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The stochastic component of a chemical sensor signal contains valuable information 
that can be visualized not only by spectral analysis but also by methods of high-order 
statistics (HOS). The analysis of HOS enables the extraction of nonconventional features 
and may lead to significant improvements in selectivity and sensitivity. We pay particular 
attention to the bispectrum that characterizes the non-Gaussian component and detects 
nonstationarity in analyzed noise. The results suggest that the bispectrum can be applied to 
gas recognition. The analysis of bispectra and the reproducibility statistics of skewness 
and kurtosis indicate that the measured time records were stationary. 

1. Introduction

Generally, the output signal Us,ns of a chemical sensor can be written as 

Usens(t) = U,e
8 

+ xs,oJt), (1) 

where U,.
8 

is the regular component of the sensor signal and xswc(t) is the stochastic 
component, which in the ideal case is determined by dynamical microscopic interactions 
between the sensor and the molecules of the agent sensed. It has been shown that the 
stochastic signal component xs,oc (t) is a valuable source of information that can be used to 
improve both selectivity and sensitivity_(l-5l We have called sensing methods based on 
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stochastic signal analysis, fluctuation-enhanced sensing (FES). The standard FES method 

has been limited to measuring the power spectral density Sx (f) and analyzing its pattem_{l-4) 

It is often assumed that the stochastic process is Gaussian and therefore it does not contain 
any additional (non-Gaussian) information. However, the observed signal often contains

non-Gaussian components, particularly in sensors having small volumes or inhomoge
neous current densities. Thus the analysis of these non-Gaussian components has the 
potential of significantly improving the sensitivity and selectivity of electronic noses.<5l

In this exploratory study, we have investigated the nonlinear stochastic properties of 
commercial Taguchi-type sensors by applying high-order statistical (HOS) tools. Taguchi 
sensors are surface-active, grainy, semiconductive oxide (usually SnO2)-based gas-sensing 
films working at elevated temperatures.<6l The grain size can be as small as 10 nanometers.

The stochastic sensor signal is represented by the temporal microscopic fluctuations in the 
sensor resistance, and these fluctuations are influenced by the ambient gas. c1,2J The sensor's
DC resistance is dominated by charge carrier transport through the potential barriers at 
intergrain boundaries (Fig. l(a)).(6l The barrier is formed when the metal oxide crystal is
heated in air, and oxygen is adsorbed which acts as a donor due to its negative charge. The 
barrier height is reduced<6l when the concentration of oxygen ions decreases in the presence
of a reducing gas (Fig. l(b)). As a result, DC resistance decreases. The gas-induced 

stochastic resistance fluctuations are caused by the fluctuations in the local oxygen 
concentration at the grain boundary junctions. Ol These concentration fluctuations have two 
different origins.C3l

• Electron

b) 

Grain boundary 

eVin air and 
_-=---c,_-==--- ----'---- -----==---...:"------'---"reducing gas 

Grain boundary 

• Electron

Fig. 1. Potential barrier between grains in (a) air and (b) reducing gases. 
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The stochastic nature of the absorption-desorption process, which has also been
observed in surface-acoustic-wave (SAW) devices, and is controlled by the adhe
sion energy of the gas molecules at the surface 

The stochastic nature of surface diffusion process (random walk) which is charac
terized by the activation energy of surface diffusion 

These two microphysical stochastic processes are always present; however, usually one is
dominant.(3l The actual situation is determined by geometry, activation and adhesion
energies, and the time scale (frequency range) of the measurement. 

In this paper, we exploit the information captured in the HOS of the recorded stochastic
signal of commercial Taguchi sensors. 

2. Method, Setup and Sensors

2.1 HOS methods

A stationary stochastic signal x(t) is characterized separately by its power spectral
density (PSD) and amplitude density. Usually, it is assumed that the observed noise is a
Gaussian stochastic process, implying a Gaussian amplitude density, in which case the
PSD completely characterizes its statistical properties. However, non-Gaussian stochastic
processes are often present, and they play an important role in various semiconductor
devices.<7·9l For example, in the presence of random telegraph noise, the observed
deviation from a Gaussian distribution is used for reliability predictions for semiconductor
devices. <9l 

Let us suppose that the x( t) sensor signal is sampled and recorded as a time series x( n).

Simple measures of deviations<10> from the Gaussian distribution are skewness, y3, and
kurtosis, y

4
• These parameters are computed for a discrete-time random process x(n)

having the standard deviation ax as

(2) 

Y4 = :4 E[(x(n)- E[x(n)]r]- 3,
X 

(3) 

where E[ ] denotes averaging. The skewness describes the degree of symmetry and the
kurtosis measures the relative peakedness of the distribution. Both measures are equal to 
zero for a Gaussian process. 

An important tool to investigate the non-Gaussian component of the stochastic sensor
signal is the bispectrum. <10-11l The bispectrum function is the second-order Fourier
transform of the third-order cumulant, 01l 
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S (J, f) = � � C (k l)e-J2,rf,ke-J2lff,z 
3x l' 2 L. L. 3x ' , 

k=-=l=-
(4) 

where C
3x

{k,l) = E[ x(n)x(n + k)x(n + l)] is the third-order cumulant of the zero-mean

process x(n). The bispectrum is a two-dimensional complex function. Usually, its

absolute value is analyzed, which is a three-dimensional landscape. The bispectrum 
function is equal to zero for processes with zero skewness, i.e., for Gaussian processes. 
The bispectrum of two statistically independent random processes equals the sum of the 

bispectra of the individual random processes. It is an important property of bispectra that 

Gaussian components in the recorded stochastic process are eliminated and only the non

Gaussian components are visible. <11J 

The above definition of the bispectrum function yields axial symmetries for stationary 
random signals (Fig. 2), where each section between the symmetry axes characterizes the 
entire function. The lack of any of these symmetries indicates that the analyzed process is 

not stationary. 

2.2 Measurement setup 

The experimental setup (Fig. 3) consists of a gas mixer, a stainless steel sensor 
chamber, a Stanford Instruments preamplifier, an AD Instruments PowerLab Data Acqui

sition system and a personal computer. The passive current generator driving the sensor 
film (two-contact arrangement) and the preamplifier were battery-powered. 
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Fig. 2. Symmetry axes of bispectrnm function. 



Sensors and Materials, Vol. 16, No. 6 (2004) 

6V 5 kn 

Preamplifier 
Stanford RS 

SR560 

220 µF 

I 

i Gas chamber 
' 

' 

' 

' 

3

�iIIeatt 

Acquisition system USB 
PowerLab 4Sp --- Computer 
AD Instruments 

Fig. 3. Measurement setup. 
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The flow of the gas mixture through the sensor chamber was controlled and maintained 
constant. For the exploratory study of bispectra-based responses, we have measured the 
following four gas mixtures. 

Synthetic air (flow 0.1651/min) 
Ethanol (70 ppm) in synthetic air (flow 0.215 1/min) 
Hydrogen (380 ppm) in synthetic air (flow 0.265 I/min) 
Alcohol fumes (saturated ethanol vapor in closed sensor chamber) 

The data were collected at sampling frequencies.fs=20 kHz and.fs=lO0 Hz. The noise 
bandwidth was appropriately limited by the preamplifier filter to avoid aliasing effects. 
The load resistance R was chosen to have approximately the same value as the sensor 
resistance Rs. 

2.3 Sensors 

Two commercially available Taguchi-type gas sensors were investigated: RS 286-636 
(designed for the detection of carbon monoxide) and RS 286-642 (designed for the 
detection of nitrogen oxide). 

3. Results and Discussion

We found that the properties of measured stochastic resistance fluctuations were 
characteristic of the gas mixture used in the experiment. The normalized power spectra 

JS
x
(J)/U'fj

c 
of ethanol (70 ppm), hydrogen (380 ppm) and synthetic air are shown in Fig. 

4, recorded with sampling frequency .fs=20 kHz and 400,000 data points. The normalized 
power spectra show distinctive characteristics (Fig. 4). At the same time, the amplitude 
density was nearly Gaussian (Fig. 5). Stronger deviations from the normal distribution 
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Fig. 4. Normalized power spectra of stochastic signals sampled at frequency f,=20 kHz with 
various ambient gas mixtures: a) CO sensor, b) NOx sensor. Synthetic air (solid line), ethanol 70 
ppm (dotted line) and hydrogen 380 ppm (dashed line). 

a) RS 286-636 (carbon monoxide sensor) b) RS 286-648 (nitrogen oxide sensor)
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Fig. 5. Normalized amplitude distribution p(x)lp(0) of voltage noise sampled at frequency fs=20 
kHz during exposure to synthetic air (solid line), ethanol 70 ppm (dotted line) and hydrogen 380 ppm 
(dashed line): a) CO sensor and b) NOx sensor. 
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were observed only at relatively high amplitudes in ethanol with the carbon monoxide 
sensor (Fig. 5(a)). In conclusion, the measured fluctuations were weakly non-Gaussian, 
which is a plausible result because of the large size of these sensors and due to the central 
limit theorem. 

To explore this weak non-Gaussianity, we analyzed the bispectra of these records. At 
the sampling frequency of 20 kHz, the measured bispectra were nonzero only around the 
point f1=f2=0. This fact indicates that the most important non-Gaussian information is 
located at low frequencies and that its detailed study requires a lower sampling frequency. 

Therefore, we ran new measurements at the sampling frequency f,=100 Hz (200 times 
lower) to see the characteristic features at lower frequencies. For convenience, in Fig. 6 we 
plot the cross-level contour-plot of the absolute value of the bispectraY 1

l Throughout this 
paper, we will refer to this plot as a bispectrum in accordance with existing reports in the 
literature. The bispectra of the four gas mixtures (Fig. 6) show distinct features in each 
case. The characteristic differences between these bispect:ra provide significantly more 
information, a kind of "chemical fingerprint." This information is independent of the 
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Fig. 6 .. Bispectra from CO sensor at sampling frequency fs=lOO Hz. 
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power spectra (Fig. 4). Thus the bispectrum is a powerful additional tool to identify 

various gas mixtures using a single sensor. It is important to emphasize that this goal 

cannot be achieved when the sensor is used in the classical way to analyze only the mean 

resistance because that provides only a single number instead of a rich pattern. 

The axial symmetries of the obtained bispectrum functions obtained (Fig. 6) satisfy the 

symmetry condition for a stationary time series. This indicates that the observed nonzero 

bispectrum is not due to hidden nonstationary processes in the stochastic component of the 

sensor signal. We also ran an alternative test of stationarity. The skewness and the kurtosis 

were estimated from a very short time record (Fig. 7). No visible trend can be observed, 

which is in good agreement with the observed symmetries of the bispectra. 

Finally, a few words about the accuracy and the reproducibility of data that are among 

the most sensitive issues in chemical sensing. 

(a) 

(b) 

The fluctuations of the bispectra data were reduced by averaging a large number of 

records. This is a more difficult task than conducting it with a classical power 

density spectrum. We made an effort to reduce the fluctuations in the averaged data 

to 5-10%. This effort required much computation time, which was in the order of 

half an hour using present PCs. As a result, the bispectrum patterns fluctuated 

weakly thus the topology and the basic shape observed by the naked eye remained 

the same and only the final details of the curves showed some fluctuations. 
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Fig. 7. Short-time-estimates of skewness and knrtosis at sampling frequency fs=lO0 Hz with CO 

sensor. Synthetic air (x), ethanol 70 ppm (circle) and alcohol vapor (diamond). 
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• Possible effects of fluctuations of ambient gas composition. We controlled the
vapor concentration by control valves (flow meters). The accuracy of the concen
tration was supposedly about 2%, which is high compared with the measured
stochastic signal. However, the concentration fluctuations in the ambient gas have
a much slower time constant due to the volume of the sensor chamber, typically in
the order of a minute. Taking spectral considerations into account, the effects of
these slow concentration fluctuations are reduced in our frequency regime by a
factor of 106

-1010
, because the steepness of the cutoff is at least 20 dB/decade (1/f

cutoff in the spectrum). We experimentally tested this hypothesis by switching off
the gas flow for a short time. We did not observe any change in the power density
spectrum of the measured fluctuations while performing this.

4. Conclusions

HOS methods were applied to test the stationarity of the stochastic component of the 
signals of Taguchi sensors and to extract additional chemical information from the non
Gaussian component. Various gas compositions were used. The analysis of kurtosis, 
skewness and bispectra indicated that the stochastic signal component was stationary. The 
bispectra turned out to be a rich source of additional sensing information which cannot be 
achieved by measuring the power spectra or analyzing the resistance in the classical way. 
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