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High temperature gas sensors have been highly demanded for combustion process optimization and toxic emissions control, which
usually suffer from poor selectivity. In order to solve this selectivity issue and identify unknown reducing gas species (CO, CH

4
,

and CH
8
) and concentrations, a high temperature resistive sensor array data set was built in this study based on 5 reported sensors.

As each sensor showed specific responses towards different types of reducing gas with certain concentrations, based on which
calibration curveswere fitted, providing benchmark sensor array response database, thenBayesian inference frameworkwas utilized
to process the sensor array data and build a sample selection program to simultaneously identify gas species and concentration, by
formulating proper likelihood between input measured sensor array response pattern of an unknown gas and each sampled sensor
array response pattern in benchmark database.This algorithm shows good robustness which can accurately identify gas species and
predict gas concentration with a small error of less than 10% based on limited amount of experiment data. These features indicate
that Bayesian probabilistic approach is a simple and efficient way to process sensor array data, which can significantly reduce the
required computational overhead and training data.

1. Introduction

With increasing concerns over human health and environ-
mental issues, gas sensors have received remarkable atten-
tions for the past several decades and played important roles
in many applications, including medical diagnostics [1, 2],
food and drink analysis [3, 4], combustion process control
[5], environmental monitoring [6], and industrial safety and
public security [7]. High temperature gas sensors, which
usually work in combustion related harsh environments,
have been widely employed for monitoring the emission
composition and optimizing the combustion process with
improved energy efficiency, reduced toxic emission, and low
operating cost [8]. Among well-developed gas analyzing
instruments and state-of-the-art gas sensing technologies,
solid-state gas sensors have seen growing usages in high
temperature applications due to their high thermal stability

while subjecting them to aggressive high temperature envi-
ronments [9]. However, a majority of solid-state gas sensors
usually suffer from poor selectivity, indicating that they are
simultaneously sensitive to a wide range of reducing and
oxidizing gases. Selectivity has always been one of the most
challenging issues for metal oxide-based gas sensors and
there actually have been continuous and considerable efforts
on improving it. Although novel sensing material and device
design can enhance the sensor selectivity towards one specific
gas to some extent, it is almost impossible for a single sensor
to eliminate all interference or identify different gas species.
Therefore, a sensor array, consisting of a group of sensors, was
invented three decades ago and has been proven to be a more
promising approach for gas identification.

A sensor array data set, which is collected from a
cluster of nonselective sensors, could provide specific and
unique response patterns (chemical fingerprints) for different
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individual chemical species or mixtures of species. With
subsequent data analysis, the gas sensor array could be used
to qualitatively identify gas species using pattern recognition
approaches and quantitatively determine gas composition
based on regressionmethods [10]. It is worth noting that there
are diverse statistical tools that can be utilized to facilitate
the abovementioned data analysis. Commonly used pattern
recognition schemes are principal component analysis (PCA)
and cluster analysis [11], artificial neural networks (ANN)
[12], and specific algorithms based on fuzzy logic [13]. Among
them, PCA is the most prevalent technique to analyze sensor
array data. A large number of literatures on sensor arrays have
reported their results based on PCA [14–17], which shows
its potential in clustering applications, especially in cases
where data can be represented as clusters. However, PCA
is merely a clustering technique and it requires additional
classification methods, such as distance measures, Bayesian
methods, support vector classifier, and neural networks, to
identify specific species [18]. While PCA can qualitatively
identify different gas species with the aid of the above
classifiers, PCA is not able to quantify the gas composition.
Asmentioned above, regressionmethods are commonly used
as quantitative methods to determine the gas concentration.
Therefore, to further achieve the goal of gas composition
identification, regression methods oftentimes are incorpo-
rated into general PCA framework, leading to a series of
closely related techniques, for example, principal component
regression (PCR) and partial least squares (PLS) [19]. For
many of the applications presented, the separation provided
by these methods was sufficient. It is also worth mentioning
that PCA, PCR, and PLS are all linear methods, which
require extra care in interpreting results when applying to
nonlinear sensor array response data [10]. In contrast, cluster
analysis and artificial neural networks offer the potential to
accurately model nonlinearity presented in sensor array data.
However, such intelligent algorithms yield prohibitive com-
putational cost since usually a large number of training sam-
ples and considerable amount of training time are required
[10].

In many cases where experimental efforts and time are
largely required, it is almost impossible to obtain a compre-
hensive sensor response profile in a wide detection range. In
such scenario, there is only a limited amount of sensor data
for limited analyte concentrations, and curve-fitting tech-
niques are generally applied to build calibration curves for
those sensors in order to predict an unknown concentration
based on a sensor response. In this work, we utilize Bayesian
inference framework combined with curve-fitting techniques
to simultaneously identify gas species (CO, CH

4
, and C

3
H
8
)

and concentrations (30–150 ppm) with limited sensor sample
data, which greatly reduced the cumbersome efforts in
classification and data training. Bayesian inference essentially
is a statistical method of inference in which Bayes’ rule is
adopted to update the probability estimate for a hypothesis
as additional evidence is acquired. Because of its formulation
robustness and implementation convenience, Bayesian infer-
ence has been applied into a variety of engineering practices,
and the results clearly validated its feasibility and effective-
ness [20–22]. Another pronounced advantage of Bayesian

inference lies in its tolerance of uncertainty, which is
inevitable in real sensor measurement. In this study, the
sensor array data set was extracted from our previous
studies using five metal oxides-based resistive sensors.
Detailedmethodologywas presented and case studywas then
demonstrated. It is clearly found that Bayesian probabilistic
approach can be tailored for simultaneous identification of
gas species and composition, which can significantly reduce
the required computational overhead and the amount of
training data.

2. Experimental

2.1. Fabrication ofMetal Oxides Nanofibers and Corresponding
Sensors. The sensor array consisted of 5 metal oxides-based
resistive sensors, including La

0.67
Sr
0.33

MnO
3
(n-type) NFs

(Sensor I), CeO
2
(p-type) NFs (Sensor II), p-LSMO/n-CeO

2

NFs composite (LSMO wt% = 20%) (L
20
C
80
) (Sensor III),

NiO (n-type) NFs (Sensor IV), and Ce-Ni-O NFs (Ce : Ni
atom ratio = 1 : 1) (Sensor V). LSMO NFs, CeO

2
NFs, NiO

NFs, and Ce-Ni-O NFs were fabricated by electrospinning
followed by a subsequent calcination process. The detailed
preparation procedure and characterization were reported in
previous studies [23–26]. LSMO/CeO

2
nanofibers composite

was prepared by physical mixing and sonication [25]. An
individual metal oxide-based sensor was fabricated on Al

2
O
3

ceramic screws (4–40 × 1/2), as reported elsewhere [27].
Briefly, the ceramic screw substrate was tightly tied by two
Pt wires on two close threads, serving as two electrodes.
Certain amount (∼2𝜇g) of sensing metal oxide nanofibers
after sonication in ethanol was casted onto the substrate
and bridged the two Pt electrodes to complete the sensor
fabrication.

2.2. Sensor Measurements. As reported previously, the sens-
ing performance of each as-fabricated sensor at high tem-
perature of 800∘C was evaluated by measuring the resis-
tance/conductance change of the sensor upon exposure to
different concentrations of reducing gas (CO, CH

4
, and

C
3
H
8
) in a dynamic gas flow system. For illustration purpose,

Figure 1(a) shows the proposed sensor array configuration
based on five individual sensors and the test system using
a multiple channel electrochemical workstation. At 800∘C,
reducing gas could react with O

2
; therefore, high purity

nitrogen was used as the carrying gas of various reducing
gases instead of air, and 1%O

2
(in N
2
) was used as the sensor-

recovering gas. All sensors were subject to a gas flow with
a constant flow rate of 1.5 L/min, which were regulated by a
computer-controlled gas mixing system (S-4000, Environics
Inc., USA). The current output of each individual sensor at a
fixed 1VDC bias was continuously measured and the electric
resistance of the sensor was calculated by applyingOhm’s Law
(𝑅 = 𝑉/𝐼). In a typical reducing gas sensing experiment,
100 ppm C

3
H
8
, for example, the sensor placed in furnace

at 800∘C was first exposed to C
3
H
8
/N
2
mixture for 5min

(after baseline was stabilized), followed by 1% O
2
for 10min

to recover the sensor, and then the “exposure/recovery” cycle
was repeated.
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Figure 1: Illustration of gas identification process based on sensor array response data analysis: (a) the proposed configuration of sensor array
and test system, (b) the combined real-time gas sensing profile of a sensor array based on five sensors’ response measurement, (c) extracted
sensor array response pattern (based on (b)), and (d) gas identification result using Bayesian inference framework.
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3. Sensor Array Data Set

The sensor array data set used in this study was extracted and
generated from the sensing performances of as-mentioned
five metal oxides-based sensors in previous reports. As a
demonstration, Figure 1(b) presents a typical combined real-
time gas sensing profile of a sensor array based on five
sensors’ responsemeasurements towards 100 ppmC

3
H
8
as an

example. Upon the exposure to reducing gas, the resistance
of the n-type sensors (CeO

2
NFs, L

20
C
80

NFs composite,
and Ce-Ni-O NFs based sensors) decreases, so the sensor
response was defined as 𝑅

0
/𝑅
𝑔
, where 𝑅

0
is the initial

electrical resistance of the sensor in 1% O
2
and 𝑅

𝑔
is the

measured real-time resistance upon exposure to reducing
gas/nitrogen mixture or 1% O

2
recovering gas. In contrast,

the resistance of the p-type sensors (LSMO NFs and NiO
NFs based sensors) increases in the presence of reducing
gas; 𝑅

𝑔
/𝑅
0
thus was used as sensor response to keep the

number larger than 1. Due to the large variation of each sensor
response towards different reducing gases, that is, ranging
from less than 10 to several hundreds, the absolute value of
log
10
(𝑅
𝑔
/𝑅
0
) was used as an indicator when comparing the

sensor array response patterns in different gas atmosphere.
The maximum value of |log

10
(𝑅
𝑔
/𝑅
0
)| of each individual

sensor towards a certain concentration of gas was collected
to build a sensor array response pattern at that specific
gas concentration, for example, 100 ppm C

3
H
8
, as shown in

Figure 1(c). The figures of real-time sensing response of each
individual sensor can be found in previous reports.

Figure 2 summarizes the sensor array response patterns
towards different reducing gases (CO, CH

4
, and C

3
H
8
) with

5 selected concentrations. For each concentration of each
reducing gas, the response of each sensor in a pattern
was the calculated average of three parallel measurements.
As one can notice in Figure 2, the sensor array exhibited
good concentration dependent behavior towards each type
of gas and showed overall highest response towards propane,
followed by CO and CH

4
successively. Meanwhile, for each

concentration of gas, the sensor array showed a unique
response pattern, which can be used as a specific ID in gas
identification process.

4. Methodology

4.1. Prestudy of Machine Learning Technique (Artificial Neural
Network). There are a number of well-developed machine
learning techniques that have been employed to mimic the
underlying relationship between the observed/training data
input and output, that is, the experimental measurement.
Among those techniques, nonparametricmodelingmethods,
such as artificial neural network, Gaussian process, and
Genetic algorithm, are widely applied into industries due
to their inherent inference merits. Both neural network
[28] and Gaussian processes [29] have been reported to
establish gas recognition systems based on gas sensor arrays.
While such methods show a good potential in parame-
ter identification/prediction, their accuracy and efficiency
highly depend on the amount of training data involved.
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Figure 2: Summarized sensor array response patterns of reducing
gas (CO, CH

4
, and C

3
H
8
) with tested concentrations.

In the case that the sufficient amount of training data is used,
high prediction fidelity can be ensured.

In this study, due to practical limitation, we only have 15
sets of data available (3 types of reducing gases, 5 concentra-
tions for each gas), which can be divided into two groups,
that is, training and test data. The training data thus is in a
very small amount and the prediction fidelity naturally will
become a major concern. To verify this, we utilized a 3-layer
BP neural network [30] for gas identification, in which 12 sets
of data (3 types of reducing gases, 4 concentrations for each
type of gas) were considered as training data and 1 set of data
as test data for simple validation. It is worth nothing that the
initial weights of different layers were randomly generated,
whichmay affect the prediction result significantly.This issue
will be compounded especially when only a small amount of
training data is involved. In this context, we aim to evaluate
its performance in terms of the prediction robustness by
repeatedly running 1,000 times and acquiring the statistical
distribution of prediction results. In this numerical analysis,
the number of nodes in input layer was 5, equivalent to the
number of sensor types. The number of nodes in hidden
layer was 8, and the number of nodes in output layer was 2,
respectively, indicating the gas type and concentration. The
learning rate was selected as 0.1, and the iterations number
of each run was set to 10,000 for convergence concern. As in
this network model the output was set to being continuously
varied values, the gas type identification result thus needed
to be rounded (this network model can be modified under
the same underlying framework).The nominal tested gas was
CO (type 1 defined in this paper) with 125 ppm, which can
be compared with result in supplementary. The mean of gas
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type shown in Figure S.1 (in SupplementaryMaterial available
online at http://dx.doi.org/10.1155/2015/351940) is 1.21 that
can be rounded to 1, indicating highest possibility of gas type
1, that is, CO. Similarly, the mean of concentration in Figure
S.2 is 1.045 (equivalent 104.5 ppm according to the network
model definition), yielding around 16.4% error. Although the
result to some extent reveals the underlying properties of
tested gas, the prediction error is still obvious.

On the other hand, the authors’ previous work [23–
26] has preliminarily investigated the gas sensing mecha-
nism of each sensor individually. Except NiO based sensor
towards C

3
H
8
, which showed no concentration dependence,

all sensors exhibited increasing response upon exposure to
increasing concentration of each gas, which will be discussed
in Section 4.3. Therefore, the aforementioned machining
learning techniques that are able to model the complicated
relation between input and output may not be quite demand-
ing. Alternatively, we can resort to general curve-fitting
techniques to approximate such trend, from which a rich
number of sensor response vectors can be parameterized.The
sensor array database comprising those response vectors then
will be established for Bayesian inference implementation.

4.2. Bayesian Inference Framework. Generally, Bayesian in-
ference is one popular type of statistical inference method
in which Bayes’ rule is adopted to update the probability
estimate for a hypothesis as additional evidence is acquired.
Here a hypothesis is a prior distribution of concerned param-
eters depending on the prior knowledge and engineering
judgment. Additional evidence indicates the actual output of
the system that is characterized by concerned parameters to
be identified. With additional evidence introduced, the prior
distribution of concerned parameters can be updated, result-
ing in a so-called posterior distribution. According to the
underlying features of posterior distribution, the candidate
of parameters corresponding to the highest probability value
can be considered as the best solution. Such framework allows
one to statistically screen the candidates sampled from prior
distribution. Specifically in this work, the gas species type and
gas composition can be regarded as two concerned parame-
ters. Meanwhile, the sensor array responses of objective gases
are treated as the additional evidence. In conjunctionwith the
sensor array database generated by surrogate sensor response
model, the parameter updating process based on Bayesian
inference then can be performed. In other words, Bayesian
inference framework was employed to build a parameter (gas
species and concentration) selection program, in which a
measured sensor array response pattern towards an unknown
concentration of an unknown gas can be considered as the
input of this program. In combination with the benchmark
sensor array response database, Bayesian inference-based
program eventually yields the best solution of gas species
and concentration, whose sensor array response pattern is
in agreement with the measured one, thereby identifying the
unknown gas, as illustrated in Figure 1(d). In this section, we
will briefly outline the mathematical formulation of Bayesian
inference framework as follows.

When applying Bayesian theorem for gas identification,
the hypothesis 𝜃 is interpreted as the vector of gas-related

parameters, that is, gas species and gas concentration in this
case that need to be updated. E represents the measured
sensor array response pattern/vector of an objective gas. All
the notations are included in the following equation, shown
as

𝑝 (𝜃 | E) =
𝑝 (E | 𝜃) 𝑝 (𝜃)
∫ 𝑝 (E | 𝜃) 𝑝 (𝜃) 𝑑𝜃

. (1)

The goal of Bayesian inference framework in this study is
to determine the maximum probability of 𝜃 (gas species
and gas concentration) with input E (experimental measured
sensor array response) based on the posterior distribution
𝑝(𝜃 | E), which depends on the prior and likelihood
distributions.The prior distribution 𝑝(𝜃) describes the initial
knowledge of concerned gas-related parameters. In general,
this distribution is defined empirically as in many cases the
knowledge is not sufficiently given. In this paper, we can
simply specify this prior distribution as uniform distribution,
in which each candidate 𝜃 of sampled parameters from such
distribution has equal probability to be the actual gas-related
parameters. In other words, before introducing measured
sensor array response E, the probabilities of sampled param-
eters are the same. This assumption agrees with the general
understanding of an unknown system. 𝑝(E | 𝜃) is so called
likelihood distribution that is used to evaluate the deviation
between measured sensor array response pattern/vector E
and a sampled sensor array response pattern/vector Ẽ(𝜃) in
benchmark sensor array database, which will be explained
later. As a result, conditioned on the prior and likelihood
distribution, the posterior distribution 𝑝(𝜃 | E) indicates the
updated knowledge of 𝜃, which offers the profile to identify
gas species and concentration.

In (1), the likelihood distribution remains unknown. In
a broad sense, the likelihood distribution is a specified form
to quantify the discrepancy between two different sets of
data in a probabilistic manner. Here, we utilized the normal
distribution for likelihood distribution that can be explained
below. As illustrated by the profile of normal distribution, if
arbitrary set of data Ẽ(𝜃) in sensor array database approaches
the measured sensor array response pattern/vector E of the
objective gas, the gas parameters 𝜃 corresponding to such
sensor array data Ẽ(𝜃) aremuch likely to be the actual param-
eters of the objective gas. In an extreme case, identical two
data sets will yield identified gas parameters with absolutely
maximum probability value. For certain vector of measured
sensor response, we can have

𝑝 (E | 𝜃) = 𝐷𝑒−(E−Ẽ(𝜃))
𝑇C−1(E−Ẽ(𝜃))/2

, (2)

where Ẽ(𝜃) is one sensor array response vector with parame-
ters 𝜃, which is extracted from established benchmark sensor
array response database. Ẽ(⋅) is an operator to generate
the benchmark sensor array response database that will
be clarified in the next section. C is a covariance matrix
of 𝜃, implying the visualization degree of sensor response
deviation. For example, the smaller the values of𝐶matrix are,
the more pronounced the deviation will be presented. 𝐷 is a
constant related to determinant of the covariance matrix C.
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The denominator of (1) is an integral that can be accu-
rately approximated by using the large number law. However,
it is worth mentioning that this integral is a normalization
constant that merely depends on the measurement. There-
fore, (1) can be further simplified, in which the posterior
distribution is expressed to be proportional to the numerator

𝑝 (𝜃 | E) ∝ 𝑝 (E | 𝜃) 𝑝 (𝜃) . (3)

At this point, we can simply use the numerator of Bayes rule
to acquire the posterior probability of all potential gas-related
parameters 𝜃. The distribution of numerator indeed reflects
the identification result and its confidence level.

4.3. Benchmark Sensor Array Response Database. As men-
tioned in prestudy, 15 sets of sensor response data were ex-
tracted from experiment, as shown in Figure 2. Among those
data sets, 12 sets of data (3 types of gases, 4 concentrations for
each gas) are used as training data to build the benchmark
sensor array database, based on which the Bayesian inference
framework was implemented, and the remaining 3 sets of
data (one concentration for each gas: 125 ppm CO, 70 ppm
CH
4
, and 70 ppm C

3
H
8
) are treated as test data to validate

the algorithm.This data classification strictly satisfies the data
independence discipline.

As mentioned previously, we determine to employ gen-
eral curve-fitting techniques for constructing sensor array
database. Specifically, here we adopt least square fitting
method [31]. The objective is to minimize the sum of the
squares of errors between observed data and correspondence
at specified curve function, which is expressed as

𝜀 =

𝑛

∑

𝑟=1
(𝑓 (𝑥
𝑟
) − 𝑦
𝑟
)
2
, (4)

where 𝑦
𝑟
is the 𝑟th measured sensor response towards one

gas type with certain concentration. 𝑓(⋅) is a specified curve
function, either polynomial or exponential function in this
study. 𝑛 is the number of measured sensor responses. The
objective gives a measure of how well 𝑓(𝑥

𝑟
) fits the data 𝑦

𝑟
.

The underlying idea of least square fitting method neces-
sitates optimizing the key parameters of curve function by
minimizing the above objective value. In general, this opti-
mization problem can be easily achieved by using standard
optimization toolbox inMATLAB, for example, “fminsearch”
and “fmincon.” The well-calibration curves are given in
Figure 3, which will be discussed in Section 5. As mentioned
earlier, Ẽ(⋅), which is the operator to generate the sensor array
response database, consists of 15 calibration equations which
can produce the sensor array response pattern/vector for
each gas-related parameter (gas species and concentration).
In this study, for each type of gas, the sensor array response
in database was discretized from the calibration curves with
every 1 ppm gas concentration change over entire detection
range, providing sufficient resolution for subsequent gas
identification.

5. Results and Discussion

5.1. Calibration Curves Interpretation. As mentioned previ-
ously, due to the simple tendency of the sensor response data,
general curve fitting was used to build the comprehensive
profile between sensor response and gas concentration. As
shown in Figure 3, for 5 sensors and 3 types of gases, 15
calibration curves were generated based on experimental
sensing response towards 4 concentrations of each gas,
using curve-fitting technique discussed in Section 4.3. The
concentration range of each gas was described by minimum
and maximum concentration tested, that is, 50–150 ppm for
CO and 30–100 ppm for CH

4
and C

3
H
8
.

Generally, p-LSMO NFs based sensor had the smallest
sensitivity with a slightly exponential response increase
with increasing gas concentration. p-NiO NFs based sensor
showed a nearly liner relation between the sensor responses
and the concentrations of CO/CH

4
, while it exhibited a

concentration independent behavior with increasing concen-
tration of C

3
H
8
with an already saturated response at low

concentration (30 ppm). n-CeO
2
NFs based sensor showed

a small response to CH
4
, a relativity large response towards

CO with an exponential increase, and the highest sensitivity
towards C

3
H
8
with a gradual saturation pattern.Therefore, it

is difficult to differentiate the response from high concentra-
tion of CO and that from low concentration of C

3
H
8
based

on single CeO
2
NFs based sensor. By adding p-LSMO NFs

into n-CeO
2
NFs to prepare a L

20
C
80

NFs composite, the
sensor showed a very similar response pattern with n-CeO

2

NFs based sensor with a reduced sensitivity and a slightly
enhanced selectivity towards C

3
H
8
over CO. In contrast, by

incorporating p-NiO and n-CeO
2
into coelectrospun Ce-

Ni-O NFs, the sensor exhibited a totally different response
pattern compared to n-CeO

2
NFs based sensor. Ce-Ni-O

NFs greatly reduced the sensitivity towards CO and showed
a response saturation pattern towards both CO and CH

4
,

while it showed a large exponential increase with increasing
concentration of C

3
H
8
. With such unique combination of 15

calibration curves based on 5 different sensors, the sensor
array could provide a more comprehensive profile of the
sensor array response towards each type of gas within the
corresponding detection range. These 15 calibration curves
were discretized to generate the benchmark sensor array
response database for the subsequent Bayesian inference-
based gas identification program.

5.2. Prediction of Unknown Gas Species and Concentration.
For an unknown gas species with certain concentration, we
can measure the response pattern/vector by the sensor array
and then substitute it into Bayesian inference-based program
for gas identification. As we discussed in the previous section,
the benchmark database is fully represented by 15 calibration
curves which is fitted based on the aforementioned 12 sets of
training data. Three sets of test data for 125 ppm CO, 70 ppm
CH
4
, and 70 ppm C

3
H
8
were introduced into the identifica-

tion program as test data. The sensor array response patterns
of those three sets of test data are compared in Figure 4(a). As
one can see in Figures 4(b), 4(c), and 4(d), the output of the
program essentially is the updated probability distribution
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Figure 3: Calibration curves of sensor response with respect to the gas species and concentration.
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Figure 4: (a) The sensor array response input of 125 ppm CO, 70 ppm CH
4,
and 70 ppm C

3
H
8
and the corresponding resulting output of (b)

125 ppm CO, (c) 70 ppm CH
4
, and (d) 70 ppm C

3
H
8
.

of gas species and concentration, that is, 𝜃. Here, the gas
concentration is uniformly parameterized with a resolution
of 1 ppm in detection range. The result indicates that the
combination of gas species and concentration resulting in the
maximum probability is considered as the best parameters
(gas species and concentration) of unknown tested gas.
As presented in Figure 4, this gas identification program
successfully identifies those three gas species and predicts
the gas concentrations with a relatively high accuracy (error
within ±10%). The program predicted 131 ppm CO, 66 ppm
CH
4
, and 69 ppm C

3
H
8
, respectively, under experimental

sensor array response input of 125 ppm CO, 70 ppm CH
4
,

and 70 ppm C
3
H
8
. The authors feel quite confident that the

proposed algorithmwill show good feasibility and robustness
if more other test data sets are involved. Even in the case that
the test sensor responses are similar to a number of responses

(more than 1) in sensor array database, the identification
with high confidence level will be achieved through adjusting
certain implementation parameters of Bayesian inference
algorithm, such as the covariance of likelihood function.

As verified by intensive results, the proposed Bayesian
inference framework enables simultaneous identification of
gas species and concentration with only limited sample data.
With sufficient experimental sensor array response patterns
of binary or ternary gas mixture, this framework also can be
extended to analyze multiple gas compositions, which will be
a future research topic.

6. Conclusions

A high temperature resistive sensor array data set was
extracted from five reported metal oxides-based sensors,
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which was employed to build the database of response pat-
terns towards reducing gas (CO, CH

4
, and C

3
H
8
) at 800∘C by

curve-fitting techniques. Bayesian inference framework was
utilized to process the sensor array data and identify the gas
species and concentration at the same time with limited sen-
sor array data, which greatly reduced the cumbersome efforts
in classification and data training. This algorithm accurately
identified gas species and predicted gas concentration with
good robustness and high accuracy, that is, small error less
than 10%. Under this framework, the identification of gas
mixture composition can be potentially accomplished as long
as sufficient experimental sensor array response patterns of
binary or ternary gas mixture are provided.
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