,) =2 |yu—f(s)

m=1

=SNG - £

m=1 k=1

€)
(10)

where y  is the k-th component of vector y_, f,(s,)is the
k-th component of vector f(s ),and f(s ) is a simplification
of f(W,8,,s) since the values of W and 6, should be
determined. To minimize Q, the initial values of Wi are set to

zero and the initial values of 8, are given randomly. Then the

vilues of w,, and 6, are modified iteratively, i.e., the
rodification of w,, and ¢, should be
aw,, =-n0Q/ow,,,
(1n
(j=L..,N,,k=1.,N,),
af, =-noQ/o6, (k=1,.,N,), (12)

where 77 € (0,1) is a positive constant. The calculations of
f@/ow,, and 00106,
tack-propagation algorithm [6].

are performed by the
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IV. EXPERIMENTS ON 3 MIXTURE FRAGRANCE PROBLEM

The experiments used three data sets of 3 mixture fragrances
namely Citrus-Canangga-Ethanol, Citrus-Rose-Ethanol, and
Rose-Canangga-Ethanol. Each data set is a mixture of 2
vegetal aromas and 1 ethanol concentration with composition
1:1:1. There are 6 ethanol concentrations (0%, 15%, 25%, 35%,
45% and 70%) in those formed 6 fragrance categories for each
data set. Each data set consists of 120 entries for training and
120 entries for testing. The performance of the proposed
F-SONIA is compared with conventional SONIA [3], FLVQ
[2], LVQ [9] and BP [6] neural network. For every data set,
performances of those methods were observed through learning
phase and testing phase. In learning phase, the learning time
required is recorded, meanwhile in testing phase, the
recognition accuracy is measured by using training and testing
data as inputs. The parameters of SONIA and F-SONIA are set
therefore 30 neurons are formed. For a balance comparison, the
hidden neuron number of FLVQ, LVQ, and BP are set to be 30,
other parameters are set as advised by the Matlab neural
network toolbox [8]. For each experiment, the learning &
testing phases are carried out for 10 times, and the recognition
accuracy is the average of these trials. The experiments have
been done using Matlab 6.1 C/C++ Compiler under Microsoft
Windows 2000 operating system on Pentium 4 2.0 GHz
processor with 128 Megabytes memory. For LVQ and BP,
Matlab neural network toolbox is used [8].

For all data sets, F-SONIA improves the recognition
accuracy of the conventional SONIA by 3-9% (Table 1).
Meanwhile the average learning time of F-SONIA is 0.3 times
compared to the conventional SONIA (Fig. 3). This shows that
the use of fuzzy similarity, that contains statistical properties of
mixture fragrances, helps the neural network to easily
discriminate the fragrance characteristics therefore the
recognition accuracy is improved and the leaming time is
reduced. Compared to the previously developed artificial odor
recognition system that uses FLVQ as pattern classifier, the
recognition accuracy is increased by 14-25%.

V.CONCLUSIONS

A Fuzzy Similarity based Self-Organized Network inspired
by Immune Algorithm (F-SONIA) is proposed. F-SONIA
employs fuzzy similarity measure between inputs and the
connection strength of hidden units instead of Euclidean
distance, (that is used in SONIA). The use of fuzzy similarity
measure instead of Euclidean distance enables F-SONIA to
easily discriminate statistical characteristics of mixture
fragrance.

From the experiments, the proposed method improves the
recognition accuracy of the conventional SONIA by 3-9% for 3
mixture fragrance problem. Meanwhile the average learning
time of F-SONIA is 0.3 times comparing to the conventional
SONIA. This shows that the use of fuzzy similarity, that
contains statistical properties of mixture fragrances, helps the
neural network to easily discriminate the fragrance
characteristics therefore the recognition accuracy is improved.



Citrus-Canangga-Ethanol Citrus-Rose-Ethanol Rose-Canangga-Ethanol Average
Method (%) (%) (%) Leamning
Training Testing Training Testing Training Testing Time
Data Data Data Data Data Data (seconds)
F-SONIA 100 100 95.83 98.33 90.83 94.17 99.77
[proposed]
SONIA [3] 87.50 90.83 89.17 89.17 89.17 90.83 332.56
FLVQ[2] 70.00 75.00 77.50 74.17 74.17 75.00 271.77
LvQpl 33.33 33.33 35.00 34.17 37.50 40.83 289.15
BPI6] 34.17 32.50 32.50 3333 31.67 37.50 9.82
Table 1. Recognition Accuracy and Learning Time for 3 Mixture Fragrances
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Figure 3. F-SONIA is faster convergence than SONIA
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