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Abstract

In this study, we analyzed the transient of microsensors based on tin oxide sol–gel thin film. A novel method to this research field for data

analysis and discrimination among different volatile organic compounds is presented. Moreover; several feature extraction methods have been

considered, both steady-state (fractional change, relative, difference and log) and transient (Fourier and wavelet descriptors, integral and

derivatives) information. Feature extraction methods have been validated qualitatively (by using principal component analysis) and

quantitatively on the classification rate (by using a radial basis function neural network).

# 2002 Elsevier Science B.V. All rights reserved.
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1. Introduction

Semiconductor metal-oxide-based gas sensors have been

studied for many years and they are now used in many fields

of application. Despite this wide trade further research needs

mainly to improve sensitivity, selectivity and stability. In

fact, in this sense, improving both the sensor selectivity

toward specific gaseous substances and discrimination cap-

ability, has been the goal of a great deal of work over the last

few years. One strategy consists of using non selective

sensor arrays and an appropriate pattern recognition (PARC)

system capable of recognizing simple or complex vapors

based on the conductance or current at the saturation point of

each transient response. We believe that most useful infor-

mation (high and low frequencies in the curve) can be taken

from the transient response. One of the most important

processing part of an intelligent system, is its ability to

extract useful information less redundant than the original

one to aid fast processing and pattern classification. In other

words: any selected feature (1) must discriminate clearly

between two or more classes of objects, (2) must not be

correlated with another feature to any moderate strong

extent, and (3) should have meaning for humans. The first

step toward the pre-processing of enose data was based on

methods for extracting information of the transient only

from the steady-state and baseline response values. How-

ever, these methods takes into account only stationary

information about the transient (i.e. steady-state and base-

line) but all the information related to the kinetic of the rise

and recovery time is lost. Each sensor has its own behavior

in response to an odor presentation that is stored along the

response. For example, starting from the fact that light

molecules (i.e. alcohol) got more dispersed than heavier

one (i.e. acid oils), it is possible to analyze the recovery

time of the response due to the end of the exposure to

recognize the odor being presented. In some cases of long

time sensor response (of the order of several minutes), it is

possible to analyze the rise time of the transient response

that can be computed in a few seconds instead of con-

sidering the saturation parameters. Several methods make

use of computing the gradient of the response to detect

relevant features. However, these methods have the draw-

back of amplifying the noise. In 1997 in [1] there has been

faced the problem of analyzing the transient. In that paper

they noted that the rise time is strongly dependent to the

type of odor being presented for an array of tin oxide

sensors.

Several feature extraction methods such as parameters

extracted from curve fitting derivatives and integrals have

been investigated in [2] using only one Pt-MOSFET sensor

and proposing a method for their comparison. A method for
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comparing selected features based on a root mean square

error from a multilinear regression model is proposed in [3].

In [4] the transient response has been modeled as sum of

exponential functions that model the process of injecting the

gas into the test chamber and during the following odor

absorbing phase of the active elements. However, the extrac-

tion of the features result more complex than the first two

methods, and they do not provide repeatable parameter due

to the fact that the exponential functions are not orthogonal.

Starting from this fact, in [5] meat freshness is detected by

using tin oxide sensors, whose responses have been modeled

with orthogonal functions by using the Fourier transform.

The extracted features are then fed into a neural network for

recognition. They show successfully results using Fourier

descriptors, that ameliorate the recognition rate with respect

to the steady-state parameters. However, the problem of

using Fourier transform is the impossibility of localizing

frequencies in the time domain. This problem can be over-

come if we can add the information about the localization of

these frequencies in the time domain that can be addressed

with the theory of wavelet transform. The method for data

processing consists of curve transient analysis through a

novel set of shape descriptors that represents digitized

pattern in a concise way and that is particularly well-suited

for the recognition with an electronic nose. The set of

descriptors is derived from the wavelet transform of a

patterns contour. The motivation to use an orthonormal

wavelet basis is that wavelet coefficients provide localized

frequency information and that wavelet allow use to decom-

pose a function into a multiresolution hierarchy of localized

frequency bands. In [6] a comparative study of Grahm–

Scmidt, FFT and Haar wavelet transform is presented;

showing the superiority of this last method to have more

informative patterns. Recently, discrete wavelet transform

and FFT has been proposed [7] in combination with Fuzzy

Artmap [8] for the identification of CO and NO2.

This paper describes a compounds recognition system that

relies upon wavelet descriptors to analyze transient shape at

multiple levels of resolution. In fact, the transient response of

tin oxide sensors to gas mixtures contains relevant informa-

tion which is related to the species present in the mixture. In

this way, sensors usually shows a response curve depending

on the odor which with it interacts and the shape of the

transient depends oil the kinetic of the chemical interaction.

Moreover, major information can be obtained from the

analysis of this curve, as compared with the traditional

methods suggested in literature (for example, relative, frac-

tional, etc.). A set of five tin oxide thin film microsensors was

prepared by sol–gel method and used for this application.

2. Electronic nose and signal processing

An electronic nose incorporates an array of chemical

sensors, whose response constitutes an odor pattern. A single

sensor in the array should not be highly specific in its

responses but should respond to a broad range of compounds

such that different patterns are expected to be related to

different odors.

Let us consider a simple odor (pure gas) or a complex one

represented as a concentration vector of the jth odor class

cjðtÞ ¼ ðc1j, c2j; . . . ; cpj), where p � 1 is the number odorant

components. In case of equality, we are in presence of a

simple odor otherwise for p � 1 in a complex odor.

The first stage of the description of the system is the

impact of the odor with the sensor surfaces. The most likely

effect of the transduction process is the measurement of the

electrical resistance, but in other cases could be a change in

mass (for BAW sensors) or electrical potential (for Pd-gate

MOSFET) [9].

The signal generated by the sensor material is then

converted into an electrical signal and then conditioned.

The output signal, for exam, the resistance Rij(t) is digitized.

The converted signal is given by the vector

yjðtÞ ¼

y1j

y2j

..

.

ynj

2
6664

3
7775 (1)

and the array response may be preprocessed for noise and

complexity reduction in order to accomplish the odor recogni-

tion task and for visualization. A typical gas sensor response is

shown in Fig. 1 (ideal case), where the sensor is exposed to a

certain odorant j with a certain concentration cj(t).

Fig. 1. Characteristic response of a chemical gas sensor. The odor is given

with a certain concentration c(t) and the system constituted of a sensor and

the electronics converts the signal into an electrical measure in this case a

resistance R(t) is readout.
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Usually, the rise time tr and the decay time td are

different. However, the output signal Rij(t) is subjected to

divergence from the ideal case by interfering signals.

There are several interfering inputs, the most common

being changes in temperature and relative humidity of odors.

Usually, the heater of a chemoresistor is maintained at

constant voltage but in reality the operating temperature

varies due to any changes in ambient temperature.

Humidity also has a strong effect on most sensors. The

baseline resistance usually decreases as the humidity

increases, although the exact slope depends from the oper-

ating temperature of sensors. Chemical sensor suffer from

long-term stability, caused by physical changes in the sen-

sors and the chemical background, which gives an unstable

signal over the time. Attempts for drift counteraction have

been made both in the pre-processing and recognition stage

(see [10–12]).

Several methods have been applied for an initial data

reduction that are listed in Table 1 for a metal-oxide sensor.

The difference method is usually applied when there is an

additive error Ei both to the baseline y0 and the steady-state

response ys. In the case of multiplicative type of error, it is

better to apply the relative method that represent the ratio of

the steady-state response to the baseline so that the error will

cancel out. The relative parameter is often used with metal-

oxide gas sensors, due to the high sensitivity to concentra-

tion they have. However, the baseline of these sensors is

usually referenced to a specific gas rather than air, since they

are very sensitive in air to the presence of any gas by

showing baseline stability problems. The pre-processing

of this methods has some limitations due to the quite

restricted concentration range. To overcome this problem

the fractional change has been proposed in [9]. This meth-

ods has shown good results in odor recognition using neural

networks [13] for the discrimination of several coffees.

The last method, the log parameter, is more suitable when

the variation of the concentration is very large. A log relative

resistance parameter has the benefit of linearising the sensor

output and taking the value of zero in absence of an odor

input.

3. Wavelet analysis

Wavelet transform is an extension of Fourier transform,

generalized to any wideband transient. Let us think to our

input as a time-varying signal. To analyze signal structure of

very different sizes, it is necessary to use time–frequency

atoms with different time support. The wavelet transform

decomposes signals over dilated and translated wavelets

[14]. The signal may be sampled at discrete wavelength

values yielding a spectrum. In continuous wavelet transform

the input signal is correlated with an analyzing continuous

wavelet. The latter is a function of two parameters such as

scale and position. The widely used Fourier transform (FT)

maps the input data into a new space, the basis functions of

which are sines and cosines. Such basis functions are defined

in an infinite space and are periodic, this means that FT is

best suited to signal with these same features. The wavelet

transform maps the input signal int a new space, the basis

function that are quite localized in space. They are usually of

compact support. The term wavelet comes from well loca-

lized wave-like functions. In fact, they are well localized in

space and frequency, i.e. their rate of variations is restricted.

Fourier transform is not local in space but only in frequency.

Furthermore, Fourier analysis is unique, but wavelet not,

since there are many possible sets of wavelets which one can

choose. Our trade-off between different wavelet set is

compactness versus smoothness.

Working with fixed windows as in the short term Fourier

transform (STFT) may bring to problems. In fact, if the

signal details are much smaller than the width of the window

they can be detected but the transform will not localize them.

If the signal details are larger than the window size, then they

will not be detected properly. The scale is defined by the

width of a modulation function. To solve this problem we

must define a transform independent from the scale. This

means that the function should not have a fixed scale but

should vary. To achieve this, we start from a function c(t) as

a candidate of a modulation function and we can obtain a

family starting from it by varying the scale s as follows:

csðuÞ ¼ jsj�pc
u

s

� �
¼ 1

jsjp c
u

s

� �
;

p � 0 8s 2 R s 6¼ 0 (2)

If c width T then the width of c is sT. In term of frequencies,

we can state that small scales implies c has high frequencies

and increasing s the frequency of cs decreases.

3.1. Continuous wavelet transform

As it is well known, FT uses basis functions consisting of

sines and cosines functions. These functions are time-inde-

pendent. Hence, the description of a signal provided by

Fourier analysis is purely in the frequency domain. The

windowed Fourier transform and the wavelet transform aims

at the analysis of time and frequency. For non-stationary

analysis, windowed Fourier transform or short term FT

(STFT) is best suited. The smaller the window size the

more the number of discrete frequencies that will be

reduced, leading to a weak discrimination potential among

Table 1

Pre-processing formula for metal-oxide sensors where the resistance is

used to compute output signal xij

Method Formula

Difference xij ¼ Rs � R0

Relative xij ¼ Rs/R0

Practional change xij ¼(Rs – R0)/R0

Log parameter xij ¼ ln(Rs/R0)
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frequencies. Given a signal f(t), a window g around the time-

point t and frequency o is

STFTðtoÞ ¼
Z þ1

�1
f ðtÞ gðt � tÞ e�jot dt (3)

Now considering

ktoðtÞ ¼ gðt � tÞ e�jot (4)

as a new basis and rewriting this with window s inversely

proportional to the frequency o and the position parameter b

that replaces t gives the following

kb;sðtÞ ¼
1ffiffi
s

p c t � b

s

� �
(5)

that yields to the continuous wavelet transform (CWT).

While in STFT the basis functions are sinusoids, in the CWT

they are scaled versions of the so called mother wavelet c
(c represents the conjugate, i.e. c

s ðuÞ ¼ ð1= ffiffi
s

p Þcð�u=sÞ.
A wavelet mother function can be constructed in several ways

but subjected to admissibility constraints.

Definition 1. The Morlet–Grossman definition of the con-

tinuous wavelet transform for a one-dimensional signal

f ðtÞ 2 L2ðRÞ, the space of all square integrable functions,

is given as follows:

~f ða; bÞ ¼ 1ffiffiffi
a

p
Z þ1

�1
f ðtÞc t � b

a

� �
dt (6)

where

� ~f ða; bÞ is the wavelet coefficient of the function f(t),

� c(t) is the mother wavelet,

� a > 0 is the scale parameter,

� b is the position parameter.

We can rewrite Eq. (6) as a convolution product:

~f ða; bÞ ¼ f  csðtÞ (7)

The continuous wavelet transform is the result of the

scalar product of the original signal f with the shifted and

scaled version of a prototype analyzing function c(t) called

mother wavelet which has the characteristic of a band-pass

filter impulse response. The coefficients, ~f of the trans-

formed signal f represent how closely correlated the mother

wavelet is with the section of the signal being analyzed. The

higher the coefficient is, the more the similarity.1

The continuous wavelet transform has the following

properties:

1. CWT is a linear transformation,

2. CWT is covariant under translation,

3. CWT is covariant under dilation.

3.2. Haar wavelet function

As it is know, to analyze signals of very different sizes, it

is necessary to use time–frequency atoms with different time

support. A wavelet c 2 L2ðRÞ is a function with a zero

averageZ þ1

�1
cðtÞ dt ¼ 0 (8)

and is also normalized jjcjj ¼ 1 and centered in the neigh-

borhood of t ¼ 0. The scaled and translated versions cs(u)

remain normalized as well.

In 1910 Haar realized that one can construct a simple

piece-wise constant function as shown in Fig. 2 and is

defined as follows:

cðtÞ ¼
1; if 0 � t < 1

2

�1; if 1
2
� t < 1

0; otherwise

8><
>: (9)

whose dilation and translations generate an orthonormal

basis of L2ðRÞ.
Application of this transform to data smoothing and

periodicity detection have been investigated.

3.3. Discrete wavelet transform

Calculating wavelet coefficients at every possible scale is

a fair amount of work, and it generates an awful lot of data.

What if we choose only a subset of scales and positions at

which to make our calculations?

It turns out, that if we choose scales and positions based

on power of two (called dyadic scales and positions) then our

analysis will be much more efficient. This analysis is called

the discrete wavelet transform.

In the discrete case, WT is sampled at discrete meshpoints

and using smoother basis function. But, how to discretized

the time-scale domain in order to have a discrete wavelet

transform (DWT).

In the windowed Fourier transform the time–frequency

domain was discretized using; a uniform lattice Dðt0;o0Þ ¼
fðmt0; no0Þjm; n 2 Zg}, where t0 and o0 are the time and

position, respectively.

It is known that scaling operation acts as a multiplicative

way, that is, composing two consecutive scaling is attained

by multiplying each of the scale factor. Thus, starting from

initial scale s0 > 1 we consider all the discrete scales

sm ¼ sm
0 ; m 2 Z (10)

Now how to discretize the time? It is important to note that

we must obtain a lattice in the time-scale domain in order to

sample (with a minimum redundancy reconstruction of the

original signal) the continuous wavelet transform we have

seen before from the time-scale domain ~f m;n.

Changing the scale, results in the increase of the width of

the wavelet. Also, when the width of the wavelet reduces

with a scale reduction operation, we must increase the

1 Note that the result will depend on the shape of the wavelet you

choose.
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frequency. One of the most important properties of the WT

is the invariance under scale changes. In fact, if we

change the scale in the function f and the scale of the

underlying space by the same scaling factor, the WT does

not change. If we take fs0
ðtÞ ¼ s

�1=2
0 f ðt=s0Þ this implies

~f s0
ðs0s; s0tÞ ¼ ~f ðs; tÞ.
The invariance property of the wavelet transform is very

important and should be preserved even when the WT is

discretized. The preservation can be accomplished when we

pass from one scale sm ¼ sm
0 to the other smþ1 ¼ smþ1

0 by

incrementing the time by the scaling factor s0. We can

choose an initial time t0 and take the length of the sampling

time intervals Dt ¼ t0sm
0 . The time discretization lattice for

each scale sm
0 is given by

tm;n ¼ nsm
0 t0; n 2 Z (11)

and the time-scale discretization domain in the lattice is

Ds0;t0 ¼ fðsm
0 ; nsm

0 t0Þjm; n 2 Zg (12)

the discretization of the WT ~f ðs; tÞ ¼ hf ;cs;tðuÞi in the time-

scale lattice is given by

~f m;n ¼ hf ;cm;nðuÞi (13)

where

cm;nðuÞ ¼ s
�m=2
0 cðs�m

0 u � nt0Þ (14)

The discrete WT has the following characteristics:

� the sequence hf ;cm;ni; m; n 2 Z is an exact representa-

tion of f,

� it is possible to reconstruct f from the family of wavelet

time-scale atoms cm;n,

� {cm;n} constitutes an orthonormal basis for L2ðRÞ.

3.4. Multiresolution and subband coding

In the previous sections, we have seen the continuous

wavelet transform and its discretization in the time-scale

domain.

The idea of the scale is mainly related to the problem of point

sampling of the signal. When we sample a signal we have to fix

the sampling frequency2 and the sampling period.3 If we are

sampling the signal at a frequency 2j this means that frequen-

cies (details) outside the scale magnitude of the samples will be

lost in the sampling process. All of the details captured in a

certain scale, will be present at higher scales 2k, k > m.

The scaling process gives rise to a subspace generation. In

fact, sampling with a frequency of 2j can give rise to the

formation f the subspace Vj 2 L2ðRÞ which is constituted by

the functions in L2ðRÞ whose details are well represented in

the scale 2j. Now let us define a representation operator that

will represent the function f 2 L2ðRÞ in the scale 2j. Let us

suppose that there exist a function f 2 L2ðRÞ such that the

family of functions

fj;kðuÞ ¼ 2�j=2fð2�ju � kÞ; j; k 2 Z (15)

that represent an orthonormal basis for the subspace Vj.

Fig. 2. The Haar function.

2 The length of sample interval.
3 The number of samples in the time unit.
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Defining different scales of f we have

fsðuÞ ¼
1

jsj1=2
f

u

s

� �
(16)

where the width of f is s-times the width of fs. Thus, as the

scale increases or decreases the width of fs, does the same.

Now taking s ¼ 2j, j 2 Z we have

fj;k ¼ f2jðu � kÞ ¼ 2�j=2fð2�ju � kÞ (17)

is an orthonormal basis for Vj.

For each space Vj with scale 2j we can define the operator

Rj : L2ðRÞ ! Vj. This represent the representation operator

that orthogonally project a function f EL2ðRÞ in the space Vj

as follows:

Rjðf Þ ¼ Proj Vjðf Þ ¼
X

k

hf ;fj;kifj;k (18)

From the previous relationships emerges that we can repre-

sent a function f at several scales. It is important to change

the representation from one scale to another without loosing

information. The details of one scale at 2j must appear at a

smaller scale 2j�1. Thus, Vj 2 Vj�1 that means: given a

function f 2 L2ðRÞ then f 2 Vj; iff f ð2uÞ 2 Vj�1 and

recursively we can obtain the following

f 2 Vj; iff f ð2juÞ 2 V0 (19)

Let us now define the multiresolution representation as

follows:

Definition 2. A multiresolution representation in L2ðRÞ is

defined as a sequence of closed subspaces Vj 2 L2ðRÞ; j 2 Z

that satisfies the following properties:

1. Vj � Vj�1,

2. f 2 Vj; iff f ð2uÞ 2 Vj�1,

3.
T

j2ZVj ¼ f0g,

4.
S

j2ZVj ¼ L2ðRÞ,
5. 9f 2 V 0

0ffðu � kÞjk 2 Zg is an orthonormal basis of V0.

The function f is called the scaling function of the multi-

resolution representation. Each of spaces Vj is called scale

spaces, or, more precisely, space of scale 2j.

The orthogonal projection of f 2 L2ðRÞ in the space Vj is

obtained by using a filtering process of f with the different

kernels fj;k; k 2 Z which define low-pass filters. Defining

the Haar multiresolution representation as

fðtÞ ¼
0; if t < 0 and t � 1

1; if t 2 ½0; 1�

�
(20)

whose family represents basis function of the subspace

Vj ¼ ff 2 L2ðRÞ; f ½2jk; 2jðk þ 1Þ� ¼ constant; k 2 Zg
(21)

That is the projection of f on the scale space Vj is given by

a function that is constant in the interval ½2jk; 2jðk þ 1Þ�.

Thus, the orthogonality projection of f 2 L2ðRÞ in the space

Vj is obtained using a filtering process of f with the different

kernels fjk; k 2 Z which define low-pass filters.

Let us now interpret geometrically the sequence of nested

scale spaces in a multiresolution representation. Indicating

the cutting frequency aj of this filters we can say that the

space Vj is constituted of functions whose frequencies are

contained in the interval ½�aj; aj�; aj > 0. Going to a

finer scale Vj�1 we change to the interval [�aj�1; aj�1]

where the relation of the two subspaces Vj and Vj�1 is

given by

Vj�1 ¼ Vj  Wj (22)

where Wj is the detail space that comprises all the functions

of L2ðRÞ with frequencies in the band aj�; aj�1 of the

spectrum. Thus, Wj is orthogonal to Vj and the above states

that a function represented on a finer scale space Vj�1 is

obtained from the representation on a coarser scale space Vj

by adding details Wj. The details can be obtained by

projecting a function f in each subspace Wj using band-pass

filtering whose pass-band is exactly [aj�; aj�1]. In fact, this

filtering process can be computed by projecting f on an

orthogonal basis of wavelets. For each j 2 Z there exists an

orthonormal basis of wavelets {cj;k; k 2 Z} of the space Wj.

Therefore, if Rj is the representation operator on the scale

space Vj, we have, for all f 2 L2ðRÞ

Rj�1ðf Þ ¼ Rjðf Þ þ
X
k2z

hf ;cj;kicj;k (23)

The second term represent the orthogonal projection of

function f on the space Wj and it will be denoted by

ProjWj(f). Now rewriting Eq. (22) in terms of filters we have

Rj�1ðf Þ ¼ Rjðf Þ þ Proj Wjðf ÞRj�2ðf Þ
¼ Rj�1ðf Þ þ Proj Wj�1ðf Þ � � � (24)

iterating this equation for Rj�2; . . . ;Rj�j0 summing up both

sides and performing the proper cancellations, we obtain

Rj�j0ðf Þ ¼ Rjðf Þ þ Proj Wj�1ðf Þ þ � � � þ Proj Wj�j0 (25)

The projection Rj (f) represents a version of low resolution

(approximation) of the signal obtained using successive low-

pass filters fj;fj�1; . . . ;fj�j0
.

The terms Proj Wj�1ðf Þ; . . . ; Proj Wj�j0ðf Þ represent the

details of the signal lost in each low-pass filtering. This

details are obtained by filtering the signal using the wavelets

cj;cj�1; . . . ;cj�j0

4. Experimental setup

The active layers of the array consist of pure and doped

SnO2 thin films prepared by means of sol–gel technology.

Pd, Pt, Os, and Ni were chosen as doping elements starting

from different precursors of the preparation of the modified
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films. The films, whose thickness was 100 nm, were depos-

ited on alumnia substrates supplied with interdigitated

(electrodes and platinum heater, by the spin coating tech-

nique at 3000 rpm, dried at 80 8C and heat treated in air at

600 8C. After deposition, the sensors were mounted onto a

TO8 socket and inserted in the test chamber.

Samples of different compounds were introduced into a

vial kept at room temperature by a thermostatic tank. Many

subsequent measurements were performed, for each sample,

by fixing the exposure time and the purging time at 20 min.

The responses have been acquired with sampling interval of

32 s then acquiring 75 points for each response.

Three gases have been taken under consideration (216

measurements in total): acetone, hexanal and pentanone in

50% relative humidity (RH) and dry air. For a preliminary

analysis these gases in 50% RH.

5. Results and discussion

Three different kinds of analysis have been carried out by

using PCA and neural network. The first analysis is purely

qualitative and for visualization purposes, project data

obtained by the several feature extraction methods pre-

viously discussed onto the first two useful principal com-

ponents.

Principal component analysis is usually carried out as a

low-pass filter, in order to reduce noise in the signal, keeping

components corresponding to the first few eigenvectors that

capture most of the variance contained in the data set.

Usually, the transformation is made into two- or three-

dimensional spaces. Let A be the truncated transformation

matrix constituted of the first useful principal components of

the correlation matrix of the data set. In the experiments that

follow in this paper, the first three principal components

from the measurement yij have been extracted, so the matrix

A is 3 � n and then the observation becomes the three-

dimensional vector xj ¼ Ayj.

The second analysis is more deep because is based on the

classification results of a radial basis function neural net-

work, which is given a pattern composed of the coefficients

extracted with a pre-processing method. The training and

validation procedure is performed using the leave-one-out

procedure which provides an estimate of the generalization

performances of the final classifier.

The RBF network used, creates neurons one at a time. At

each iteration, the input vector which will result in lowering

the network sum–squared error, is used to create a new radial

basis neuron. The error of the new network is checked, and if

low enough the learning phase is finished. Otherwise the

next neuron is added. This procedure is repeated until the

error goal is met (0.001), or the maximum number of

neurons is reached (i.e. the number of training vector

215). A spread of 0.8 is used for radial basis functions in

order to ensure that more than one neuron can respond to

overlapping regions of the input space.

Analysis in the frequency domain has been carried out and

Fig. 3 shows three curves relative to one of the three gases

under consideration. The electronic nose responses the same

frequency domain but different magnitudes for different

odors. So an appropriate low-pass filter is suitable for feature

extraction since the responses have the useful information

we need lying in low frequencies, as opposed to noise that is

present in high frequencies. Unfortunately, drift also resides

in low frequencies and this method carries also this problem

in the transformation, but the reduction of the drift is outside

the scope of this paper. As introduced in the previous

sections, at each level (scale) of signal decomposition,

wavelet, coefficients are divided by approximation (low

frequencies) and details (high frequencies). Also, the coeffi-

cients are obtained by convolving the wavelet function

and the response curve, thus, measuring their correlation

degree.

The mother wavelet used is the Daubechies family since

they guarantee an orthogonal analysis a necessary condition

for feature extraction. After choosing the mother wavelet to

use. the next investigation is the level to stop for getting the

approximation coefficients of the DWT. The higher the scale

the more low frequencies are amplified and high frequencies

are cut off. But this is not an infinite process, in fact the

decomposition level has a lower limit that is the sampling

period and a superior limit that is the signal support. The

Fig. 3. Power spectra density computed on three different odor responses.
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maximum decomposition level of the DWT is the two-base

logarithm of the length of the signal. Since each transient has

a length of approximately 80 samples, then the sixth level is

appropriate, where 26 ¼ 64 < 80 (the seventh level requires

a signal greater than 80 samples).

The graph of the coefficients for one sensor and three

exposures of the sensor array to the same odor (hexanal) is

given in Fig. 5 where coefficients up to the sixth decom-

position level are shown. The first 13 coefficients on the

x-axis shows approximation and the remaining show details.

It is interesting to note that the first coefficients of the three

curves fall all in the same position as shown by the leftmost

patterns (they overlap each other). This may bring to the

conclusion that the same order of coefficients related to the

same odor are the same. So in this graph the first three order

of coefficients can be taken as features to be successively

classified by an opportune classifier. As a counter-example,

Fig. 4 shows coefficients related to different odors. However,

the first coefficients of the approximation of the three odor

curves do not discriminate well since they overlap. The

discrimination starts from the third order of coefficient until

the sixth, and the scale is larger than the coefficients shown

in the Fig. 5. This states that a number of six coefficients is

suitable is features and that wavelet transform enlarge

the range of the coefficients for different odors while

maintaining small the variability of the range coefficients

related to the same odor (compare the two figures for the

fifth coefficient).

The transient has been analyzed in three time parts

response. rise time, recovery time and the complete curve

(i.e. from the rise time to the next when a new odor is

present). Over all this experiments the extraction of the first

six coefficients over the complete transient has shown better

results. However, it has been shown that the recovery time is

more informative than the rise time, but in general better

results are obtained with the complete curve. In Fig. 6 is

shown the score plot of the first two principal components

computed in the wavelet space for visualization. Tables 2

and 3 give the classification results with RBF for input

pattern of 30 wavelet descriptors.

Traditional methods such as the relative, fractional, dif-

ference and log parameter, present almost the same behavior

for the data under consideration in terms of classification.

As a comparison, also Fourier descriptors have been

tested against wavelet descriptors. Fourier descriptors pro-

vide a frequency measure of the curve under consideration

without localizing them in the time domain. The fast

Fourier transform (FFT) is used which allows 115 to

compute very quickly the discrete transformation with a

good approximation. The first 10 descriptors have been

Fig. 4. Coefficients extracted up to the sixth level of DWT decomposition for three responses of tile three considered odor (pentanone hexanal, and acetone).
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considered for each curve, since they possess the greatest

magnitude and, low frequencies dominate in the response

curve. The feature vector pattern is then composed of 50

descriptors, which have been: projected onto the first two

principal components for visualization as shown in Figs. 7

and 8 and; given to RBF for discrimination capabilities

(Table 4).

Integrals and derivatives have also been investigated to

benchmark them against the above discussed feature extrac-

tion methods.

Fig. 5. Coefficients extracted up to the sixth level of DWT decomposition for three response of the same odor (hexanal).

Table 2

Confusion matrix of the wavelet analysis

1 2 3 4 5 6 7

1 28 0 0 0 0 0 0

2 0 21 0 0 0 0 0

3 0 0 25 0 0 0 0

4 0 0 0 29 0 0 0

5 0 0 0 0 35 0 0

6 0 0 0 0 0 22 0

7 0 0 0 0 0 0 60

The total recognition percentage is 100%. (1) Humidity; (2) acetone; (3)

acetone in 50% RH; (4) hexanal; (5) hexanal in 50% RH; (6) pentanone;

(7) pentanone in 50% RH.

Table 3

Confusion matrix of the relative method feature extraction

1 2 3 4 5 6 7

1 26 0 2 0 0 0 0

2 0 21 0 0 0 0 0

3 4 0 16 0 5 0 0

4 0 0 0 28 0 1 0

5 1 0 1 0 31 0 2

6 0 0 0 22 0 0 0

7 0 0 0 0 3 0 57

The total recognition percentage is 81.36%. (1) Humidity; (2) acetone; (3)

acetone in 50% RH; (4) hexanal; (5) hexanal in 50% RH; (6) pentanone;

(7) pentanone in 50% RH.
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The aim is the computation of the integral of the f function

in the interval [a, b], where a represents the time step of the

concentration change in the rise time, and b the end of the

recovery time (where _f ðtÞ ¼ 0). The applied Newton–Cotes

method [15] is based on the substitution of the function that

represents the transient response with a more simple approx-

imate function:

I ¼
Z b

a

f ðxÞ dx �
Z b

a

fnðxÞ dx (26)

where fn(x) is polynomial function of order n defined as

follows:

fnðxÞ ¼ a0 þ a1x þ � � � þ an�1xn�1 þ anxn (27)

The order of the polynomial function determines the

accuracy of the method in our experiments we used the

‘‘Simpson’s 1/3 rule’’ which uses a second order polynomial

function.

Simpson’s rule finds the area under the parabola which

passes through three points (the end point the midpoint, i.e.

x0, x1, x2) on a curve. In essence the rule approximates the

curve by a series of parabolic arcs and the area under the

parabolas is approximately the area under the curve. The

Simpson’s rule as well as the other Newton–cotes methods

Fig. 6. Principle component analysis done in the wavelet space for the three gases measured in dry and humid air. Each observation has 30 coefficients

(features) since for each response of the five sensors, the first six coefficients are extracted (compare the result with the traditional method shown in Fig. 7).

Table 4

Confusion matrix of the FFT method

1 2 3 4 5 6 7

1 28 0 0 0 0 0 0

2 0 21 0 0 0 1 0

3 0 0 25 0 2 0 0

4 0 0 0 29 0 1 0

5 0 0 1 0 34 0 1

6 0 0 0 0 0 22 0

7 0 0 0 0 2 0 60

The total recognition percentage is 96.36%. (1) Humidity; (2) acetone; (3)

acetone in 50% RH; (4) hexanal; (5) hexanal in 50% RH; (6) pentanone;

(7) pentanone in 50% RH.
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can be applied only if the points are equally spaced. The

transient response has been split into 25 intervals where the

area is computed as follows:

I ¼ ðx2 � x0Þ
f ðx0Þ þ 4f ðx1Þ þ f ðx2Þ

6
(28)

The observation pattern is composed of five features each

one of them describing the are of the corresponding sensor

response. Fig. 9 shows the PCA plot of the extracted

features. The five features are given to the RBF for training

and classification with leave-one-out procedure, and the

confusion matrix is given in Table 5. It is interesting

to note that this method produces very informative features

as compared with the results obtained with the wavelet

descriptors.

Another applied method is the study of the local gradient

over the whole transient response. Even in this case, the

study of the local gradient has been carried out by approximation

using the Taylor series. Starting from a first order Taylor series

f ðxiþ1Þ ¼ f ðxiÞ � f 0ðxiÞðxiþ1 � xiÞ we can approximate the

derivative in the point xi as follows:

f 0ðxiÞ ¼
f ðxiÞ � f ðxiþ1Þ

xiþ1 � xi

(29)

The mean derivative has been computed over intervals of

10 point samples so then for the whole transient response a

Fig. 7. Result using the traditional method of applying the relative method (Is/I0) for the extraction of the features from one response of the sensor and then

performing the principle component analysis on the observation space of five elements (one observation from each sensor as opposed to the six extracted with

the wavelet analysis).

Table 5

Confusion matrix of the integration method

1 2 3 4 5 6 7

1 28 0 0 0 0 0 0

2 0 21 0 0 0 0 0

3 0 0 25 0 0 0 0

4 0 0 0 29 0 0 0

5 0 0 0 0 34 0 1

6 0 0 0 0 0 22 0

7 0 0 0 0 0 0 60

The total recognition percentage is 99.54%. (1) Humidity; (2) acetone; (3)

acetone in 50% RH; (4) hexanal; (5) hexanal in 50% RH; (6) pentanone;

(7) pentanone in 50% RH.
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number of (75/10Þ � 7 features are obtained leading to 35

features for each observation of the array five sensors. Fig. 10

shows the result of mean derivative method by using PCA

and in Table 6 the confusion matrix of the seven feature

vectors classified by the RBF is given.

All of the compounds in dry air have shown good results.

Only the cluster related to humidity is well defined and

separable from others in all the experiments, while hexa-

nal and acetone are mixing up in dry air. Among all the

steady-state methods, the difference method have shown

better results.

However, when analyzed in presence of humidity (50% RH)

the performance of the classifier are decreased. It is interest-

ing to note that after inspecting data with PCA, humid

compounds and dry compounds are separate from each

other. Traditional methods provides poor results in the first

two principal dimensions, in fact, in the two macro-clusters

(dry and humid) the compounds have disordered positions.

Hexanal from pentanone in dry air have correlated features,

making RBF difficult to classify them correctly. It has been

shown that features made only of steady-state information,

weakly discriminate classes of odors. Features extracted

from the transient response, are more informative but as

opposed to traditional steady-state methods, they inherit

sensor long-term stabilities problems. These are shown with

the humidity and pentanone measurements. The derivative

method presents better results with 95% classification rate

considering the whole curve analysis. Some of the transient

analysis methods have also been investigated for the rise and

recovery time. A study of the derivative method restricted to

the rise time and recovery time has produced 95 and 93%

recognition rates, respectively. The integration method

have shown results better results both in the PCA space

Fig. 8. Principal component analysis done in the Fourier space for the three gases measured in dry and humid air. Each observation has 50 features since for

each response of the five sensors, the first 10 coefficients are extracted.

Table 6

Confusion matrix of the gradient method

1 2 3 4 5 6 7

1 28 0 0 0 0 0 0

2 0 20 0 1 0 0 0

3 0 0 25 0 0 0 0

4 0 0 0 29 0 0 0

5 0 0 4 0 29 0 2

6 0 1 0 0 0 21 0

7 0 0 0 0 2 0 58

The total recognition percentage is 95.45%. (1) Humidity; (2) acetone; (3)

acetone in 50% RH; (4) hexanal; (5) hexanal in 50% RH; (6) pentanone;

(7) pentanone in 50% RH.
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Fig. 9. Principal component analysis with the integration method for gases measured in dry and humid air. Each observation has five features corresponding

to the areas computed oil the responses starting from the release of the aroma in the test chamber.

Fig. 10. PCA plot of the features extracted with the derivative method.



and with RBF classification leading to 99% over the whole

response and 96 and 98% for the rise and recovery of time,

respectively. The multiresolution approach with wavelet

analysis conducted for the whole response have shown best

performance overall methods here presented. In this case,

both linear separation and better classification results have

been obtained.

Rise time and recovery time parts of the curve gave

classification rates of 99 and 100% accuracy, respectively.

6. Conclusions

A new method to characterize several odors from an array

of gas sensor responses has been described in this paper. The

problem to address was the study of the transient response in

terms of informative content stored in the curve (rise part,

recovery part and both). The recovery part is more infor-

mative than the rise one but the use of the whole curve

carries better information. Then the wavelet analysis is

performed on each transient response. The feature vector

is obtained from the approximation coefficients of multi-

resolution analysis with wavelet transform and is analyzed

with principal component analysis and radial basis Function

neural network. Although wavelet transform captures the

frequency content of the signal at each decomposition level,

it would have been reasonable to make a feature vector

composed by maximums approximation coefficients in each

level. This performed poorer than the method we used, since

a good compression rate and the more discriminative fea-

tures were obtained with the coefficients of the highest

decomposition level.

The new method is compared with the most common

techniques of signal processing in the context of electronic

nose community. The performed measurements have shown

that when we use wavelet descriptors the capability of the

recognition system to classify three organic compounds

improves notably. Table 7 gives the recognition results by

using a RBF neural network trained with the features

extracted with the considered methods.
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[2] T. Eklöv, P. Mårtensson, J. Lundström, Enhanced selectivity of

mosfet gas sensors by systematical analysis of transient parameters,

Anal. Chim. Acta 353 (1997) 291–300.
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