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 In this study, feature extraction from a transient response of a semiconductor gas 
sensor is investigated. For the sensor response given as the step response of the fi rst-
order lag system, the sensor output can be approximated as a sum of exponentials by 
Prony’s method.  The model parameters can be estimated as the time constant and the 
gain, which are inherent parameters for each gas.  The parameters can be used as features 
for the discrimination of gases.  Using the extracted features, the discrimination of 
gases will be achieved even if only a single sensor is used.  The parameter estimation 
procedure is basically an offl ine algorithm.  We will then show an online estimation 
procedure for feature extraction with a low computational burden.

1 Introduction

 Recently, sensing systems for gases or odorants, which are called electric nose 
systems, have attracted much attention for various areas, e.g., in food processing, 
medical and welfare areas.  Semiconductor gas sensors are well known commercialized 
gas sensors for reasons of their temporal stability and other properties.  In electric nose 
systems, the gas sensor as an element of the sensor array should basically have a high 
selectivity for sample discrimination.  Then, the amplitude of the sensor output in the 
steady state can be used as a feature.  Semiconductor gas sensors generally have a 
low selectivity; therefore, feature extraction in the transient state has been proposed to 
improve the discrimination by the augmentation of the feature vector.(1)

 In this paper, we consider feature extraction from a transient response of a 
semiconductor gas sensor.  For the sensor response given as the step response of the 
fi rst-order lag system,(2) the sensor output can be approximated as a sum of exponentials 
by Prony’s method.(3)  The model parameters can be estimated as the time constant and 
gain, which are inherent parameters for each gas.  The parameters can be used as features 
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for the discrimination of gases by multivariate analysis.  Using the extracted features, 
the discrimination of gases can be achieved even if only a single sensor is used.  The 
parameter estimation procedure basically uses an offl ine algorithm, we will then show an 
on-line estimation procedure for feature extraction with a low computational burden.

2 Experimental Methods

 Figure 1 shows the experimental setup of the gas sensor system.  As a semiconductor-
based gas sensor, TGS822 (Figaro Eng. Inc.) is selected.  The sensor has a low 
selectivity, but this means that it can detect various gases; thus, it is suitable to study the 
relationship between the extracted features and characteristics of sample gases from the 
measurement data.
 Sensor signals can be collected through a low pass fi lter and an amplifi er circuit board 
using an AD converter with a laptop PC.  The sensor is located at the bottom of a closed 
chamber (5,000 ml).  Sample gases are injected using a microsyringe from the top of the 
chamber, where the concentration of each sample gas is adjusted to 200 ppm.  Then, the 
stepwise response to the injected gas is measured.
 Figure 2 shows typical transient responses to sample gases.  This shows that the 
characteristics of the sensor responses to the gases are different.  Then, we can see that 
the transient response can provide information, which can be characterized by the steady-
state value and time constant.

3 Sensor Respose Modeling

 Assuming that the gas reaction on the surface of the sensor can be regarded as a fi rst-
order reaction, the transient response obtained by the sensor can be modeled as the step 
response of the discrete fi rst-order lag system.(1)

 Then, we obtain

 yk = C(1−exp(−k∆t/τ)), (1)

where τ is a time constant and C is a steady-state value that denotes the initial 
concentration or saturation mass of adsorption.  Equation (1) shows a sensor response 

Fig. 1.   Gas sensor system.
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with a single gas injected stepwise.  Therefore, it is important that these parameters are 
estimated to extract features of each gas.  To estimate the parameters, we use Prony’s 
method(4) as follows.
 Here, we review and consider Prony’s method, which approximates the sensor 
response using a sum of exponentials as 

 , (2)

where ri = exp(−∆t/τi) and n is the order of the model.
 The z-transform of eq. (2) can be obtained as 

 , (3)

where 

 ,

and ci and di are real coeffi cients.
 On the other hand, we can also approximate the sensor output using the auto-
regressive (AR) model represented by eq. (4).

Fig. 2.   Typical transient response to gases.
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 , (4)

where ai is the AR coeffi cient and ek is the error.  Then, the AR coeffi cients can be 
obtained by the least-squares (LS) method.  Then, the z-transform of eq. (4) can be 
obtained as

 , (5)

where E(z) corresponds to the z-transform of ek.  Comparing eqs. (3) and (4), it is clear 
that the coeffi cients in C(z) are equivalent to the AR coeffi cients.  Thus, the following 
characteristic equation is solved,

 , (6)

where xi = z−i , and τi can be obtained as follows using real roots of eq. (6).

 . (7)

The estimated time constant can be obtained as an inherent parameter for each gas, and 
denotes the index of the number of input gas components.  
 The steady-state value mi can also be estimated by minimizing the following error.

 , (8)

where N is the data length.  As ∂E/∂mi = 0, we then have the estimate of mi; 

 , (9)

where

 , 

 , 

and the Vandermonde matrix R is given as
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  . (10)

 Using the estimated mi, the sensor output corresponding to the selected τi in mixed 
gas components can also be approximately calculated.  Then, the extraction and selection 
of τi and the calculation of the corresponding mi can be used to modify the selectivity of 
the gas sensor.
 In eq. (1), to remove the effect of the constant term as the offset, the sensor output 
data can be redefi ned and converted to the following differential data using the data at 
the l step ahead(2)

 , (11)

where 0 ≤ k ≤ N−l−1, l ≥ 1.  Then, eq. (2) with a single gas can be represented as 

 

 , (12)

where

 . 

 Although the above algorithm is an offl ine algorithm, if the method can be extended 
to an on-line algorithm we can expect that the algorithm can be applied to various 
problems.  Thus, we hereafter consider a recursive updating of the estimates of the 
parameters.
 Equation (4) can be represented as follows: 

  , (13)

 , 

  . 

Here, the AR coeffi cient vector an,k can be estimated by the recursive least-squares (RLS) 
method.

 , (14)

 , (15)
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 , (16)

where we set the parameters as âL,0 = 0, R = 20 and p0 = 2×103I in the following 
simulation.
 Considering a numerical aspect, the real roots of eq. (8) can be obtained by 
eigenvalue decomposition of the following L-th order companion matrix related to the 
time series data: 

 =

yk−L+1

yk−L+2

yk−1

yk

yk−L

yk−L+1

yk−1

yk−2

0 0 0
0 0

00

1
1

1
−aL −a2 −a1

. (17)

 The steady-state value mi can also be estimated using eq. (9).  The R matrix shown in 
eq. (10), however, is required to reconstruct all the elements for each sampling time.  The 
computational burden of this updating must be reduced.
 The model parameters τi and mi are time invariant.  Therefore, we set the ri as the LS 
estimate at each sampling step without reconstructing all the elements.  Then, we can use 
the following matrix instead of R in eq. (10) 

 =RN

1 1 1
r1,1 r2,1 rn,1

r1,N r2,N rn,N
N N N

, (18)

where ri,k denotes the estimate of ri, obtained in the k step.  Then, mi can be given as 

 . (19)

 Hereafter we assume that the sample gases are loaded as a unit gas.  Then, the time 
constant excluding the noise term can be obtained using 

 , (20)

where the subscript k means that the parameter is obtained in the k step, and then the R 
matrix is shrunk as 

  (21)

Then, mk can easily be updated by 
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 , (22)

where 

  . 

From eq. (3), C can be obtained using

 . (23)

 Then, we have derived a simplifi ed and recursive estimation algorithm for estimating 
the parameters from the sensor response to a unit gas.

4. Results and Discussion

 In this section, we consider the application of the proposed method to the analysis 
of practical data.  A single semiconductor-type sensor, TGS822, is used.  The order of 
the AR model is L = 15, and the difference interval l = 2,000.  Using the closed chamber 
shown in Fig. 1, the response of the sensor to each gas is measured.  Six sample gases 
are prepared, which are shown in Figs. 5 and 6.  The measurement time is 10 min, which 
includes 30,000 data points.  The sampling rate is 20 ms.  Figure 3 shows the typical 
response to ethanol gas.  In Fig. 3, the solid line indicates the measurement sensor output.  
The dashed lines indicate the results of the conventional method based on the offl ine 
procedure(2) and those of the proposed method included in eq. (22), which was performed 
recursively.  The conventional method is a batch process; that is, the entire data are used 
to estimate only one set of parameters.  On the other hand, the proposed method provides 

Fig. 3.   Transient response to ethanol.
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an estimated sensor output at each step using limited data.  Figures 3 and 4 show that 
the proposed method can be used to estimate the real response curve similarly to the 
conventional method.
 Figures 5 and 6 show the convergence of the estimates when comparing the proposed 
method with the conventional method.  They show that with increasing data, the 
estimates converge and the simplifi ed gain estimation can be equivalent to that of the 
conventional method.  Note that in Figs. 5 and 6, the time constant and saturation mass 
differ between gases and this shows that the parameters can be used to extract features of 
the gases.
 Furthermore, regarding numerical aspects, the proposed method could process data 
obtained over 10 min within 0.837 min.  On the other hand, the conventional method, 

Fig. 4.   Transient response to butane.

Fig. 5.   Time constant for each gas in time elapsed.
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which includes an RLS procedure for AR coeffi cients required 50 min under the same 
conditions with different calculations of the Vandermonde matrix corresponding to eqs. 
(10) and (18).

5. Conclusions

 In this study, feature extractions from the transient response of a gas sensor were 
investigated.  For the sensor response given as the step response of the fi rst-order lag 
system, the sensor output has been approximated as a sum of exponentials by Prony’s 
method.  The model parameters of the time constant and gain, which are inherent 
parameters for each gas, can be used as features for discriminating gases.  Furthermore, 
we showed that the on-line estimation procedure and the proposed algorithm can give 
equivalent results to the conventional algorithm with a low computational burden.
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Fig. 6.   Saturation mass for each gas in time elapsed.
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