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a b s t r a c t
Metal oxide semiconductor (MOS) sensor array with cross-sensitivity to target gases is often used in
electronic nose (e-nose) for monitoring indoor air quality. However, MOS sensors have their own defects
of high susceptibility to some interferences which would seriously impact on the detection of target
gases. Therefore it is urgent to solve the problem of interferences elimination as e-nose composed of
MOS sensors cannot be used when there are interferences. A closely related method tends to discriminate the interference gases and target gases, and it depends on the type of interference gases. However,
there are numerous interferences in real-world application scenario, which is impossible to be sampled
in laboratory experiments. Considering that target gases detected by an e-nose can be ﬁxed as invariant information, a novel and effective Pattern Mismatch based Interference Elimination (PMIE) method is
proposed in this paper. It contains two parts: interference discrimination (i.e. pattern mismatch) and correction (i.e. interference elimination). Speciﬁcally, the principle of interference discrimination is whether
a new pattern violates the rules established on the invariant target gases information (i.e. the case of interference gas appearing) or not (i.e. the case of only target gas appearing). If the current pattern of the sensor
array is of interference, orthogonal signal correction algorithm (OSC) is used for interference correction.
Experimental results prove that the proposed PMIE method is signiﬁcantly effective for interference
elimination in e-nose.
© 2016 Elsevier B.V. All rights reserved.

1. Introduction
Electronic nose (e-nose), as an artiﬁcial nose, is a technology
in modeling of biological olfactory system. In recent years, e-nose
techniques have been widely used in many areas, such as environment monitoring, food quality evaluation, and industrial control
etc. In this paper, a developed e-nose which consists of metal oxide
semiconductor (MOS) gas sensors and some pattern recognition
algorithms for indoor air quality monitoring is introduced. The
performance of e-nose depends largely on the selected sensors,
which should have good cross-sensitivity, selectivity, reliability and
robustness [1].
Objectively, the cross-sensitivity of sensor array has both
advantages and disadvantages. Speciﬁcally, the cross-sensitivity is
beneﬁcial for detecting many kinds of gases with a limited number
of gas sensors. However, this also results in that the sensor array
in an e-nose would produce signiﬁcant responses to some interferences. Thus the interferences will have a serious impact on the
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detection of the target gases. It is hopeful that the interferences
can be removed by designing appropriate ﬁlter, however, it cannot
be effectively separated from target responses by traditional ﬁlters
because interference responses are almost entirely mixed with the
target responses with similar frequencies. To solve the problem of
interference elimination, the machine learning idea is utilized in
this paper.
Generally, there are two kinds of interferences in an e-nose. One
is from those non-target odors which do not belong to the target
gases being detected. The other one is from environmental factors,
such as temperature, humidity, etc. [2]. In conventional e-noses,
the latter, i.e., temperature and humidity have been compensated
by integrating corresponding sensors into the e-nose sensor array.
Currently the methods for eliminating the impacts from environmental temperature and humidity are based on temperature and
humidity compensation model [3–8]. A physical way, where SiO2 is
used as sensing material with a titanium thermistor being used to
maintain a constant temperature, is used to compensate temperature and humidity inﬂuences [9]. Independent component analysis
(ICA) is also used for reducing the environmental impacts [10],
where the component with the maximum correlation coefﬁcient
with regard to the reference vector is removed as interference.
However, the non-target odor interferences cannot be handled
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Table 1
Target gas samples for models setting up.
Target gas
Number of Samples
Number of train/test samples

formaldehyde
504
336/168

toluene
264
176/88

effectively so far, which seriously limits the real-time application
of e-nose in real-world scenario, such as the mall with perfumes,
the kitchen with smoke ﬂavor, etc. since the MOS gas sensors are
very sensitive to pungent odors like perfumes and smoke ﬂavor.
The problem of non-target odors interference is urgent to be
solved in e-nose, while the conventional methods that tend to solve
this problem can be divided into two steps: interferences discrimination and interferences correction [11]. Brieﬂy, the ﬁrst step is
to determine that whether the current e-nose response is from
interference or not. If yes, the second step is performed to correct the sensor responses with interference elimination method.
Therefore, a classiﬁer that is used to discriminate the interference
should be ﬁrst set up by the limited types of interference samples, such that the learned classiﬁer largely depends on the limited
number of interferences and it may be only effective to the limited types of interference. However, there are so many possible
kinds of interferences that cannot be collected in laboratory experiments. Therefore, conventional methods cannot discriminate all
non-target odor interferences in real-world application scenarios. In the correction step, generally the correction of interference
response depends on the previous target response, so that the enose cannot work in real time when interferences exist.
As shown in Ref. [12] for interferences elimination of e-nose
in wound detection, it tends to remove the background interference according to the spatial correlation coefﬁcients by performing
wavelet transform on the collected odor samples between the
infected and healthy mice. In Ref. [13], the sensor response is analyzed by independent component analysis (ICA) and the sensor
response of healthy mice body odor measured independently is
regarded as a reference vector of background interference, then
the correlation coefﬁcients between the components of ICA and
the reference vector are calculated where the components with the
biggest coefﬁcient is regarded as background. It is known that, in
this method, the reference vector is very important for determining
the interference component. However, interferences are various in
complex real-world scenario, such that it is difﬁcult to obtain the
so-called reference vector. Additionally, the ICA algorithm shows
a good effect in eliminating environment interferences, but it does
not ﬁt the non-target gas interferences. One reason may be that
the target gas and non-target gas have similar nature and inﬂuence
on the array of sensors, and cannot be effectively separated from
the mixed responses. The orthogonal signal correction algorithm
(OSC) may remove the information that is orthogonal to target

benzene
288
192/96

NO2
152
101/51

NH3
116
77/39

CO
232
155/77

Table 2
Training algorithm of the proposed PMIE method.
Algorithm 1. PMIE training algorithm
Input
Dataset 1 (X1 );
Dataset 2 (X2 );
Output
Prediction function f (·);
Threshold T.
Procedure
1. Data preprocessing;
2. Obtain the prediction function f (·)by training on X1 ;
3. For i = 1 to N
Predict the fourth sensor response: y = f (xtem , xhum , xs1 , xs2 , xs3 ) by using
X2 ; Calculate the prediction error: errori = |y − xs4 |
end
4. Calculate the misjudgment rates of the 100 thresholds;
5. Get the threshold T with the smallest misjudgment rate.

signal, where the orthogonal information is recognized as irrelevant information, therefore, it has been used to correct signals and
remove interference information in [14,15]. However, the problem
of determining the reference vector still exists as ICA. Moreover,
the interference in Ref. [15] is ﬁxed in the whole detection. Various
interferences in real-world environment that are independent of
the target gases are considered in our proposed method.
From the analysis above, many appropriate methods are developed to compensate and eliminate environmental interferences.
But the interferences of non-target gases are still troubling. In order
to solve this problem, a novel Pattern Mismatch based Interference Elimination (PMIE) method consisting of discrimination and
correction is proposed in this work.
The rest of the paper is organized as follows. The experimental setup and experimental data are introduced in Section 2. The
PMIE method proposed in this paper is introduced in Section 3.
Experimental results and discussion are presented in Section 4.
Conclusion is given in Section 5.
2. Experiments
2.1. Experimental setup
The experimental platform and the designed e-nose system are
described in Fig. 1. The e-nose system is composed of an array of

Fig. 1. Experimental platform and e-nose system designed for environmental monitoring.
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sensors (TGS2602, TGS2620 and TGS2201 with two outputs A and
B), a CPU (PIC32), a power module, a LCD display, etc. Besides, a
module with two sensors for temperature and humidity is also
used as the inputs of model for compensating the inﬂuence of
environment factors. The analog-digital converter is used as interface between the sensors and PIC32 processor. In this paper, six
target gases are monitored by this environmental e-nose, they
are formaldehyde (HCHO), benzene (C6 H6 ), toluene (C7 H8 ), carbon monoxide (CO), ammonia (NH3 ) and nitrogen dioxide (NO2 ).
The experimental platform consists of a programmable temperature and humidity chamber, a gas sampler, a personal computer,
an air pump, a humidiﬁer, etc. Speciﬁcally, the programmable
temperature and humidity chamber can provide a stable experimental environment, the air sampler is used for sampling the
gas within chamber and determining the concentration of the gas
using spectrophotometer and gas chromatography (GC) analysis,
the humidiﬁer is for adjusting the humidity in the chamber, and
the personal computer is used to collect and process the data from
the e-nose system.
In the preparation stage, formaldehyde, benzene and toluene are
liquid, they were volatilized in the gas collecting bags after their
liquor are injected, respectively. While NH3 , CO, NO2 are gases,
so the standard gases were injected into the gas collection bags,
directly. These target gases in the gas collection bags were diluted
by pure nitrogen (N2 ). In experiments, the quantity of gas was controlled by injection time through a ﬂow-meter connected with the
standard gas bag. The experimental temperature was set to 15, 20,
25, 30, 35 and 40 ◦ C, and the relative humidity was set to 40%, 60%
and 80%, respectively. The total time of each experiment was 10 min
including 2 min for baseline and 8 min for steady state. For each
sample, 300 sampling points were collected. After each experiment,
the chamber was purged by clean air until the response of sensors
returned to the baseline state.

2.2. Experimental data
Three datasets are prepared respectively, as follows.

2.2.1. Dataset 1
Dataset 1 shown in Table 1 is a multi-class sample set composed
of six target gases. Each sample is the steady state point in the sensor response, that is, each sample is generated by an individual
sensor response sequence. The experimental process is illustrated
in Section 2.1. It is used to train a prediction model by dividing
into training and test data. The training samples are selected from
Dataset 1 by using KS algorithm [16] and the remaining examples
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Fig. 2. Response curve of the four sensors of Dataset 3.

are used as test data. The proportion of training and testing data is
approximately 2:1 for generalization.
2.2.2. Dataset 2
It is used to determine the threshold and test the performance
of the prediction model, which includes target gas samples and
interference gas samples. The experimental method for obtaining
Dataset 2 is the same as that of Dataset 1. Note that the interference
experiments and target experiments were carried out separately.
The experimental process is illustrated in experimental setup. Here
perfume and alcohol are used as the interferences. The number of
target and interference gas samples is 1205 and 1195, respectively.
2.2.3. Dataset 3
It is a data set for verifying the performance of the PMIE model
in real environment. It is obtained when the e-nose is exposed to
the mixture of interferences and the target gas. The experimental
process is shown as follows. First, the target gas is injected into the
chamber, until it reaches the steady state. Then the interference
gases are injected into the chamber. Third, repeat these two steps
three times. The selected target gas is formaldehyde, and the interferences are perfume, alcohol and orange, respectively. In dataset 3,
there are 2400 points in total, which simulates the case of interference in real E-nose application. All the data points are used to verify
the performance of PMIE model in real environment. The curves of
sensor responses are described in Fig. 2.

Fig. 3. Structure of PMIE for interference discrimination.
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Table 3
Testing algorithm of the proposed PMIE method.
Algorithm 2. PMIE testing algorithm
Input
The prediction function f (·);
The threshold T;
Dataset 3 (X3 ).
Output
The interference label;
The interference eliminated sensor response Zcor .
Procedure
1. Data preprocessing;
2. Predict the fourth sensor response: y = f (xtem , xhum , xs1 , xs2 , xs3 ) by using X3 ;
3. Calculate the prediction error: error = |y − xs4 |;
4. Predict the interference label based on pattern mismatch:
if error > T
label = 1;
else label = 0;
5. Correct the original signal X3 using the OSC:
if label = 1
Zcor = X3 − X3 ·h
else Zcor = X3 ;

3. Proposed method
3.1. Main idea
Suppose the dataset S to be (X, Y), where X = (x1 , x2 , · · ·, xN )T ∈
N
i = (xi1 , · · ·, xid ) and Y ∈  . N denotes the number of training samples and d is the feature dimension. The prediction function
f (·) can be deﬁned as:
N×d , x

min

N


f

||f (xi ) − Yi ||22

(1)

i=1

The absolute prediction error can be calculated by
errori = |f (xi ) − Yi |, i = 1, · · ·, N

(2)

We can imagine that a larger prediction error will be obtained
by using the learned prediction function f (·) on some samples with
different pattern from the pattern S. Therefore, an unknown sample
can be discriminated whether it belongs to the patterns from S or
not by ﬁnding an appropriate threshold T. For example, if a sample
(U, V) with different pattern from S is used as the input of f (·), we can
obtain that |f (U) − V | > T . This idea implies that the invariant information of the ﬁxed dataset S has been memorized in the learned
prediction function f (·). The new patterns that have different space
distribution from S will have a conﬂict, such that it is easy to recognize all types of different patterns that are uncorrelated with the
invariant information in S.
In this work, this idea is motivated by the fact that there are
many kinds of interferences in e-nose applications. From the viewpoint of experiments, it is impossible to collect all interferences
samples. However, the target gases, as ﬁxed patterns, can be recognized as invariant information, such that the proposed idea is
reasonable for interference elimination. Motivated by the information invariance and the proposed idea, a pattern mismatch based
interference elimination (PMIE) method is proposed. Note that it is
“pattern mismatch” instead of “pattern match” which aims at recognizing the interference by the mismatch degree (i.e. prediction
error), instead of recognizing the target gases.
3.2. Pattern mismatch based interference elimination (PMIE)
The proposed PMIE method includes two parts: interference discrimination and interference elimination. The details for each part
have been presented as follows.

3.2.1. PMIE based interference discrimination
In the e-nose, the responses of temperature (xtem ), humidity
(xhum ) and three MOS sensors (xs1 , xs2 , xs3 ) are used to predict the
response of the fourth sensor (xs4 ). In the proposed PMIE method,
the pattern vector x is described as (xtem , xhum , xs1 , xs2 , xs3 ) and the
predicted variable Y is described as xs4 . In this paper, the existing
regression techniques such as regularized least square (RLS), back
propagation neural network (BPNN) and support vector regression
(SVR) have been used to learn the prediction function f (·), by assuming that xs4 = f (xtem , xhum , xs1 , xs2 , xs3 ). We call them PMIE-RLS,
PMIE-BP and PMIE-SVR, respectively. Note that in this paper, four
gas sensors have been used as predicted variable respectively.
For the discrimination of an unknown sample x, the label of x can
be obtained by calculating the error between its predicted output
y = f (xtem ,xhum, xs1 , xs2 , xs3 ) and the true value xs4 , as follows



label =

1, if error > T
0, if error ≤ T

(3)

where the threshold T can be determined by ROC curve and misjudgment rate (MR). Note that the label “1” denotes the interference
pattern (i.e. non-target gas) and “0” denotes target gas pattern.
Speciﬁcally, the interference discrimination process of the PMIE
method is shown in Fig. 3. Note that the training process of the
sensor prediction functionf (·)in Fig. 3 is conducted by Dataset 1.
3.2.1.1. Threshold determination. Dataset 2 was used to determine
the threshold T for pattern mismatch. Speciﬁcally, the ROC (receiver
operating characteristic) curve was used to test the performance
of the prediction model, which was a popular index in reﬂecting
the sensitivity and speciﬁcity of recognition. The area under the
curve can reﬂect the overall recognition performance [17–19]. For
a binary classiﬁcation problem, four items such as true positive, true
negative, false positive and false negative are included. In ROC, the
true positive rate (TPR) is calculated by
TPR =

TP
TP + FN

(4)

The false positive rate (FPR) is calculated by
FPR =

FP
FP + TN

(5)

In Eq. (4) and (5), TP is the number of true positive samples, FN
is the number of false negative samples, FP is the number of false
positive samples, and TN is the number of true negative samples.
First, the prediction error vector of dataset 2 can be obtained by
using the learned prediction function f (·), then the maximum and
minimum errors denoted as Emax and Emin are obtained. The interval [Emin , Emax ] is divided into 100, such that there are 100 potential
thresholds. For each threshold, the sensitivity (TPR, true positive
rate) and speciﬁcity (FPR, false positive rate) can be calculated for
ROC curve. Then, the misjudgment rate (MR) could be calculated
for each threshold, in which the threshold with the smallest misjudgment rate is chosen as the ﬁnal threshold T in Eq. (3).
3.2.2. PMIE based interference elimination
After interference discrimination, the proposed interference
elimination algorithm is formulated as follows.



z cor =

z − h · z, label = 1
z

, label = 0

(6)

where z is the sensor array response and h is the correction vector
being determined. Here the orthogonal signal correction algorithm
(OSC) is used to establish the signal correction matrix h.
The OSC has been used to remove the irrelevant information
(orthogonal part) in the projection vector from the spectral matrix
[20–22]. In this paper, the interference information needed to
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Table 4
Average training and testing prediction errors for the three models.
Predicted sensor

TGS2620
train/test error

TGS2602
train/test error

TGS2201A
train/test error

TGS2201B
train/test error

PMIE-RLS
PMIE-BP
PMIE-SVR

0.0269/0.0242
0.0106/0.0112
2.2e-5/2.0e-5

0.0545/0.055
0.015/0.016
1.6e-5/1.4e-5

0.0475/0.0499
0.019/0.021
2.3e-5/1.7e-5

0.0213/0.0182
0.0171/0.02
1.0e-5/9.4e-6

Fig. 4. Flowchart of PMIE algorithm.

remove is irrelevant to the target signal, thus the OSC algorithm can
be used to remove it. Correspondingly, during the removal of interference information, the mean vector R of the nearest n real-time
target samples is used as the projection vector and the real-time
sensor interference signal z is used as the spectral matrix. The mean
vector R of the nearest n real-time target samples P can be deﬁned
as:
1
Pi,j , i = 1, 2, · · ·, d
n

4. Results and discussion
4.1. Data preprocessing
Smooth ﬁltering [11] and the vector standardization are used
for preprocessing and normalization, respectively, in this paper.
The ﬁltered signal vector X can be calculated by



n

Ri =

i+20−1

(7)

j=1

where R = [R1 , · · ·, Rd ]T , P = [P1 , · · ·, Pd ]T , n is the length of the vector Pi , and here, n is set to be 20. d is the feature dimension (i.e. the
number of sensors). The correction vector h can be determined by
the OSC algorithm.
3.2.3. PMIE algorithm
The training and testing stage of the PMIE algorithm have been
illustrated in Tables 2 and 3, respectively. And the ﬂowchart of the
PMIE algorithm is shown in Fig. 4.

X(i) =

ql − max(qi , · · ·, qi+20−1 ) − min(qi , · · ·, qi+20−1 )

l=i

i = 1, · · ·, n − 20 + 1

18
(8)

where q = [q1 , q2 , · · ·, qn ]T is a response sequence for one sensor,
T
and the length is n. X = [X(i), · · ·, X(n − 20 + 1)] is the ﬁltered signal sequence for one sensor. The length of the smoothing ﬁlter is
set as 20. By subtracting the maximum and minimum values, part
of the outliers may be removed, while the noise can be ﬁltered out
by averaging the remainder samples (which functions essentially
as a low-pass ﬁlter).
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Fig. 5. ROC curves of the sensor TGS6220 (a), TGS2602 (b), TGS2201A (c) and TGS2201B (d) based on the three prediction models.

The vector standardization is used as a normalization method.
yij =

x

ij

(xij )

, i = 1, · · ·, 4; j = 1, · · ·, n

points which discriminate between target gas response and interference gas response can be found.

(9)

2

4.3. Threshold analysis based on Dataset 2

i

It is worthy of noting that the vector standardization, as one
kind of normalization method, makes the length of response vector of sensor array or the norm of vector to be per unit length, that
is, i.e., ||yj || = 1, with y j = [y1j , y2j , y3j , y4j ]T . This is a common used
normalization method which diminishes the inﬂuence of concentration to some extent [23].

4.2. PMIE training on Dataset 1
Three models such as PMIE-RLS, PMIE-BP and PMIE-SVR are
used in this paper. The average prediction errors of each sensor
for the three models are listed in Table 4, and it is can be seen
that the prediction accuracy of the PMIE-SVR model shows the best
performance. However, the proposed PMIE method has less strict
requirement on the prediction accuracy, as long as the boundary

Dataset 2 was used to determine the threshold. First, the prediction errors were obtained from dataset 2 for different prediction
models, then the maximum error Emax and minimum error Emin
can be achieved. The interval [Emin , Emax ] was divided into 100
thresholds uniformly. For each threshold, the sensitivity (TPR) and
speciﬁcity (FPR) can be calculated. The ROC curves are shown in
Fig. 5, which show that the areas under curve (AUC) of the ROC
for three models are more than 0.5. The PMIE-BP model is better than PMIE-SVR and PMIE-RLS models for pattern prediction of
TGS2620 and TGS2201B. The PMIE-SVR model is the best model
for pattern prediction of TGS2602 and TGS2201A. In general, the
PMIE-BP model and PMIE-SVR model have their own advantages
in discrimination, and the PMIE-RLS is the worst due to the linear
regression nature.
Second, the misjudgment rate can be calculated for each threshold. The threshold with the smallest misjudgment rate is used as the
threshold for interference discrimination. Relationships between

F. Tian et al. / Sensors and Actuators B 234 (2016) 703–712
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Fig. 6. Misjudgment rate (MR) with threshold (T) for the four sensors by using PMIE-RLS (a1–a4), PMIE-BP (b1–b4), and PMIE-SVR (c1–c4), respectively.
Table 5
Threshold (T) and misjudgment rate (MR) of four sensors for the three models.
model

TGS2620
TGS2602
TGS2201A
TGS2201B

PMIE-RLS

PMIE-BP

PMIE-SVR

T

MR

T

MR

T

MR

0.024
0.188
0.0183
0.0189

17.38%
13.58%
24.80%
16.90%

0.0464
0.0905
0.1342
0.1802

7.46%
10.54%
8.58%
4%

0.00015
0.0012
0.0004
0.00018

18.75%
5.08%
9.67%
17.83%
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Fig. 7. Curves of sensor TGS2620 after correction by ICA algorithm (a), OSC with PMIE-BP model discrimination (b) and OSC algorithm (c).

threshold and misjudgment rate are shown in Fig. 6, from which
the threshold and misjudgment rate of each model for each sensor
can be observed. The red point represents the threshold point. The
details for each sensor are described in Table 5.
In terms of the misjudgment rate, the PMIE-BP model with
respect to the TGS2201B sensor as the dependent variable in PMIE
has the smallest misjudgment rate for interference discrimination.
In summary, the training process of the discrimination model
f (·) based on Dataset 1 and the search for the best threshold T based
on Dataset 2 are described in this section. The obtained f (·) and T
will be tested in the following section by using Dataset 3.

4.4. Interference discrimination result on Dataset 3
4.4.1. Discrimination result based on single model
In this section, the prediction results of three models for each
sensor are described in Table 6. It can be seen that for each sensor,
the misjudgment rates of PMIE-BP model and PMIE-SVR model are
smaller. Therefore, the PMIE-BP model and PMIE-SVR model are
more suitable for interference discrimination.

Table 6
Misjudgment rate (MR) of four sensors for the three models.
model

PMIE-RLS
MR

PMIE-BP
MR

PMIE-SVR
MR

TGS2620
TGS2602
TGS2201A
TGS2201B

17.75%
6%
28.40%
34.70%

3.63%
3.91%
3.83%
8.38%

12.04%
2.33%
6.70%
8.50%

4.4.2. Discrimination result based on multiple models
For each model, the responses of four sensors are predicted,
respectively, i.e. S1 = f1 (S2 , S3 , S4 ), S2 = f2 (S1 , S3 , S4 ), S3 = f3 (S1 , S2 , S4 )
and S4 = f4 (S1 , S2 , S3 ). So there are four prediction functions for each
model (e.g. SVR). In order to prevent the recognition error caused
by a single sensor prediction, it uses multiple sensor predictions
to discriminate between target signals and interference signals in
the same model. As shown in Table 7, k (k = 1, 2, 3) denotes that a
signal is discriminated as an interference response when the signal is predicted as interference by k prediction functions. Table 7
illustrates that the misjudgment rate is smallest with k = 3 under
the same model.
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Table 7
Comparison of the misjudgment rate (MR) between the proposed PMIE and method [11].
The proposed method
Method k

MR

Method [11]

PMIE-RLS

PMIE-BP

PMIE-SVR

1

2

3

1

2

3

1

2

3

42.10

15.25

10.45

5.67

3.41

3.25

5.41

5.62

5.29

The PMIE method proposed in this paper is different with the
pure classiﬁcation based method [11]. It only relies on the target
samples when it is set up, and it is irrelevant to interference gases.
So the method is effective to all interference gases. However, the
method in Ref. [11] needs some interference samples to train classiﬁer, so it depends on the type of interference gas to some extent.
Thus it is effective to limited types of interference. And Table 7
shows that the PMIE-BP method is superior to the method in [11]
in discrimination performance.
4.5. PMIE based interference elimination result
The OSC algorithm was used to correct the interfered responses.
The curves of TGS2260 responses which were discriminated by
PMIE-BP prediction model and corrected by OSC are listed in
Fig. 7(b), wherein we can ﬁnd that the misjudgment positions are
the boundaries between the target gases and interferences. But
the boundary problem is still an unsolved issue, which is a costsensitive problem.
The independent component analysis algorithm (ICA) and
orthogonal signal correction algorithm (OSC) can be used in components correction [24–27]. In the e-nose based on MOS sensor array,
they are used to solve the interference problem and drift problem [28–30] caused by sensor aging. For comparison, the ICA have
been utilized for interference elimination. The TGS2620 response
curve with interference elimination is shown in Fig. 7(a). Additionally, the single OSC method also have been utilized, which can
remove the information that is irrelevant to target response. The
corrected curve of TGS2620 is shown in Fig. 7(c). From the results,
it is can be concluded that the proposed PMIE method can successfully discriminate and eliminate the interferences in real-time
application. This also implies that ICA or OSC may not effectively
eliminate the interferences that are independent of target gases in
real-time application from their principle. Therefore, for real-time
use of an e-nose in real-world scenarios, the proposed method can
well address the issue in e-nose community.
4.6. Assumptions and limitations of PMIE model
Assumptions and limitations of the model are discussed as follows:
4.6.1. Assumption
For the PMIE model, we assume that the target gas concentration
remains constant when the interference gas exists.
4.6.2. Limitations
1) The threshold T used to discriminate the signal attribute should
be very accurate in the model. If the target signal and the
interference signal are very similar, the probability of wrong
discrimination will be larger.
2) During the process of interference elimination, the interference information orthogonal to the target signal is removed,
but it cannot guarantee that all the interference information
is removed. Therefore the interference is not completely eliminated while it can be suppressed to a large extent.

RLS

BP

SVR

6.55

5.75

5.08

3) For the model in this paper, the signal is discriminated as one
of the two kinds: either target signal or interference. However,
in the future, we will consider multi-label prediction, that is,
multiple kinds of gases can be discriminated simultaneously.
5. Conclusion
In this paper, a pattern mismatch based interference elimination
(PMIE) method is proposed for addressing the key and unsolved
issue of interferences in e-nose. This method consists of two parts:
interference discrimination and interference elimination. The discrimination model of PMIE only relies on target gas samples, and
it is built independently of speciﬁc interference gases, such that
the PMIE method is effective to all interference gases. By comparing with ICA and OSC in experiments, the proposed PMIE method
shows the best results. It means that the interference problems
caused by non-target gases in e-nose was satisfactorily solved by
the proposed PMIE method.
In the future, the boundary problem of discrimination based on
a well-trained threshold should be further studied. Additionally,
more effective mismatch based discrimination model may also be
an interesting research direction.
Acknowledgements
This work was supported by the National Natural Science
Foundation of China under Grant 61401048, the Colleges and Universities’ Research Foundation for Ph.D. Program of China under
Grant 20120191110023, the 2013 Innovative Team Construction
Project of Chongqing Universities, the Hong Kong Scholar Program
under Grant XJ2013044, and the Project of Chongqing Science &
Technology talent cultivating cstc2013kjrc-tdjs40008.
References
[1] S.M. Scott, D. James, Z. Ali, Data analysis for electronic nose systems,
Microchim. Acta. 156 (2007) 183–207.
[2] L. Zhang, F. Tian, Performance study of multilayer perceptrons in a low-Cost
electronic nose, IEEE Trans. Instrum. Meas. 63 (2014) 1670–1679.
[3] X. Tian, Y. Yin, H. Liu, Research on artiﬁcial olfactory sensor technology for
liquor identiﬁcation, Food Sci. 2 (2004) 29–32.
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