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ABSTRACT

To improve the recognition accuracy of 2 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 acquisitlons are used
to form triangular fuzzy numbers. Then, the fuzzy
similarity measure is used to define the relationship
hetween fragrance inputs and connection strengths of
hidden units. The fuzzy similarity is defined as the
maximum value of the intersection 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 lnspired by
Immune Algorithm (SONIA}, and the Fuzzy Learning
Yector 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 FLV(Q) as pattern
classifier, the recognition accuracy is increased by
14-25%.
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1. INTRODUCTION

An 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 fields, 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 Network inspired by Immune Algorithin
(SONIA) [3] is used as pattern classifier. In addition, to
further improve the capability of SONIA, the use of a fuzzy
similarity [4) instead of Euclidean distance is prcposed. The
proposed method is called Fuzzy similacity based
Self-Organized Network inspired by Immune Algorithin
(F-SONIA). In Sec. 2, the scheme of the artificial odor
discrimination system is described. The F-SONIA s
proposed in Sec. 3. Experimental results on the 3 mixture
fragrance problem are presented in Sec. 4.

2. 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 |
shows a diagram of the artificial odor discrimination system,

The sensory system used is quartz-resonator crystals that
were 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
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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
ascillators to the frequency counter. The frequency counter
calculates the total frequency c¢hanges and through
interfacing, data are transfered to computer for input to the
pattern classifier.
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Figure 1, Diagram of Artificial Odor Discrimination System

For each data acquition, samplings are done for several
times and an average of these samplings becomes the valuc
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 O
and 1.

3. 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 te represent the statistical properties of
tfragrance characteristics.

As described in [, 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 nevral 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 ¢onsists of units i.e.,
fuzzy input units {1,..., N}, fuzzy hidden units {1,..., ¥y},

and crisp output units {1,..., No} where N, N, N, e¥ .
Fuzzy Fuzzy Output
mput hidden layer
laver laver

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

LeT £ = |y, 1}, 1€ Se Of NOImallzZea Imputs, o¢ a untversal
set, and let #(T') be the family of all fuzzy setson- T :

F(T)={A|T——>[0,1]}. {H
s, € F(T), (i=1.,N,)
x € F(T), (i=)..,N,) (2)

w,, € F(T), (i=L.uN,j=L.,N,).

The i-th element of fuzzy input §; and the strength of the
connection between the i-¢4 input neuron and the j-¢/ hidden
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neuron w, are elements of f(¥). Fuzzy input s, is
defined by

0, i<aq

[—
f t< b,
b, —a,
s{tia,b,c)=: t ; (3)

c, ~

——. b £t <
¢, ~b
0, ¢ st

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

where a, , bw,cw are the mean of mintmum, average, and

maximum values of input vectors belong to the j-th hidden
neuron constructed through the hidden neuron construction
procedure [3] for the /-¢h sensor respectively.

The i-th input unit receives fuzzy input 8, (i = 1,..., Ny
to the network and cutputs it as inputs to fuzzy hidden units.
Output X, € F(T) of the it/ input unit is given by

X, =5, (i=1..,N,). (4)

For the description of the relationship between X, and

the fuzzy similarity [4] of the two fuzzy set is used

Hﬂ

througl

1, (X Wy ) = qz%x{x;j(t)nwjfy(f)}. (5)
Output of the luzzy hidden units is calculated by an average
of u_,therefore the output ofthe j-¢/7 hidden unitis given by

[Zﬂ"/"" J 6)

(j=1,. ),
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 Fuclidean
distance, This is because the use of triangnlar fuzzy set is

Wy, Is defined by W, (f;aw,fiw., r:w),

more representative than crisp numbers {0 represcit
statistical properties of fragrance characteristics.

The outputs of hidden units become inputs of oulpur units,
these output units provide the network’s output

y, =g, [z Wou Xy, +0 ] E([U,l]),

s (7)
(k=1,..,N,),

where W, €| represents the strength of the connection

from the -tk hidden unit to the &-¢4 output unit, 8, €; is &

bias associated with the -t 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=f(W,0,,35), (8)
W]‘lEI‘E y ~ [yl!"'"l }",._-n ]r ¥ w = ['1.1_)””;111”1"]
(lewm‘_j Nr!j=]’ ...,N“,kzl,...,,ﬂlm) )
9 _[ 7 H."'- } 1*‘ = [SI"“‘S}\'I ]r'!

and fr-[j;,...,fﬁu}r.
Let{s ,y, ) (m=1..,M, Mec¥) be a given set of
pairs of input 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.8,)= 2 | ¥, - F(s,)|

LTEY

=3 0 - £, (10)

vl kml

; (9)

where y_, is the k-th component of vector y_, £ (5 )isthe
k-th component of vector f(s )}, and f(s ) is a
simplification of f(W,

should be determined, To minimize , the initial values of
Woy are set to zero and the initial values of 8, are given

8,,5) since the values ol W and 0,

randomly. Then the values of w

£l

and 8, are modified

iteratively, i.e., the modification of w,_ and & should be

ik
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ok 3

Vwm =-noQ/ dw,

(1D

(=N k=1..,N)
Vo, = -néQ/ o8

)

where 77 € (0, 1) is a positive constant, The calculations of
cQfow,, and a0Q/068, are performed by the
buck-propagation algorithm [6].

4. EXPERIMENTS ON 3 MIXTURE
FRAGRANCE PROBLEM

The experiments used three data sets of 3 mixwre
ragrances namely Citrus-Canangga-Ethanol,
Citrus-Rose-Ethanol, and Rose-Canangga-Ethancl, Each
didar set s a mixture of 2 vegetal aromas and 1 ethanol
concentration with composition [:1:1, There are 6 ethanol
cancentrations (0%, 15%, 25%, 35%, 45% and 70%) in
those formed 6 fragrance categories for each data set. Lach
dala set consists of 120 eniries for training and 120 entries
lor testing. The performance of the proposed F-SONIA is
cotnpared with conventional SONIA [3], FLVQ [2], LVQ
Y] and BP [6] neural network. For every data set,
perlformances of those methods were cbserved through
learning phase and tesling phase, In learning phase, the
learning time required is recorded, meanwhile in testing
phiase, the recognition accuracy is measured by using
traing and testing dada as inputs, The parameters of
SONIA and -SONIA are set therefore 30 newrons are
formed. For a balance comparison, the hidden neuron
rumber of FLVQ, LVQ, and BP are set to he 30, other
parameters are set as advised by the Matlab neural network
olbox [8]. For each experiment, the learning & testing
phuses are carried out for 10 times, and the recognition
pccuracy is the average of these trials, The experiments have
been done using Matlab 6.1 C/C++ Compiler under
Microsoft Windows 2000 cperating 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).
Meanwhilz the average learning time of F-SONIA is 0.3
times compared to the conventional SONIA (Fig, 3). This
shows that the use of luzzy similarity, that contains

(k=1,..N), (12)

statistizal properties of mixture fragrances, helps the neural
network to casily discriminate the fragrance characteristics
therefore the recoghition accuracy is improved and the
learming time is reduced. Compared to the previously
developed artificial odor recognition system that uses F1.VQ
i4s pattern classifier, the recognition accuracy is increased by
14-25%.

5. CONCLUSIONS

A Tuzzy Similarity based Sell-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 casily discriminate statistical
characteristics of mixture fragrance,

From the experiments, the proposed method improves the
recognition accuracy of (he conventional SONIA by 3-9%
for 3 mixiure {ragrance problem. Meanwhile the averuge
learning time ol F-SONIA is 0.3 times comparing to the
convenlienal SONIA, This shows that the use of furzzy
sitilarity, that containy statistical properties ol mixture
fragrances, helps the neural nerwork to casily discriminate
the fragrance characteristics theretore the recognilion
geeuracy is improved.

Compared to the previously developed artificial odor
recogniton system which used FLVQ ay pattern classifier,
the recognition accuracy is increased by 14-25%.The nse ol
fuzzy stmilarity helps the nearal network o casily
discriminate the ragrance characteristics. O the near futurs,
we will investigate otiier types of fuzzy sttlarity measures
on F-SONIA and observe how these kinds of fuzzy
similarity afTect the recognition accuracy.
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Figure 3. F-SONIA is faster convergence than SONIA
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