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Abstract

Ethanol and HS, mixed with air or NQ, were detected using a novel nanocrystalline 8&nsor produced by advanced gas deposition
and operated in a dynamic mode effected by square voltage pulses applied to its heating element, thereby modulating the operatin
temperature between 150 and 280 The sensor signals were decomposed by fast Fourier and discrete wavelet transforms, and the
ensuing data were used as inputs into various pattern recognition methods for identification and quantification purposes. We were able t
show that ethanol and4$ could be detected with good sensitivity and selectivity in the presence of both reducing and oxidizing gases.
© 2004 Elsevier B.V. All rights reserved.
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1. Introduction of reducing or oxidising gased]. Although the analysis
of single gases and multi-component mixtures by using
Even though the olfactory system of humans is excep- metal-oxide-based semiconductor gas sensors has been the
tional at detecting and identifying many odours, most haz- subject of research for more than 20 years, a number of prob-
ardous gases or vapours can only be recorded at too highems associated with this approach remain unsolved. For ex-
concentrations or cannot be detected at all. Standardisecample, it is well known that metal-oxide-based gas sensors
methods for ambient air determination involve the use of suffer from drift and lack of selectivity2], which explains
various techniques and technologies as well as expensivewhy they are presently used only in low-cost, alarm-level
and bulky equipment. All of the methods require labora- gas monitors for domestic and industrial application
tory procedures incapable of obtaining real-time results. [3].
However, serious attempts to control pollution demand The limited selectivity of semiconductor gas sensors
that emissions of hazardous gases into the atmosphere bean be evaded in several ways, and a number of different
continuously monitored. Classical analytical methods are strategies—all having been applied with limited success
not suitable for such real-time analysis, and it follows that have been reported. A recent approach consists of analysing
there is a need for developing rugged, reliable, small, and the sensor’s dynamic response in order to obtain a new set
inexpensive equipment for air quality monitoring. of parameters specific to the investigated gases, one easily
Metal-oxide semiconductor gas sensors represent oneimplemented method being based on changes in the operat-
option for constructing gas monitors. They operate on the ing temperature for generating suitable response transients
principle that the sensor’s resistance changes in the presencgt]. The required modulation can be obtained by apply-
ing a variable signal to a heating element in contact with
_ the sensor. The objective of the temperature modulation is
* Corresponding author. Tekt34 977 55 87 64; then to alter the kinetics of adsorption and desorption re-
E"X: +34 977 ,55. 96 05, actions that occur at the sensor’s surface in the presence of
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Sciences, University of Szeged, P.0.Box 406, H-6701 Szeged, Hungary @ modulation of the sensor’s working temperature leads to
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a response pattern that is characteristic for the gas undedeast squares (PLS), was used to build predictive models for
investigation[5—8]. ethanol and KHS concentrations both for pure and mixed
The most commonly used method to extract important fea- gases, and fuzzy ARTMAP and RBF neural networks were
tures from response signals of temperature-modulated gasalso implemented for identifying the class of concentration
sensors is the fast Fourier transform (FFT). An alternative to which each measurement belonged. The results obtained
way for decomposing a signal into its constituent parts is have shown that ethanol and,$l gases can be detected
the discrete wavelet transform (DWT). The main difference with good sensitivity and selectivity in the presence of both
between the two methods is that DWT provides both fre- reducing and oxidising species.
quency and temporal information of the signal, while FFT
gives only frequency information for the complete duration
of the signal so that the temporal information is lost. The 2. Experimental
ensuing data are used as inputs into various pattern recogni-
tion methods for identification and quantification purposes.  WOs3 nanoparticle thick-film gas sensors were employed
The FFT and DWT coefficients provide ‘fingerprints’ that for the measurements. The sensor device comprised an alu-
are characteristic of the concentration level and gas mea-mina substrate (9 mnx 7 mm) with two pre-printed gold
sured. They depend on the chemical reactions that take placeslectrodes, 0.3 mm apart and 5mm in length, on the upper
between the active film of the sensor and the gas and areside and a Pt heating resistor on the reverse [diflg The
thereby, directly influenced by the characteristics of the ac- WO3 nanopatrticle film was deposited onto the substrate by
tive material used and its deposition method. Thus, anotherusing an advanced gas deposition unit (ultra fine particle
important requirement for enhancing the selectivity is the equipment, ULVAC Ltd., Japan). Further details on this ap-
availability of very accurately controlled preparation tech- paratus and on the deposition process can be found else-
nigues for the sensor material. Such techniques should bewhere[17,18] The deposited film was annealed at 6Q0
able to provide the desired oxide composition at a mini- in air, exhibiting then a monoclinic phase with an average
mum number of processing steps. In practice, selectivity is grain size of about 23 nfi7,19] The WG; film was 20um
achieved by enhancing gas adsorption or promoting specificthick.
chemical reactions via catalytic or electronic effects using  The measurement set-up comprised of a 300 ml test cham-
bulk dopants, surface modification methods, or by addition ber, three mass-flow controllers, and a data acquisition sys-
of metallic clusters or oxide catalysi,10]. tem for recordings in the millisecond range, employed for
In general, sensitivity is improved by microstructural acquiring the sensor’s resistance. The temperature of the sen-
changes such as the reduction of the oxide particle size tosor was varied between 150 and 28Dby applying square
the nanometre scald1] and nanostructured materials are voltage pulses with a frequency of 36 mHz to its heating
recognised as essential for achieving high gas sensitivity. resistor. The temperature range and the frequency were op-
These materials present new opportunities for enhancingtimised for the analysed gases. Synthetic dry air (809 N
the performance of gas sensors as a consequence of theiand 20% Q) at a constant flow rate of 11/min was used as
large surface area and because a significant fraction of theirboth purging and carrier gas.
atoms reside at grain boundarigi2,13]. Prior work has The sensor was exposed to controlled concentrations of
shown that the sensitivity of semiconductor oxide materi- ethanol (10, 50, and 100 ppm),28 (1, 5, and 10 ppm),
als has been improved by reducing the particle size, andethanol H,S (10+ 1, 50+ 5, and 100+ 10 ppm), ethanol
greatly improved properties have been reported for sizes in4+ NO, (10 + 1, 50 + 5, and 100+ 10ppm), and HS
the 5-50 nm ranggl4,15] + NO2 (1+ 1,5+ 5, and 10+ 10 ppm). All concentrations
In the present paper, we detect ethanol an® Hhixed were diluted in dry air. Each measurement was replicated
with dry air or NG using a novel nanocrystalline WO  four times in order to obtain representative data. Data ac-
sensor (thickens about 20n) produced by advanced gas quisition started 3 min before the injection of a gas sample
deposition. The sensor was operated in the dynamic modeinto the airflow and took 20 min to complete. The sampling
effected by square voltage pulses applied to its heating el-rate was set to 1.33$, i.e. new data was stored every 0.6 s.
ement, thus modulating its temperature between 150 andFor purging of the measurement chamber, each measure-
250°C. The sensor signals were decomposed by the FFT andment was followed by a temperature treatment at“ZD€or
DWT transforms, and the features extracted were used as in-15 min, and subsequently the sensor, subjected to the volt-
puts into various pattern recognition methods for identifica- age pulses, was kept for 1 h in the presence of synthetic dry
tion and quantification purposes. In particular, unsupervised air for recuperating its baseline resistance.
and supervised pattern recognition methods, specifically
principal component analysis (PCA) and discriminant factor
analysis (DFA), as well as neuronal networks, specifically 3. Results and discussion
fuzzy ARTMAP and radial basis functions (RBF), were ap-
plied to distinguish the investigated gases. Furthermore, a For assessing the selectivity of the \W@anoparticle gas
linear multivariate statistical algorithm, specifically partial sensor employed in the measurements, the acquired data
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were divided into two subsets (denoted A and B), which wavelets was used for the analysis because of its desirable
were formed so that the detection of a single gas in air and properties of orthogonality, approximation quality, redun-
in the presence of reducing and oxidising species followed dancy and numerical stabilif22]. In particular, the fourth
in suite. The two subsets were as follows. order Daubechies (db4) was considered convenient as it
is the first ‘smooth’ wavelet of the family, and a level-3
decomposition of the sensor response was performed. The
wavelet coefficients from 5 to 16, corresponding to the
wavelets of scales 2 and 3, were selected for further analysis.
DWT coefficients between 1 and 4 were discarded because
The same measurements for ethandH,S were used in  they correspond to very low frequencies and are affected by
both subsets. drift [8]. Higher DWT coefficients than the 16th were not
In order to extract important parameters characteristic of selected because they correspond to high frequencies in the
the studied gases, the sensor signals were first decomposetesponse signals and may be affected by nf@é¢
by either a FFT or a DWT technique. The data matrices formed either with the FFT or DWT
A 540-sample (comprising 20 periods of the sensor re- coefficients were then used as inputs into different pattern
sponse) FFT was performed for every response transientrecognition methods in order to classify and quantify the
The transform works by first translating a function in the measured gases.
time domain into a function in the frequency domain. The
signal can then be analysed for its frequency content because.1. Sensitivity curves
the Fourier coefficients of the transformed function repre-
sent the contribution of each sine and cosine function at each  Sensitivity curves for ethanol-based measurements (sub-
frequency. The amplitude of the dc component and the first set A) and HS-based measurements (subset B) were studied
three harmonics of the FFT were extracted. FFT coefficients initially. The sensitivity § was defined as the ratio between
of the higher harmonics were discarded because they hadhe variation of the sensor resistance in @R%;r) and the
very low amplitudes, and low amplitude harmonics corre- variation of the sensor resistance 15 min after the exposure
sponding to high frequencies may be affected by noise. Theto the test gasARyag according to:
FFT had to be calculated over a sufficiently large number of
samples to provide a good definition of the harmonic peaks. §— A Rair (1)
The DWT was computed over a single period of the sensor ARgas
response (28 samples) chosen soon after the introduction of
the test gas into the measurement chamber. Only one periodvhere AR represents the difference between the maximum
suffices to compute the DWT because a DWT decomposition and minimum values of the sensor resistance during one
presents very similar features, periodically distributed for complete period of thermal cycling.
the different time positions, when a large number of periods ~ Table 1summarises mean values for the sensitivity of the
is considered20]. four replicate measurements at each gas concentratjon (
DWT uses a windowing technique with regions of dif- and the linear dependence betwe®and x. The columns
ferent sizes, allowing long-duration windows to be used in the table are arranged for increasing concentration of the
for accurate low-frequency information combined with gases. As expected, the sensitivity was higher for a mixture
short-duration windows for accurate high-frequency infor- of two reducing gases than for only one reducing gas. It was
mation. Wavelet scale refers to the width of the window; as also found that the sensitivity was higher for a mixture of
the scale is increased, more coefficients are used to defined reducing and an oxidising species than for the reducing
the analysed sequence of data and a finer level of detailgas only. This is counter to the expected behaviour for the
is obtained[21]. Specifically, the Daubechies family of sensor in the presence of an oxidising species for which case

e A: ethanol; ethanok H2S (i.e reducing species); ethanol
+ NO; (i.e. oxidising species)

e B: HzS; HpS + ethanol (i.e. reducing species);28l
+ NOg (i.e. oxidising species)

Table 1
Mean values for sensor sensitivit$) (upon exposure to various pure gases and gas mixtures, and functional relationship between sensitivity and gas
concentration X)

Gas Mean value for sensitivity Sensitivity dependence on
- - - - . concentration
Lowest concentration Medium concentration Highest concentration
Ethanol 7.3 48.2 76.4 S=0.7& + 3.5
Ethanol+ H>S 16.7 141.6 328.3 S=35—-23
Ethanol+ NO, 64.8 132.2 208.5 S=1.6x+ 50
HzS 5.6 42.1 82.5 S=8Xx-21
H2S + ethanol 16.7 141.6 328.3 S=235 — 23

H2S + NO2 4.5 55.8 144.4 S=16x — 15
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the resistance should increase, and thus the sensitivity of the 10 athanol ; PCA - FFT
sensor in contact with the oxidising and reducing species 4 ‘ ' ‘
should decrease. Nevertheless, the observed result may be
reconciled with the highly complex behaviour that N®as

found to exhibit as a function of the surface temperature of 2|
the sensof23].

w
T
1

3.2. Qualitative analysis

o

Qualitative analyses were performed for the gases belong-
ing to subsets A and B with the aim to discriminate between
the reducing gas, the mixture of the two reducing gases, and “ |
the mixture of the reducing and the oxidising gases.

A linear unsupervised method was first applied. To this af .
end, a PCA was performed using either the selected FFT

-
T

cores on PC#2 (0.04%)

L 1

or DWT coefficients. The objective of PCA is to express 4 15 q o5 i

05 1
the information from the variables of the response matrix Scores on PC#1 (39.96%) 10°
by a lower number of variables called principal components

(PCs)[24]. The PCs are chosen to contain the maximum x 10° sthsnal ; PCA - DWT

variance in the data and to be orthogonal. The response ma-
trix is decomposed into a product of two matrices (scores

and loadings). While the loadings matrix contains the contri-

bution of the original response vectors to the new response
vectors or PCs, the score matrix contains the response vec
tors projected onto the space defined by the PCs.

Figs. 1 and Zhow score plots of the PCA for the pure
gases and gas mixtures belonging to subsets A and B,
respectively, with FFT (upper panels) and DWT (lower
panels) used as feature extractors. The data matrices wer
mean-centred, and the first two principal components ac-
counted for more than 99.9% of the variance in all of the
considered cases.

For subset A, the ethanel NO, measurements were well

o)

=

n PC#2 (0.1

ares o

<&

separated from data emanating from the other two classes 35 2 1.5 -1 05 0 05 1
when the DWT coefficients were useféig. 1, lower panel) BareE On LR BN 0’
and the separation was rather good also when the FFT Coef'Fig. 1. Principal components analysis applied to ethanol-containing gases
ficients were employedg. 1, upper panel). On the other (i.e. subset A) using fast Fourier transform coefficients (upper panel)

hand, a grouping of the measurements on ethanol and orand discrete wavelet transform coefficients (lower panel). Data refer to

ethanoH H,S was not possible. Anyway, a careful study of ethanol ), ethanoH- H2S (+), and ethanok- NO> (A). Arrows indicate

the PCA plot can conclude that the first principal component "easing gas concentrations.

had negative scores for measurements containing 10 ppm of

ethanol, and positive scores for measurements containing 50

or 100 ppm of ethanol. Another important remark is that the DWT was used, favourable concentration dependence was
measurements within each class were arranged in order offound also when the FFT coefficients were used.

increasing gas concentration, i.e. in the sense indicated by The analysis based on PCA showed that the investigated
the arrows. This implies that the FFT and DWT coefficients gases, in general, could not be well discriminated. In order

are concentration-dependent and could be employed to perto improve on this situation, a 3-class DFA, a linear super-

form gquantitative analyses. vised method which was also invoked. The three pre-defined
For subset B, the measurements could not be classified atlasses were the single gas, the mixture of the two reduc-
all when FFT coefficients were useHig. 2, upper panel). ing gases, and the mixture of the reducing and the oxidising

When the DWT coefficients were used, however, th&sH  gases. Like PCA, DFA finds new orthogonal axes (factors)
+ ethanol measurements were well separated from data emas a linear combination of the input variables. Unlike PCA,
anating from the other two classesiq. 2, lower panel). however, DFA computes the factors as to minimise the vari-
Again the measurements were arranged according to increasance within each class and maximise the variance between
ing gas concentration, and it is apparent that quantitative classe$25]. The data matrices were the same as those used
analyses are feasible. Although it is not as clear as when thefor the PCA.
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Fig. 3. A 3-class discriminant factorial analysis applied to
Fig. 2. Principal components analysis applied tgSFtontaining gases ethanol-containing gases (i.e. subset A) using fast Fourier transform co-
(i.e. subset B) using fast Fourier transform coefficients (upper panel) and efficients (upper panel) and discrete wavelet transform coefficients (lower
discrete wavelet transform coefficients (lower panel). Data refer® H  panel). Data refer to ethanc2y, ethanoH- HzS (+), and ethanok- NO;
(), H2S + ethanol ), and S + NO, (A). Arrows indicate increasing (2).
gas concentrations.

Figs. 3 and 4show score plots of the DFA for the pure neural network has a specific architecture and uses specific
gases and gas mixtures belonging to subsets A and B, re-algorithms for training. During the training phase, it continu-
spectively, with FFT (upper panels) or DWT (lower panels) ously adapts its intern structure so that to better approximate
used as feature extractors. For the ethanol-containing gase¢he final conditions. Once trained, it provides information
(subset A), a fairly good separation between the three classe®n any new measurement projected onto its structure.

was obtained when the DWT coefficients were ud&d.(3, A fuzzy ARTMAP neural network26,27]and a RBF neu-
lower panel). When the FFT coefficients were used, a clas- ral network[28] were employed for this study. The imple-
sification of the gas species was not possiliiy.(3, up- mented networks had their number of input neurons equal to

per panel). For HiS-containing gases (subset B), three very the numbers of selected FFT or DWT coefficients (4 or 12,
distinct clusters of data points were formed for the various respectively). The number of output neurons was set to three
gases when the DWT coefficients were employEid).(4, since a one-of-three code was used to code the three differ-
lower panel). Again, the discrimination between the gases ent categories that formed one subset of data. Because of the
was not possible when the FFT coefficients were applied limited number of measurements available for each subset of
(Fig. 4, upper panel). data (specifically being 36), a leave-one-out cross-validation
Finally, two non-linear pattern recognition methods were method was used to estimate the success rate of the networks.
tested for qualitative analyses of the pure and mixed gases. AGiven the 36 measurements, the networks were trained 36
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H,S | DFA- FFT Table 2
4 . : . T T T ‘ Classification success rate using fuzzy ARTMAP and RBF neural networks

Neural Normalisation ~ FFT DWT
gl 1 network coefficient  coefficient
(%) (%)
Subset A fuzzy Column 80.6 100
ARTMAP Global 83.3 94.4
RBF - 80.6 94.4

1F 5 Subset B fuzzy Column 80.6 91.7

W ARTMAP Global 77.8 83.3

A o, RBF - 66.7 80.6
0

Scores on PC#2

o & @ Three classes of gas species were defined for each subset of data. The
&y L data are based on FFT and DWT analyses.

fuzzy ARTMAP neural network. When the matrix of DWT
2325 2 45 4 05 0 05 1 1s coefficients was column-normalised, fuzzy ARTMAP cor-
Scores on PC#1 rectly predicted the class of all the available ethanol-based
H,5 ; DFA- DWT measurements.

3.3. Quantitative analysis

g Finally, a quantitative analysis of the gases was attempted.
A PLS method—which is a linear multivariate statistical
algorithm—was used initially to build predictive models for
| ethanol and KHS concentrations, both for pure and mixed
gases. PLS is a supervised calibration method that cap-
tures as much variance as possible in the predictor block
_ (i.e. response matrix), under the constrain of being corre-
lated with the predicted block (i.e. concentration matrix)
g [29]. The matrices of input data with the FFT or DWT co-
efficients were mean-centred. As only a few measurements
per category were available (specifically 12), the prediction
= of gas concentration was evaluated using a leave-one-out
Scores on PC# 1 cross-validation method. Thus a model was built 12 times
Fig. 4. A 3-class discriminant factorial analysis applied tgbkFtontaining usm_g 11 measurements, and the remaining one was used for
gases (i.e. subset B) using fast Fourier transform coefficients (upper panel)teSt'ng-
and discrete wavelet transform coefficients (lower panel). Data refer to ~ TwO methods were employed to compare the concentra-
H2S (2), H2S + ethanol ¢), and BS + NOz (2). tions predicted by the PLS models with experimental ones.
First, correlation coefficients between real and predicted gas
times, using 35 training vectors. The vector left out during concentrations were calculated. A superior prediction is sig-
the training phase was then used for testing. nified by the coefficients being close to unity. Then a linear
When fuzzy ARTMAP was employed, the coefficient ma- fitting was calculated between the real and predicted con-
trices were either column or globally normalised, as this centrations. A perfect prediction would yield unity slope
network requires inputs in the range 0-1. By applying a and zero intercept. The results of this analysis, summarised
column-normalisation, the intensity between the different in Table 3 show that very good predictions were obtained
columns in the matrix is lost as each column is divided by its when the DWT coefficients were employed.
maximum. When a global normalisation is performed, the A fuzzy ARTMAP neural network and an RBF neural
elements in the matrix are divided by the maximum of the network were then implemented for identifying the class of
matrix, so then the differences between columns are kept.concentration to which each measurement belonged. To this
The performance of the networks, calculated as the averagesnd, nine classes were defined for each subset of data, cor-
performance over the 36 tests, is showdable 2 The gas responding to increasing concentrations of each gas in the
species from subset A (i.e. ethanol-containing gases) weresubset. The input matrix was formed by either the FFT or
better classified than the ones from subset BStdontaining DWT coefficients, and it was normalised (either by column
gases). For all studied cases, the use of DWT coefficientsor globally) before training the fuzzy ARTMAP neural net-
led to a better classification than the use of FFT coeffi- work. The leave-one-out cross-validation method was again
cients. However, the best results were obtained with the used for estimating the performance of the networks.

Scores on PC#2
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Table 3
Summary of results for quantitative gas analyses using PLS models
Coefficient used Number of LV Correlation coefficient Slope Intercept (ppm)
Ethanol FFT 2 0.8447 0.7280 14.2839
DWT 8 0.8685 0.9029 3.8130
Ethanol+ H,S FFT 2 0.8302 0.7920 10.2964
DWT 7 0.9438 0.9911 1.5845
Ethanol+ NO> FFT 2 0.9221 0.8892 4.9005
DWT 10 0.9950 0.9936 —0.4527
HzS FFT 4 0.8774 0.9612 —0.3160
DWT 10 0.9956 0.9689 0.0906
HzS + ethanol FFT 2 0.8302 0.7920 1.0296
DWT 7 0.9438 0.9911 0.1584
H2S + NO; FFT 4 0.8370 1.0063 —0.6779
DWT 10 0.9769 0.9688 0.0758

LV denotes latent variable.

Table 4 H>S + NO» were used in different concentrations in air for
Quantification success rate for ethanol-containing and-Ebntaining testing the performance of the sensor.

ined with fuzzy ARTMAP and RBF I K : .
gases obtained with fuzzy and neural networks The sensor was operated in a dynamic mode by modu-

Neural Normalisation ~ FFT bwt lating its temperature between 150 and 260 Coefficients
network (Cosiﬁ'c'em E’;‘?ﬁ'c'em were extracted from fast Fourier transform and discrete
0 0

wavelet transform methods applied to the dynamic resis-

Subset A fuzzy Column 80.6 94.4 tance response of the sensor. The obtained coefficients
ARTMAP  Global 80.6 94.4 . . . "

RBE _ 69.4 91.7 were then used as inputs into different pattern recognition

methods to extract both quantitative (concentration) and

Subset B fuzzy Column 77.8 83.3 s . . . . .
ARTMAP  Global 66.7 278 qualitative (chemical selectivity) information concerning
RBF - 63.9 72.2 the gases.

When FFT coefficients were used in the pattern recogni-
tion the chemical classification success rate was about 80%,
whereas the use of DWT coefficients resulted in an identi-
fication success rate close to 100%. The correlation coeffi-

The performance of the networks, calculated as the av- cients between the real and predicted gas concentrations lay
erage performance over the 36 tests, is giverfable 4 between 0.8302 and 0.9221 for the different pure and mixed
Superior results were Obtained When the DWT CoefﬁCientS gases ana'ysed when FFT coefficients were used' and be-
were used in the analyses, and again fuzzy ARTMAP led yyeen 0.8685 and 0.9956 when DWT coefficients were em-
to better predictions than RBF. The success rate was highefjoyed. The superior results obtained with wavelet analysis
for the ethanol-containing gases (subset A). In this case,can be explained by the fact that a careful selection of DWT
only two measurements out of 36 were misclassified when coefficients reduces sensor drift and noise effects. The re-
the fuzzy ARTMAP neural network was employed and gy|ts of the present work unambiguously show the potential

the DWT coefficients were used, no matter what kind of of the new dynamic sensor techniques, especially regarding
normalisation was performed. On the other hand, for the chemical selectivity.

ethanol-containing gases (subset A), similar results were
obtained when the data were column or globally normalised
before introducing them into the fuzzy ARTMAP network,  Acknowledgements
while the column-normalisation gave better results for the
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