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Abstract—This paper considers an application of odor classi-
fication of wines by using an electronic nose system based on a
neural network. The neural network used here is a competitive
neural network by the learning vector quantization. Two kinds of
wines are classified by using odor data measured with an array
of many metal oxide gas sensors. After bubbling two kinds of
wines, the odor gases are absorbed to a spongy material called
as a mono trap for a while. Then dry air is passed through the
mono trap and odors are transmitted to an array of odor sensors.
The gas densities are transformed into voltages and the data are
stored in a computer. Then using an electronic nose system we
classify the kind of wines. The accuracy rates for white wine and
red wine are around 97.4% and around 83.4%, respectively.

I. INTRODUCTION

Over the last decade, odor sensing systems have undergone
important developments from viewpoints of technology and
commerce. James A. Milke [1] has proved that two kinds
of metal oxide semi-conductor gas sensors (MOGS) have the
ability to classify several sources of fire more precisely than
with conventional smoke detector. However, his results achieve
only around 85% of correct classification. We have developed
several types of E-nose systems and the classification results
of tees and coffees are about 96% and about 89%, respectively,
which is much better than the results in [1]–[3].

This paper proposes a new type of an electronic nose (E-
nose) system to classify two kinds of wine by using the E-
nose system developed in our laboratory. The E-nose system
consists of two parts. One is a measurement part and the other
is classification part. In this paper we use twelve MOGSs
of FIGARO Technology Ltd in Japan, which are attached
on the seal of the sampling box at grid points in an array.
We use a competitive neural network of the learning vector
quantization (LVQ) algorithm for classification. We consider
the classification problem to classify two kinds of wine, white
and red wines by using the E-nose system and we show the
classification rates become around 97.4% and around 83.4%,
for the white wine and red wines, respectively.

II. HUMAN OLFACTORY PROCESSES

Although the human olfactory system is not fully under-
stood by physician, the main components about the anatomy
of human olfactory system are an olfactory epithelium, an
olfactory bulb, an olfactory cortex, and a higher brain or
cerebral cortex.

The first process of human olfactory system is to breathe
or to sniff a smell into a nose. The difference between normal
breath and sniffing depends on quantity of odorous molecules
that flow into an upper part of the nose. In case of sniffing,
most airs are flown through the nose to a lung and about 20%
of air is flown to an upper part of the nose and detected by
olfactory receptors.

In case of sniffing, the most air is flown directly to the
upper part of the nose and interacts with olfactory receptors.
The odorous molecules are dissolved at a mucous layer before
interacting with olfactory receptors in an olfactory epithelium.
The concentration of odorous molecules must be over the
recognition threshold. After that, the chemical reaction in
each olfactory receptor produces an electrical stimulus. The
electrical signals from all olfactory receptors are transported to
an olfactory bulb. The input data from the olfactory receptors
are transformed to be olfactory information to an olfactory
cortex. Then the olfactory cortex distributes information to
other parts of the brain and human can recognize odors
precisely. The other parts of the brain that link to the olfactory
cortex will control a reaction of the other organ against the
reaction of that smell. When human detects bad smells, human
will suddenly expel those smells from the nose and try to
avoid breathing them directly without any protection. This
is a part of the reaction from the higher brain. The next
process is to clean the nose by breathing fresh air to dilute the
odorous molecules until those concentrations are lower than
the detecting threshold. The time to dilute the smell depends
on the persistence qualification of the tested smell.

The processes to analyze smell by a human nose can be
summarized by a diagram shown in Fig.1.

III. E-NOSE SYSTEM

The E-nose system provide an alternative method to an-
alyze smell by imitating a human olfactory system. In this
section, the concept of an E-nose is explained. Then various
odor sensors applied as olfactory receptors are explained.
Finally, the mechanism of a simple E-nose that was developed
in this paper is described in detail by comparing a function of
each part with the human olfactory process.
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Fig. 1. Olfactory system.

A. E-nose concept

The mechanism of an E-nose system can be divided into
main four parts as shown in Fig.2.

Odor delivery system Odor sensor array

Data recordingData processing

Fig. 2. Main parts of E-nose systems.

1) Odor delivery system: The first process of human ol-
factory system is to sniff the odorous molecule into the nose.
Thus, the first part of the E-nose system is the mechanism
to bring the odorous molecules into the E-nose system. There
are three main methods to deliver the odor to the E-nose unit,
sample flow, static system, and preconcentration system.

The sample flow system is the most popular method to
deliver odorous molecule to the E-nose unit. Some carrier gas
such as air, oxygen, nitrogen, and so on, is provided as a
carrier gas at the inlet port to flow the vapor of the tested smell
through the E-nose unit via the outlet port. The mechanism to
control the air flow of an E-nose may contain various different
parts such as a mass flow controller to control the pressure of
the carrier gas, a solenoid valve to control the flow of inlet and
outlet ports, a pump to suck the tested odor from the sampling
bag in case that the tested odor is provided from outside, a
mechanism to control humidity, and so on. Most commercial
E-noses contain complicated odor delivering systems and this
makes the price of the E-noses become expensive.

The static system is the easiest way to deliver odorous
molecules to the E-nose unit. The E-nose unit is put into a
closed loop container. Then an odor sample is injected directly
to the container by a syringe. It is also possible to design an
automatic injection system. However, the rate to inject the test
odors must be controlled to obtain accuracy results. Normally,
this method is applied for the calibration process of the E-nose.
But in this case the quantity of the odor may not be enough
to make the sensor reach the saturation stage, that is, the stage
that sensor adsorbs the smell fully.

The preconcentration system is used in case of the tested
smell that has a low concentration and it is necessary to
accumulate the vapor of the tested odor before being delivered
to the E-nose unit. The preconcentrator must contain some
adsorbent material such as silica and tested odor is contin-
uously accumulated into the preconcentrator for specific time
units. Then the preconcentrator is heated to desorb the odorous
molecule from the adsorbed material. The carrier gas is flown
through the preconcentrator to bring the desorbed odorous
molecules to the E-nose unit. By using this method, some weak
smells can be detected by the sensor array in the E-nose unit.

2) E-nose unit: All E-noses must contain an array of odor
sensors which act like the human olfactory receptors. Various
kinds of odor sensors can be used to detect odors. The details
of odor sensors will be explained in the following section.
The number of sensors in the E-noses unit is around 4 to 50
sensors depending on the design of each E-nose. The electrical
circuit to control the input and the output of the sensor array
are varied on the types of sensors. It is also possible to use
several sensors from the same model for analyzing the odor
just like the human olfactory receptors that may contain the
same kind of receptors from different ages (human olfactory
replacement time is around 30 days as an average). Inside of
the E-nose units may contain some mechanism to clean the
sensor after finishing the testing process in order to speed up
the E-nose to analyze new smell.

3) Data recording: It is necessary to record the output of
the sensor array in the E-nose unit while absorbing the tested
odor continuously. Generally, the output from the sensor array
is analog signal and it is necessary to convert the analog signal
to digital signal before being recorded in the computer memory
starage and A/D converters are used which include the software
to control the sampling time with the user interface. This part
of the E-nose system is like the function of olfactory bulb to
collect the signal from the olfactory receptors before passing
to the olfactory cortex.

4) Data processing: The data processing part is one of the
most important step to make the E-nose system become reli-
able. Most commercial E-noses have a complicated mechanism
for the odor delivery system and the E-nose unit, but if the data
processing part of those E-noses are not well designed, the
high reliability of the E-noses system may not be achieved.
This paper will focus on the data processing to classify the
several smells precisely.

IV. SEMI-CONDUCTOR METAL OXIDE GAS SENSOR
(MOGS)

Actually there are many kinds of sensors that can be used to
detect odorous molecules. However, only a few kinds of them
have been successfully applied as artificial olfactory receptors
in commercial E-noses. MOGS is the most widely used sensor
for making an array of artificial olfactory receptors in the E-
nose system. These sensors are commercially available as the
chemical sensor for detecting some specific smells. Generally,
an MOGS is applied in many kinds of electrical appliances
such as a microwave oven to detect the food burning, an
alcohol breath checker to check the drunkenness, an air purifier
to check the air quality, and so on.



Therefore, we will use MOGSs as the smell classification
in what follows. The picture of some commercial MOGSs are
shown in Fig. 3.

Fig. 3. MOGS samples

Various kinds of metal oxide, such as SnO2, ZnO2,
WO2,TiO2 are coated on the surface of semi-conductor, but
the most widely applied metal oxide is SnO2. These metal
oxides have a chemical reaction with the oxygen in the air
and the chemical reaction changes when the adsorbing gas is
detected. The scheme of chemical reaction of an MOGS when
adsorbing with the CO gas is shown as follows:

1

2
O2 + (SnO2−x) → O−ad(SnO2−x) (1)

CO +O−ad(SnO2−x) → CO2 + (SnO2−x) (2)

When the metal oxide element on the surface of the sensor
is heated at a certain high temperature, the oxygen is adsorbed
on the crystal surface with the negative charge as shown in
Fig. 4. In this stage the grain boundary area of the metal oxide
element forms a high barrier as shown in the left hand side of
Fig. 4. Then the electrons cannot flow over the boundary and
this makes the resistance of the sensor become higher. When
the deoxidizing gas, e.g., CO gas, is presented to the sensor,
there is a chemical reaction between negative charge of oxygen
at the surface of the metal oxide element and the deoxidizing
gas as shown in (2). The chemical reaction between adsorbing
gas and the negative charge of the oxygen on the surface of
MOGS reduces the grain boundary barrier of the metal oxide
element as shown in the right hand side of 4. Thus, the electron
can flow from one cell to another cell easier. This makes the
resistance of MOGS lower by the change of oxygen pressure
according to the rule of (3).

The relationship between sensor resistance and the concen-
tration of deoxidizing gas can be expressed by the following
equation over a certain range of gas concentration:

Rs = A[C]−α (3)

where Rs =electrical resistance of the sensor, A = constant,
C =gas concentration, and α =slope of Rs curve.

The electric circuit for the MOGS is shown in Fig.5.
Electrical voltages are provided to the circuit(Vc) and the heater
of the sensor(Vh). When the MOGS is adsorbed with oxygen
and the deoxidizing gas, the resistance of the sensor (Rs) is
changed. Thus, it can measure the voltage changes while the
sensor adsorbing the tested odor(Vout).

MOGSs need to be operated at high temperature, so they
consume a little higher power supply than the other kinds

Fig. 4. Principle of MOGS

TABLE I. LIST OF MOGS USED IN THE EXPERIMENT FROM FIGARO
TECHNOLOGY INC.

Sensor No. Sensor model Main detecting gas
1 TGS2600 tobacco, cooking odor
2 TGS2602 hydrogen sulfide, VOC, ammonia
3 TGS2610 LP gas, butane, propanel
4 TGS2611 methane
5 TGS2620 alcohol, organic solvent
6 TGS816 methane, propane, butane(flammable gas)
10 TGS821 hydrogen gas
11 TGS822 alcohol, organic solvent
12 TGS825 hydrogen sulfide
13 TGS826 ammonia, amine
13 TGS830 fluorocarbon, organochlorine compound
14 TGS832 fluorocarbon, organochlorine compound

of sensors. The reliability and the sensitivity of MOGSs
are proved to be good to detect volatile organic compounds
(VOCs), combustible gas, and so on. However, the choices of
MOGSs are still not cover all odorous compounds and it is
difficult to create an MOGS that responds to one odor pre-
cisely. Generally, the commercial MOGS responds to various
odors in different ways. Therefore, we can expect if we use
many MOGSs to measure a smell, the vector data reflect the
specific properties for the smell. Generally, it is designed to

Fig. 5. Principle of MOGS

detect some specific smell in electrical appliances such as an
air purifier, a breath alcohol checker, and so on. Each type of
MOGS has its own characteristics in the response to different
gases. When combining many MOGS together, the ability to
detect the smell is increased. An E-nose system shown in Fig. 6
has been developed, based on the concept of human olfactory
system stated above. The combination of MOGS, listed in
TABLE I, are used as the olfactory receptors in the human
nose.

A bubbling device used in this paper is illustrated in Fig.
7. Furthermore, a molecular sieve (mono trap) is shown in
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Fig. 6. Structure of the E-nose system

Fig. 7. Bubbling system

Fig. 8. The mono trap is used to absorb the odor obtained by
bubbling.

V. EXPERIMENTAL DATA COLLECTION

The sensing conditions are dry air is connected to bubbling
device with flow rate of 100mL and the odor of wine is
absorbed by mono trap for 30 minutes. After that dry air of
the same flow rate of 100 mL is transmitted to the mono trap
for 15 minutes. The measurement conditions are summarized
as shown in TABLE II

The sample pathes of odor data for fourteen sensors are
shown in Fig. 9 and the features of the odor have been
characterized as the maximum valure of the sample pathes

Fig. 8. A molecular sieve (mono trap)

TABLE II. MEASUREMENT CONDITIONS.

Subjects Conditions
Flow rate for absorbing period 100mL
Absorbing time 30minutes
Flow rate for measuring period 100mL
Measurment interval 15minutes
Temperature Room temperature

which are shown in Fig. 10. Generally, we take the maximum
value of the time series data as the representative characteristic
of the odor for the sensor, which means that the maximum
value reflects the steady state of the time series due to the
mechanism of the sensing devices of MOGSs.

VI. CLASSIFICATION RESULTS

The data measured by the E-nose system explained in the
previous section are used for the classification. In Table III
we show the symbols for classification of odors where we
adadopt two kinds of wine, white wine and red wine. Each
wine has been produced different two companies, Company X
and Company Y.

The sampling period is 1s and the voltage signal in the dry
air is measured at the beginning of the repetition of experiment.
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Fig. 9. Features of odor (maximum voltages of sensors.

TABLE III. ODOR DATA OF TWO KINDS OF WINE WHICH WERE
PRODUCED TWO COMPANIES. HERE, A SHOWS WHITE WINE PRODUCED
COMPANY X, B IS WHITE WINE PRODUCED BY COMPANY Y, C IS RED

WINE PRODUCED BY COMPANY Y, AND D SHOWS RED WINE PRODUCED
BY COMPANY Y.

Label Materials No. of samples
A whitewine by X 6
B white wine by Y 6
C red wine by X 6
D red wine by Y 6
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Fig. 10. Features of odor (maximum voltages of sensors.

In order to reduce the noise, we apply a smoothing filter to
the measurement odor data v′s(t) such that

v̄s(t) =
1

3

3∑
i=0

v′s(t− i). (4)

Then we take the difference ∆v̄s(t) = v̄s(t) − v̄s(t − 1) and
if this ∆v̄s(t) ≥ θ for more than N senseors where N is a
predetermined number, we connect that the tube in which the
mono trap isincluded. Here, we take θ = 0.001 and N = 7. We
assume that the standard value v̄stds to determine the defference
of the odor voltage and the clean gas voltage is an average of
the clean gas voltages for five seconds before the odor data
begins, that is,

v̄stds =
1

5

5∑
i=0

v̄s(t). (5)

Then the effective voltage of the odor vs(t) is given by

vs(t) = v̄s(t)− v̄stds (6)

After testing one odor the MOGS need to be cleaned by
removing the tested odor and supplying only the clean gas
until the output of the MOGS returns to a stable point. Then
a new sample can be tested, repeatedly. This process is just
like the human nose which needs to breath the fresh air before
being able to recognize a new odor accurately. Some time
series data from the experiment show that all odors approach
the saturation stages within the measuring periods.

VII. LEARNING VECTOR QUANTIZATION ALGORITHM

Vector quantization is to represent a data distribution using
a set of units, which are called codebook vectors such that
a distortion measure is minimized. The LVQ algorithm was
proposed by Kohonen [4] in 1997 to find representative vectors
among many vectors by learning. In LVQ, only the closest
winning unit (using an Euclidean distance) to the current input
data is moved toward it at each iteration.

We will show the principle of the LVQ in more detail in
what follows. It consists of two layers which are an input layer
and a competitive layer as shown in Fig. 11. In the input layer,
input data with a dimension n are given. Let us denote the input
vector by X and neurons in the competitive layer are connected

to the input vector with weights wji, i = 1, 2, . . . , n and
j = 1, 2, . . . ,M where connection weight vector is denoted
by Wj = (wj1, wj2, . . . , wjn), j = 1, 2, . . . ,M and M is the
number of neurons in the hidden layer. Furthermore, we denote
the number of cluster by m, the iteration number by t, and total
number of iteration by T .

In order to measure a distance between an input vector X
and a weight vector Wj, we adopt a Euclidean norm given by

dj = ||X−Wj|| =

√√√√ n∑
i=1

(xi − wji)2. (7)

We will search a neuron in the competitive layer, which
attains the minimum distance and call it as the winning neuron
denoted by c, that is,

dc = min
j

dj = ||X−Wc||. (8)

If the input vector X and the winning unit c belong to the
same cluster, then the weight vector Wc will be moved such
that it becomes nearer to X, as shown in Fig. 12.

Conversely, if they do not belong the same cluster, the
weight vector Wc will be moved such that it becomes farther
from X, as shown in Fig. 13. Therefore, at an iteration t, if
the input vector X and cluster of c belong to the same cluster,
then at the next iteration t+1

Wj(t+ 1) = Wj(t) + α(t)(X−Wj(t)), j = c (9)
Wj(t+ 1) = Wj(t), j ̸= c.(10)

On the other hand, at an iteration t, if the input vector X
and the winning unit c belong to different cluster, then at the
next iteration t+1

Wj(t+ 1) = Wj(t)− α(t)(X−Wj(t)), j = c (11)
Wj(t+ 1) = Wj(t), j ̸= c.(12)

Initial values of weights wji are determined by using
random numbers. The function α(t) means the learning rate
and it is set as follows:

α(t) = α0(1−
t

T
) (13)

where α0 is a positive initial coefficient of α(t).
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Fig. 11. LVQ structure
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VIII. CLASSIFICATION RESULTS

We have set T = 1000 and α0 = 0.1. The learing samples
are selected 3 samples from 6 samples and by changed the
training data we have computed 6000 times for checking. We
have shown the classification results in TABLE IV. From this
resuls, the correct classification from A to A, that is, white
wine produced Company X is classified into the same cattegory
correctly, is around 88.6% and that from B to B, that is,
white wine produced in Company Y is classified into the same
category correctly, is arount 95.2%. But correct rates from C
to C and D to D, that is, red wine produced in Company X
to the same category and red wine produced in Company Y
corrrectly are worse. It is not so clear the reason why such
a decision has been done. Since the production processes to
make white wine and red wine are not the same, the correct

classification rates between white wine and red wine are rather
high as shown in TABLE V.

TABLE IV. CLASSIFICATION RESULTS I

Average classification results I (69.1%)
Odor data A B C D Classification rates

A 2657 226 32 85 88.6%
B 109 2856 27 8 95.2%
C 229 393 1112 0 37.1%
D 336 37 959 1668 55.6%

TABLE V. CLASSIFICATION RESULTS II

Average classification results II (88.80%)
Kinds of wine AWhite Red Classification rates

White 5848 152 97.5%
Red 225 1237 83.4%

IX. CONCLUSIONS

We have classified two kinds of wine produced in the
different companies. From the classification results, White
wine could be classified into white one arount 97.5% but
the red wine is classified correctly aboud 83.4%, which is
not so high compared with white wine case. Furthermore,
in case of red wine, it is difficult to specify the company
compared with white wine case. We are considering the reason
of misclassification and trying to find new features to classify
both wines correctly.
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