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The abilities of two different neural networks, a neuro-fuzzy and a multilayer perceptron, in modeling

and recognition of the response patterns of a temperature-modulated resistive gas sensor are

compared. Five target gases including methanol, ethanol, 2-propanol, 1-butanol, and hydrogen,

each at 11 different concentration levels, are selected for diagnosis using a single commercial gas

sensor. For temperature modulation of the sensor, a staircase voltage waveform containing five

voltage steps, each followed by a 20 s wide plateau is applied to the micro-heater of the sensor.

This, in turn, alters both the temperature and the resistance profiles of the sensing layer which are

considered as the input and the output of the defined system, respectively. The defined systems

are modeled with a neuro-fuzzy and a perceptron network. Local linear model tree (LOLIMOT) and

back propagation (BP) techniques are used as the learning algorithms for these neural networks,

respectively. The weights of the trained networks are, then, utilized as the features of the related

target gas. The results clearly show the superiority of the feature vectors obtained via LOLIMOT

training; these vectors are correctly classified resulting to complete recognition of all target gases.

Keywords: Resistive Gas Sensor, Temperature Modulation, Gas Detection, Neuro-Fuzzy

Network, Multilayer Perceptron Network, Local Linear Model Tree.

1. INTRODUCTION
Resistive gas sensors (RGSs)1�2 are low-cost, sensitive,

user friendly and have, therefore, been used for various

applications in different fields.3–7 Against these advan-

tages, RGSs suffer “non-selectivity.” This means that a

single RGS does not distinguish between various gases,

and its raw response does not specify the nature of the

unknown target gas (TG). The most common way to solve

non-selectivity problem is using multiple sensors in a form

of sensor array formed by a number of different metal-

oxide based sensors.8–10 Another method is modulating the

sensor operating temperature.11–18 RGSs work at elevated

temperatures provided by micro-heaters placed in the prox-

imity of their sensitive pallets. The sensor response to the

presence of stimulating gas in air appears as a change in

its electrical resistance. This change of resistance strongly

depends on the operating temperature. It is believed that

the dynamic response due to the operating temperature

∗Corresponding author; E-mail: smhosseini@guilan.ac.ir

change includes enough information about the nature of
an unknown TG to facilitate its recognition.13�17 Chang-
ing micro-heater voltage can cause time varying operating
temperature on the surface of the sensing pallet and results
in such dynamic responses.11�12�15

The extraction and classification of discriminative fea-
tures obtained from the dynamic response of a sensor is
mainly based on pattern recognition and system identi-
fication techniques.19�20 Hossein-Babaei et al. utilized a
temperature modulated RGS to identify an unknown ana-
lyte among four TGs. They used a linear black box model
in which the heater voltage and sensor response were
considered as the input and the output of the system,
respectively.13 Pardo et al. used a 4-component chemosen-
sor array to identify toluene and octane. They compared
the effectiveness of a linear finite impulse response (FIR)
model and nonlinear models such as Wiener Kernels and
time-delayed artificial neural network (ANN), in which the
sensor response and the TGs employed were considered
as input and the output of the models (inverse modeling
method).21
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ANN is one of the most important nonlinear tools for

modeling sensor systems. Usually, such systems do not

exhibit a direct relation between their inputs and outputs.

ANNs, have usually been used as tools for feature classi-

fication in gas diagnosis systems. Kumar et al. identified

seven different alcohols and alcohol-containing beverages

using a 4-component thick film sensor array.22 Considering

sensor responses as the input and type of the TGs as the

output of the ANN, it was shown that radial basis function

neural network (RBFNN) is more powerful, much faster,

and less sensitive to learning parameters than multi-layer

perceptron neural network (MLPNN).

Although ANN methods have been successful in many

cases, their time consuming training process can limit their

usage in online applications. In addition to ANNs, Fuzzy

systems have also been used for modeling of many non-

linear processes. One of the difficulties of fuzzy systems is

production of fuzzy rules. Combination of these two net-

works leads to the production of neuro-fuzzy systems.23

Kumar et al. used a neuro fuzzy classifier for qualita-

tive and quantitative classification of pre-processed data of

their previous work. They used principle component anal-

ysis (PCA) algorithm for dimension reduction and increase

the quality of their features extracted from sensor raw

response.24

One of the most fundamental challenges in gas detection

is the determination of appropriate features. Hossein-

Babaie et al. demonstrated that by the addition of volt-

age spikes to the beginning of each voltage step can leads

to sharp operating temperature variations that can result

in sensor responses containing considerable discriminative

information about the TGs. Applying PCA on the features

extracted from these responses results in successful classi-

fication of 12 different chemicals.17

In the present work, we compare the capabilities of

MLPNN and a neuro-fuzzy network in extracting dis-

criminative features form transient response of a tem-

perature modulated RGS. Pallet temperature of RGS is

modulated by applying a staircase voltage to its micro-

heater. MLPNN along with a neuro-fuzzy network have

been used for modeling of the temporal responses. The

diagnostic information in the weights of the trained net-

works is explored and utilized as features. Dimensionality

reduction of the obtained feature vectors revealed better

class separation in both training and test data is achieved

with neuro-fuzzy modeling.

2. EXPERIMENTAL DETAILS
Vapors of methanol, ethanol, 2-propanol, 1-butanol and

hydrogen, each at 11 concentration levels were consid-

ered as target gases. The background atmosphere is clean

air. A single commercial gas sensor (SP3-AQ2, FIS Co.,

Japan)25 under temperature modulation mode is used for

the detection experiments. A mini hot-plate was uti-

lized to evaporate the liquid alcohols. A staircase voltage
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Fig. 1. The temporal variation of: (a) the voltage applied to the micro-

heater of the sensor and (b) the pallet temperature.

waveform with 5 steps, from 1 to 5 V, each followed
with a 20 s wide plateau was used to excite the sensor
heater. The voltage waveform is depicted in Figure 1(a).
It has been shown in previously been demonstrated that
20 s is the optimal time for modulating the utilized com-
mercial RGS to results in TG related information with
this waveform configuration.15 Changing the heater voltage
alters the sensing layer temperature, accordingly altered as
depicted in Figure 1(b). Details of the experimental proce-
dure have been reported elsewhere.13�15 The variations of
pallet temperature by applying the staircase voltage to its
heater is shown in Figure 1.

3. RESULTS AND DISCUSSION
Discriminatory features, contained in the response patterns
of the RGS, utilized for single-input-single-output (SISO)
modeling. The time varying temperature of the pallet is
considered as the input, u�t�, and its corresponding tran-
sient response as the output, y�t�, of the system. Both
variables are altered by applying the staircase voltage (see
Fig. 1(a)) to the sensor heater. So, according to these
definitions, polluted atmosphere is a part of the system.
MLPNN and a neuro-fuzzy model were used to model
the corresponding recorded temporal response related to
each step of the staircase. Figure 2 shows the structure of
these networks. MLPNN structure consists of one input,
one output and several hidden layers.26 MLPNN struc-
tures are considered with one hidden layer. The activation
functions for the hidden and output neurons of the struc-
tures are tangent-sigmoid and linear functions respectively.
Backpropagation (BP) algorithm is used for training this
network.26 The network training of neuro-fuzzy model was
carried out by the local linear model tree (LOLIMOT)
algorithm. LOLIMOT model partitioned the hyper-cubic
of the input space to linear sub-spaces with fuzzy validity
functions. Each selected linear sub-space with its valid-
ity function formed a fuzzy neuron. The construction of
a neuro-fuzzy network, then, consist of one hidden layer
and an output layer which simply calculates the weighted
sum of the outputs of local linear models.27

Sensor Letters 11, 1960–1963, 2013 1961
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Fig. 2. The structural architecture of (a) MLP neural network and (b) local linear neuro-fuzzy network.

Details of the algorithm can be found in Ref. [27]. Both

of these two different networks were utilized to model

the five different systems defined above. In each network,

mean square error (MSE) criterion is used to determine the

level of similarity between simulated and measured out-

puts. By changing the TG, weights allotted to the network

branches will change.

The mean square error (MSE) of the simulated outputs

was utilized to determine the best number of the neurons

in the hidden layer, m, in each step. For instance, the aver-

age MSE values computed over 11 different concentration

levels for each TG at different m values, for the step IV of

the responses using both of these networks are shown in

Figure 3. For a given m values, each network can describe

the system with the parametric vector given in Eq. (1):

� = �w1�w2� � � � �wm�
T (1)

in which, w1�w2� � � � �wm, are the weights of the trained

network. Parametric vector components defined in Eq. (1)

can be calculated by comparing the measured output, y�t�,

and the simulated one,
⌢
y�t� computed from the trained net-

works. By increasing the number of neurons in the hidden

layer, as depicted in Figure 3, the more time is consumed

for training process. Considering these facts, the best val-

ues for m in all five cases is m = 5 for the MLPNN. On

the other hand, for neuro-fuzzy networks, the best value

obtained for m, are 7 and 8 for steps I to IV and step V,

respectively. The close fitting of the simulated and the

actual responses validates the model utilized here.

By combining the parametric vectors of five different

segments of a response pattern, the total parametric vector

for each TG contaminated atmosphere is obtained:

� = ��T
I �

T
II�

T
III�

T
IV�

T
V�

T (2)

Fisher’s linear discriminant analysis (LDA) is uti-

lized for mapping high dimension � vectors to a three

dimensional feature space. Results of this mapping are

shown in Figure 4, where the unfilled markers indicate the

training data. The LDA transformation matrix developed in

the classification process of the training data was applied

to feature vectors of the 25 verification experimental data

(5 for each TG).

According to Figure 3(a) MLPNN is successful in

fitting the RGS system, but its weights are just some
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Fig. 3. The average MSE plot of the simulated sensor outputs plotted

versus the number of neurons in the hidden layer, m, of (a) MLPNN and

(b) neuro-fuzzy network and used for the modeling of the step IV of the

responses recorded for all contaminants examined.
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Fig. 4. LDA mapping of the feature vectors of the responses to the air polluted with the stated compounds in the 3D feature space for (a) MLPNN,

(b) neuro-fuzzy network. Unfilled and filled markers represent the vectors related to the training and the verification responses, respectively.

mathematical numbers and do not have any direct relation

to the nature of examined TGs, as depicted in Figure 4(a).

Unlike MLPNN, neuro-fuzzy network with LOLIMOT

training algorithm leads to fast modeling with training

weights which sufficiently describes the system of a tem-

perature modulated RGS. Figure 4(b) shows a successful

classification of 5 TGs in both training and test data with

an acceptable class margin separation.

4. CONCLUSION
We demonstrated that the neuro-fuzzy network trained

with LOLIMOT method is a robust instrument for extract-

ing the discriminative features from the responses of a

quasi array formed by temperature-modulating a chemore-

sistor. The concept was demonstrated by operating such a

device on the responses recorded to the air polluted with

methanol, ethanol, 2-propanol, 1-butanol, and hydrogen at

different concentrations. A staircase heating voltage was

used for temperature modulation. An MLP network with

BP training algorithm was used for comparison, as well.

The feature vector of each segment of a recorded response

was assigned by weights of LOLIMOT- and BP-trained

neural networks which are used to fit it. Three dimen-

sional LDA mapping was utilized for the classification of

the feature vectors of the analytes. In this way, the abil-

ity of the two systems corresponding to the two different

neural networks was compared. The neuro-fuzzy networks

utilized were completely successful in classification of all

the analytes examined.
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