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Data  processing  methods  commonly  used  in conjunction  with  the  array-  and  quasi-array-based  gas  iden-
tification  systems  generally  include  a dimension  reduction  followed  by categorization  using  a  classifier.
Here,  we  have  applied  an ensemble  of  classifiers,  directly  to  the  high  dimensional  feature  vectors  and
fused  their  verdicts  by majority  voting.  The  quasi-array  investigated  is a  metal  oxide  sensor  temperature-
as  recognition
nformation fusion

etal  oxide gas sensor
perating  temperature modulation

modulated  with  different  rectangular  heating  voltage  pulses.  The  experimental  database  was  developed
by  recording  the  temporal  responses  obtained  at different  conditions  to methanol,  ethanol  and  1-butanol
vapors.  Features  related  to each  response  were  extracted  by  wavelet  transform.  The  classification  rates
achieved  with  traditional  methods  were  compared  to  that  obtained  using  an  ensemble  of  classifiers.
The  classification  rate  was  improved  by majority  voting  among  the  classifiers,  each  trained  on  different

assifi

as diagnosis

feature  subsets,  for  the  cl

. Introduction

The problem of high dimensional data in e-noses, also referred
o as “the curse of dimensionality” in statistical pattern recog-
ition, significantly increase the complexity of the classification
lgorithm, time and memory requirements. Many of the features of
he recorded patterns are irrelevant or redundant due to the cross-
electivity of the responses of the array components or the outputs
f the virtual components of the virtual array utilized [1]. A sim-
le strategy to reduce the number of features is to select a subset
f the available features, feature subset selection (FSS). The goal of
SS is to find an optimal subset of features that maximizes predic-
ion or classification accuracy. An exhaustive search of all possible
ubsets of features will guarantee that the optimal subset is found.
owever, this is computationally impractical even for a moderate
umber of features. The performance of different sensors and fea-
ure selection methods have been studied by various researchers in
he electronic nose community [2–5], but the potential improve-

ent in classification through feature fusion by ensemble-based
pproach [6–8] has not been a topic in research. While the feature

election seeks to find an optimal subset of features, the goal of
lassifier ensembles is to combine the outputs of diverse classifiers
o achieve optimal accuracy. This approach generally belongs to
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the multiple classifier systems which are explained in detail in the
following section.

The  responses of a chemoresistor temperature-modulated with
a heating voltage waveform contain significant amount of infor-
mation related to the nature of the prevailing analyte in the
background atmosphere [9–12]. Different voltage waveforms, such
as staircases, pulse trains, sinusoidals, and step functions have been
applied to the microheater of these sensors resulting in different
success levels in analyte recognition by utilization of a single clas-
sifier [13–17]. Traditionally, a dimension reduction is carried out
on the features of the recorded response patterns, and the classi-
fier is trained based on the training database comprising all the low
dimension features.

Here,  we demonstrate the significance of using an ensemble of
classifiers, in the categorization of gases using an operating tem-
perature modulated gas sensor for the first time. A generic tin
oxide-based gas sensor is temperature modulated with six differ-
ent rectangular heating voltage pulses. The responses obtained are
introduced to an ensemble of six classifiers, each trained on dif-
ferent feature subsets, for classification. The obtained classification
rate is compared with those achieved with traditional processing
methods utilizing a single classifier trained on all the recorded fea-
ture database.

2.  Multiple classifier systems
Combining  multiple classifiers to achieve higher accuracy is one
of the foremost research areas in machine learning. It is known
under various names, such as multiple classifier systems, classifier
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Fig. 1. The structure of a multiple classifier system.

nsemble, committee of classifiers, and classifier fusion. Multiple
lassifier systems can generate more accurate classification results
han each of the individual classifiers [18]. In such systems, as
hown in Fig. 1, the classification task can be solved by integrat-
ng different classifiers, leading to better performance. However,
he ensemble approach depends on the assumption that single
lassifiers make errors on different samples, known as classifier
iversity [19]. The intuition is that if each classifier makes different
pecific errors, then the total errors can be reduced by an appro-
riate combination of these classifiers. There are three general
pproaches to create an ensemble of classifiers. The most straight-
orward approach is using different learning algorithms for the base
lassifiers or variations of the parameters of the base classifiers. For
xample, different initial weights or different topologies of a series
f neural network classifiers can be utilized as different base clas-
ifiers. Another approach is using different training sets to build
ifferent base classifiers. Such sets are often obtained from the
riginal training set by re-sampling techniques [20,21].

The  third approach, which is employed in this work for clas-
ification of the response patterns of a thermally modulated gas
ensor, is to train the individual classifiers with data that consist of
ifferent feature subsets, or so-called ensemble feature selection
22]. While traditional feature selection algorithms seek to find an
ptimal subset of features, the goal of ensemble feature selection
s to find different feature subsets to generate accurate and diverse
lassifiers. In the random subspace method [6], the ensemble sys-
em is built by randomly choosing the feature subsets. These feature
ubsets are generated by randomly selecting m features from the n-
imensional feature space (m < n). Then, each feature subset is fed

nto an individual classifier. Finally, all classifiers are aggregated
y an appropriate combination rule. While common classification
ystems suffer from the high-dimension data, the ensemble feature
election approach takes advantage of large number of features [6].

Regardless of the base classification algorithm used, the diverse
lassifiers are then fused by a combination technique such as voting
ethods, fuzzy integral, Markov chains, Dempster-Shafer rule, and

ehavior knowledge space [18].

. Experimental

Experiments were carried out to establish a database of response

atterns recorded in air contaminated with three different volatile
rganic compounds each at different concentrations. The sensor
sed is a generic tin oxide-based general sensitivity gas sensor (SP3-
Q2, FIS Inc., Japan), which is operating temperature-modulated
Fig. 2. The schematics of the experimental setup.

with different voltage waveforms applied to its microheater. The
microheater of the sensor is a ruthenium oxide-based thick film
with a room temperature resistance of ∼57 �. The experimental
setup is schematically shown in Fig. 2.

An atmosphere-controlled chamber of 8-l volume (Fig. 2) is uti-
lized for response recordings. The background gas is clean air, and
the analytes examined are methanol, ethanol, and 1-butanol vapors
at concentration levels ranging from 100 to 2000 ppm. The clean
air in the chamber is contaminated by injecting predetermined
volumes of the liquid chemicals with a sampler, which are evapo-
rated in the closed chamber. The chamber air is mixed with a small
electric fan for homogenization. The contamination level is con-
tinuously monitored using a reference sensor. Data obtained from
the reference sensor is used only for the purpose of comparison of
the experimental conditions; analyte concentrations given in rela-
tion to the response patterns are calculated based on the amount
of the liquid analyte injected to the chamber. No specific control
was imposed, and no compensation measure was taken [23], on
the temperature and humidity level of the chamber atmosphere.
Throughout all the experiments; the respective ranges of tempera-
ture and relative humidity were 22–27 ◦C and 30–50%. The chamber
has a gas impermeable lid which opens to allow the insertion of
the temperature-modulated gas sensor. The sensor is mounted on
a ceramic probe through which the heating and response signal
carrying wires are connected to the related peripheral electronic
units.

Voltage pulses of different temporal profiles are generated
using a computer programmable “multifunction card” (PCI-1711L,
Advantech Co., USA) connected to the microheater of the gas sensor
via a custom-designed buffer circuit which prevents overloading
of the card. The circuit used for obtaining the responses, shown in
Fig. 2, converts the variations of the resistance of the sensor pallet
to a voltage signal. This includes a 2.2 k� resistor (Ro) connected
in series to the gas sensor and a DC voltage source. The voltage
drop on Ro is approximately proportional to the conductance of the

gas sensor. Regardless of this approximate relationship, the tempo-
ral signal, v(t), measured at point A, is considered as the response
pattern related to the prevailing contaminated atmosphere. v(t) is
sampled at a rate of 100 s−1, digitized and recorded.
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Fig. 3. (a) Six rectangular voltage pulses (dotted line) used for the thermal modu-
lation  of the gas sensor along with the responses recorded for methanol at different
c
r
r

o
t
t
s
s
a

oncentrations  in the 100–2000 ppm range in air. The inset shows the response
ecording  circuit; (b) and (c) similar responses recorded for ethanol and 1-butanol,
espectively.

Prior to each experiment, the device is constantly at its nominal
perating temperature in clean air, at least for 15 min. The nominal
emperature on the sensitive oxide layer is achieved by applying

he nominal heating voltage of the device (5 V DC, according to the
ensor’s data sheet) to its microheater. This is to clean up the pallet
urface from the probable residues of the previous measurements
nd to bring the device to thermal equilibrium. The probe was, then,
Fig. 4. (a–c) Three example microheater voltage waveforms are given along with
their respective sensor responses. All the responses shown are related to methanol
at  different concentrations in the 100–2000 ppm range in air.

inserted into the above described gas chamber containing air con-
taminated with a predetermined concentration of a known target
gas. The heating voltage remains at 5.0 V for another 3 min. Dur-
ing this period, the sensor reaches its steady-state response level
related to the contaminated atmosphere of the chamber.

Starting at t = 0, defined to coincide the end of the 3 min  soaking
time, the temperature modulating voltage waveform is applied to
the sensor microheater. All the waveforms examined start with a
step fall from 5 to 2 V. The different waveforms used for thermal
modulation, presented in Fig. 3, finally bring the heating volt-
age level back to its nominal level, when another measurement
sequence can be started. The voltage waveforms are simple rect-

angular pulses with different amplitudes and/or durations. The
responses recorded for methanol, ethanol, and 1-butanol at dif-
ferent concentration levels using 6 different amplitude heating
voltage pulses of constant duration (40 s) are given in Fig. 3a–c.
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Fig. 5. Results of PCA mapping of the feature vectors of the three target gases, each at various concentrations in the range of 100–2000 ppm, to a 3-D feature space using
the feature subsets extracted from three couples of different rectangular heating voltage pulses (a–c). (d) Feature space segregation of the different target gases achieved by
f c).
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using  all the information related to the six different pulses used for obtaining (a)–(

esponses were generated for three different pulse durations of
imilar general configurations. As a result a collection of 18 differ-
nt pulsed responses were available for each target analyte at any
oncentration; examples are given in Fig. 4a–c.

. Results and discussion

The  voltage waveforms used for the temperature modulation of
he sensor consist of 18 different rectangular voltage pulses which
esult in 18 temporal responses for each atmospheric condition
xamined. Only six out of these responses were selected for sub-
equent processing. The reason was to make the case challenging
or the different classification techniques being compared. Each
ecorded single pulse response, similar to the examples presented
n Fig. 4, is transformed by db2 wavelet [24] for feature extraction.
he obtained wavelet coefficients are defined as the feature vector
f the response. The three different contaminants each examined
t 19 different concentrations with six different temperature mod-
lating pulses applied, produced a total of 57 × 6 feature vectors.
hese vectors were utilized for the classification of the analytes
ith the different techniques described below.

Principal component analysis (PCA) was used for mapping the
eature vectors to separate 3-D feature spaces. The PCA results
btained are given in Fig. 5a–d indicating somehow overlapping
f the clusters in the feature space. In these calculations 18 out of
he 19 feature vectors related to each class are considered as the
raining vectors. The remaining vector is assumed as the test data
nd is utilized for examining the success rate of the classification
rocess (see Fig. 5). The classification results were cross-validated
y reshuffling of the test vector position among all vectors available.

he overall classification success rates are given in Table 1.

In  a different attempt, the data processing described in the
owchart given in Fig. 6 was utilized for the classification of
he produced feature vectors. The process consists of defining six
feature  subsets based on the db2 transformed responses related
to the different heating voltage waveforms, training of six simi-
lar structure support vector machines (SVMs) as the base learners
with the Gaussian kernel on these training subsets, and forming
an ensemble of classifiers for the classification of the input data.
Six different temporal responses are recorded for an unknown
analyte. Each response consists of 2.5–8 kB of data which is db2-
transformed to 0.3–1 kB to form the feature subset related. These
were fed to their respective expert SVMs for classification. Six votes
were cast by the six SVMs each relating the unknown analyte to one
of target classes. The classification verdict was determined by the
majority voting among these classifiers. In Table 2 the classifica-
tion results of the individual SVM classifiers and those obtained
from fusing the classifiers output by majority voting are presented.

A comparison of the results presented in Table 2 to those given in
Table 1 indicates the superiority of utilizing an ensemble of expert
classifiers to a single generally trained one. The method is general
and can be utilized on the target gas-related data obtained via dif-
ferent selective gas sensors [25–28]. In a similar process all the
SVMs were replaced with the same number of multi layer percep-
trons (MLPs). The obtained classification results are also given in
Tables 1 and 2 indicating a classification enhancement level close
to those obtained by utilization of SVMs.

In the suggested ensemble technique, the computation involves
matrices of lower dimensions: in the traditional method, the
dimension reduction calculations are performed on a 342 × n,
where n is the selected number of wavelet coefficients, feature
matrix formed by wavelet transformation of all recorded responses.
In the multi-classifier case, however, the feature matrix is divided
into six 57 × n subset matrices. In this case, calculations on the

342 × n matrix are omitted and classifications by the ensemble
members are carried out directly on the 57 × n feature subsets.

Although the observed gas recognition accuracy enhancement is
around 10% (Tables 1 and 2), it clearly indicates that an ensemble of
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Table 1
The  classification success rates obtained using the traditional classification method using only one SVM/MLP classifier along with the utilization of PCA dimension reduction
technique.

Dimension Reduction PCA PCA
Classifier  SVM MLP

Pulse train a  b c a, b, c a b c a, b, c

Example of related sensor responses Fig. 4a Fig. 4b Fig. 4c – Fig. 4a Fig. 4b Fig. 4c –
Related  feature space Fig. 5a Fig. 5b Fig. 5c Fig. 5d Fig. 5a Fig. 5b Fig. 5c Fig. 5d
Success  rate of cross validation % 69.2 85.7 80.9 82.2 61.8 82.3 78.4 80.0

Fig. 6. The flowchart of the data processing carried out on the recorded responses of a sensor temperature modulated with six different microheater voltage pulses. The goal
is  to discriminate between methanol, ethanol and 1-butanol.

Table  2
The  classification results of six different base classifiers, all SVMs or all MLPs, each operating individually on the feature subsets extracted from the responses related to a
specific  microheater pulse, and the result of their fusion by ensemble forming and majority voting.

Base classifiers Ensemble

Classifier code 1 2 3 4 5 6 Fusion

84.5 

85.2 

e
t
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s
e

5

w
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m
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t

Accuracy obtained with SVM % 82.8 63.8 

Accuracy  obtained with MLP  % 81.1 68.6 

xpert classifiers results in better classification. It has been shown
hat this enhancement level may  depend on the type of the dataset,
s well [18]. Hence, similar approaches on differently collected gas
ensor responses may  result in even higher levels of classification
nhancement. Further work in this respect is recommended.

.  Conclusion

Using a generic gas sensor, operating temperature modulated
ith six different heating voltage pulses, six different temporal

esponse patterns were generated for each analyte. The features of
hese responses were subsequently extracted by wavelet transfor-

ation. For the purpose of comparison, two different approaches
ere utilized for analyte classification: the first approach com-

rised feature dimension reduction followed by classification with

 support vector machine trained based on all the training feature
atabase. In the second approach, an ensemble of six struc-
urally similar support vector machines, each trained based on a
89.6 87.9 89.6 92.0
88.1 87.9 88.3 92.4

predetermined feature subset related to a specific heating volt-
age pulse, were directly applied to the respective feature subset.
The fusion of the information contents of these feature subsets
was, then, carried out by majority voting among these expert
classifiers.

The classification success rate achieved by the ensemble of
expert classifiers is higher than that of the generally trained classi-
fier. Further work is required for clarification of the source(s) and
maximization of this classification enhancement. At this stage it
can be attributed to variety of procedure specifications such as the
amount of analyte-related information lost in the dimension reduc-
tion process or the higher efficacy in expert classifier training. The
findings reported are useful for the researchers in the field of arti-
ficial olfaction as the majority of the work reported in the related

literature have utilized a single classifier. The technique is com-
putation cost effective, significantly reduces the dimensions of the
feature matrices involved, and is of general applicability to various
array- and quasi-array-based gas analysis systems.



2  Actua

R

[

[

[

[

[

[

[

[

[

[

[
[

[

[

[

[

[

[

[

researcher  in information technology (IT) in 2004. He is also, the winner of Shaheed
46 A.  Amini et al. / Sensors and

eferences

[1] R. Gutierrez-Osuna, Pattern analysis for machine olfaction: a review, IEEE Sen-
sors Journal 2 (2002) 189–202.

[2] M.  Aleixandre, I. Sayago, M.C. Horrillo, M.J. Fernandez, L. Ares, M.  Garcia, C.P.
Santos, J. Gutearres, Analysis of neural networks and analysis of feature selec-
tion with genetic algorithm to discriminate among pollutant gas, Sensors and
Actuators B: Chemical 103 (2004) 122–128.

[3]  E. Phaisangittisagul, H.T. Nagle, Sensor selection for machine olfaction based on
transient feature extraction, IEEE Instrumentation & Measurement Magazine
57 (2008) 369–378.

[4] J.W. Gardner, P. Boilot, E.L. Hines, Enhancing electronic nose performance by
sensor selection using a new integer-based genetic algorithm approach, Sen-
sors and Actuators B: Chemical 106 (2005) 114–121.

[5]  T. Eklov, P. Martensson, I. Lundstrom, Selection of variables for interpreting
multivariate gas sensor data, Analytica Chimica Acta 381 (1999) 221–232.

[6] T.K. Ho, The random subspace method for constructing decision forests, IEEE
Transactions on Pattern Analysis and Machine Intelligence 20 (1998) 832–844.

[7]  M.A. Bagheri, G.A. Montazer, Ensemble classifier strategy based on transient
feature fusion in electronic nose, in: 14th ISOEN Conference Proceedings, vol.
1362, New York City, USA, 2011, pp. 241–245.

[8]  E. Phaisangittisagul, H.T. Nagle, Enhancing multiple classifier system perfor-
mance for machine olfaction using odor-type signatures, Sensors and Actuators
B: Chemical 125 (2007) 246–253.

[9] A. Amini, S.M. Hosseini-Golgoo, Rapid recognition of airborne combustible
molecules with an operating temperature-modulated gas sensor, Sensor Let-
ters 10 (2012) 820–824.

10] A.P. Lee, B.J. Reedy, Temperature modulation in semiconductor gas sensing,
Sensors and Actuators B: Chemical 60 (1999) 35–42.

11] S. Nakata, S. Akakabe, M.  Nakasuji, K. Yoshikawa, Gas sensing based on a
nonlinear response: discrimination between hydrocarbons and quantification
of individual components in a gas mixture, Analytical Chemistry 68 (1996)
2067–2072.

12]  P.H. Rogers, S. Semancik, Feedback-enabled discrimination enhancement for
temperature-programmed chemiresistive microsensors, Sensors and Actua-
tors B: Chemical 158 (2011) 111–116.

13] F. Hossein-Babaei, S.M. Hosseini-Golgoo, Analyzing the responses of a ther-
mally modulated gas sensor using a linear system identification technique for
gas diagnosis, IEEE Sensors Journal 8 (2008) 1837–1847.

14]  A. Heilig, N. Bârsan, U. Weimar, M.  Schweizer-Berberich, J. Gardner, W.  Göpel,
Gas identification by modulating temperatures of Sno2-based thick film sen-
sors, Sensors and Actuators B: Chemical 43 (1997) 45–51.

15] F. Hossein-Babaei, S.M. Hosseini-Golgoo, A. Amini, Extracting discriminative
information from the Pade-Z-transformed responses of a temperature-
modulated chemoresistive sensor for gas recognition, Sensors and Actuators
B: Chemical 142 (2009) 19–27.

16] R. Gutierrez-Osuna, A. Gutierrez-Galvez, N. Powar, Transient response analysis
for temperature-modulated chemoresistors, Sensors and Actuators B: Chemi-
cal 93 (2003) 57–66.

17] F. Hossein-Babaei, A. Amini, A breakthrough in gas diagnosis with a
temperature-modulated generic metal oxide gas sensor, Sensors and Actuators
B: Chemical 166–167 (2012) 419–425.
18] R. Polikar, Ensemble based systems in decision making, IEEE Circuits and Sys-
tems Magazine 6 (2006) 21–45.

19] L.I. Kuncheva, C.J. Whitaker, Measures of diversity in classifier ensembles and
their relationship with the ensemble accuracy, Machine Learning 51 (2003)
181–207.
tors B 187 (2013) 241– 246

20] L. Breiman, Bagging predictors, Machine Learning 24 (1996) 123–140.
21] Y. Freund, R.E. Schapire, A decision-theoretic generalization of on-line learning

and an application to boosting, Journal of Computer and System Sciences 55
(1997) 119–139.

22] A. Tsymbal, M.  Pechenizkiy, P. Cunningham, Diversity in search strategies for
ensemble feature selection, Information Fusion 6 (2005) 83–98.

23] F. Hossein-Babaei, V. Ghafarinia, Compensation for the drift-like terms caused
by environmental fluctuations in the responses of chemoresistive gas sensors,
Sensors and Actuators B: Chemical 143 (2010) 641–648.

24] I. Daubechies, Ten Lectures on Wavelets, vol. 61, SIAM, Philadelphia, 1994, pp.
194–202.

25]  V. Ghafarinia, A. Amini, M.  Paknahad, Gas identification by a single gas sensor
equipped with microfluidic channels, Sensor Letters 10 (2012) 844–848.

26] F. Hossein-Babaei, V. Ghafarinia, Gas analysis by monitoring molecular diffu-
sion in a microfluidic channel, Analytical Chemistry 82 (2010) 8349–8355.

27] F. Hossein-Babaei, M. Orvatinia, Transient regime of gas
diffusion–physisorption through a microporous barrier, IEEE Sensors
Journal 5 (2005) 1004–1010.

28] F. Hossein-Babaei, S. Abbaszadeh, M.  Samiee Esfahani, Gas sensitive porous
silver-rutile high temperature Schottky diode on thermally oxidized titanium,
IEEE Sensors Journal 9 (2009) 237–243.

Biographies

Amir Amini received his B.Sc. degree in electrical engineering from the University
of Guilan, Iran, in 2004, and the M.Sc. degree in microelectronics from the K.N. Toosi
University of Technology, Tehran, Iran, in 2006. He is currently a Ph.D. candidate
at  the Electrical Engineering Department of KNTU. His main areas of interest are
machine olfaction, pattern recognition, and automotive electronics.

Mohammad  Ali Bagheri received the M.S. degrees in Information Technology from
the Tarbiat Modares University, Tehran, Iran, in 2008. He is currently pursuing the
Ph.D. degree at Tarbiat Modares University, Iran. His research interests include pat-
tern recognition, machine learning with special interest in machine olfaction, image
analysis, and evolutionary computation.

Gholam Ali Montazer received his B.Sc. degree in Electrical Engineering from the
Kh. N. Toosi University of Technology, Tehran, Iran in 1993 and his M.Sc. and Ph.D.
degrees in Electrical Engineering from the Tarbiat Modares University, Tehran, Iran
in 1995 and 1999, respectively. Currently, he is an associate professor in the depart-
ment of information technology at school of engineering, Tarbiat Modares University
(TMU). His areas of research include soft computing approaches such as Artificial
Neural  Network (ANN), Fuzzy Set Theory (FST), Rough Set Theory (RST), Evolution-
ary  Computation and their applications in pattern recognition, e-learning systems,
and e-commerce environment. He is the editor-in-chief of Iranian Journal of Informa-
tion Technology(JIT) as well as an editorial board member for International Journal
of  Information Science and Management (IJISM) and Journal of Science and Technol-
ogy  Policy (JSTP). He has received many national and international awards such as
Kharazmi International Award (KIA) in 2005, the Best Academic Book Author (BABA)
for the book Nonlinear Control in 2003. ISESCO recognized him as the distinguished
Rajaei 2nd best Research Award (2009) and the National Distinguished Specialist in
Information Technology (2010). He was the general chair for the National Conference
on  IT and Industry in Iran in 2005 and the general chair for the National Symposium
on  The Most Appropriate Technologies for Iran (2010).


	Improving gas identification accuracy of a temperature-modulated gas sensor using an ensemble of classifiers
	1 Introduction
	2 Multiple classifier systems
	3 Experimental
	4 Results and discussion
	5 Conclusion
	References
	Biographies


