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Recovery of drifting sensor responses by means of DWT analysis
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bstract

This work underlines the ability of the discrete wavelet transform to recover sensor signals subjected to drift effects. The drift resides in low
requencies, so that it is needed to reveal the signal trend. So far, discrete wavelet transform (DWT) is an efficient tool for pre-processing drifting
ensor responses as this technique provides a multi-scale processing analysis where the signal is split into low- and high-frequency components
t different scales (or different frequency bands) with different resolutions. The trend is the slowest part of the signal and as the scale increases a
etter estimate of the unknown trend is obtained. Once the signal components, where drift contamination is present, are selected and discarded, the
re-processed signal is not distorted by excessive cutting off low-frequency components. The results are compared with ones obtained by applying

tandard high-pass filters.

2006 Elsevier B.V. All rights reserved.
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. Introduction

An electronic nose is an artificial olfactory system based on
n array of non-specific gas sensors suitable to respond to a
road range of compounds and the application of an appropriate
attern recognition on the sensor output pattern gives the odor
lassification [1]. There are different types of pattern recognition
echniques which can be subdivided, into parametric and non-
arametric techniques [2]. All these data processing techniques
equire stable signals. It means that the sensor responses must
ot vary significantly over time when the sensors are exposed to
dentical gas mixtures, otherwise the initially learned capability
f pattern recognition is destroyed.

The common problem encountered with electronic nose ap-
lications is the non-reproducibility of sensor responses over
ime due to drift effects. Drift is a slow change in sensitivity that
ccur in time due to ageing effects, slow morphological changes

n the sensor material, poising and other long-term effects.

The instability of sensor responses could be connected to
orphological evolution of the sensing material, so that it is
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eeded to age the sensors for several weeks in the laboratory
ench test before their use. However long-term drift is more
ssociated with the contamination of the sensor material due
o presence of atmospheric pollution that irreversibly react on
ensor surface leading to a reduction of sensitivity. Pijolat et
l. [3] proved that the presence of a very low concentration of
O2 in environment can be at the origin of the tin dioxide sen-
or drift. In this case the problem was overcome by pre-treated
he sensors in SO2 before their use. Such a gaseous treatment
ad been used in the past to improve the stability of sintered
in dioxide sensor, especially with respect to effect of humidity.
his type of treatment can be used with other gases if there is
clear view of the mechanism of interaction between the sens-

ng layer and the gases. Unfortunately all processes concerning
rift are not yet well known and the sensor instability depends
pon time-varying parameters such as the historical use of the
ensors, interactions with several volatile compounds present in
he environment at various concentrations, the exposure period
o certain substances. Actually a great deal of work has been di-
ected towards the development of methods to minimize the drift
ffects [4]. An efficient approach could be to use a continuous

e-calibration for the training phase of the pattern recognition
odel, but in the real applications the use of sets of samples for

he calibration is very expensive and time-consuming, which
akes it difficult to re-calibrate the pattern recognition model
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ery often. Attempts to minimize drift have been made by us-
ng a reference gas as a reference value and then correcting all
ubsequent readings accordingly [5]. Component correction is
method using one or more reference gases. This linear method

s based on PCA and PLS algorithms and removes the drift di-
ection calculated from measurements of a reference gas [7].
he technique uses a linear model and has been used at feature

evel. Adaptive models, frequently neural networks, such as a
ingle self organizing map (SOM), have also been used [6,8].

ultiple self-organizing maps (MSOM) has been developed in
9,10] because new recognized data that match the stored rec-
gnized odors can be continuously used to retrain the classifier.
his technique has the advantage of having self-recalibration
echanisms without the intervention of a user. However, the

rift must be gradual, as a discontinuity in response between
onsecutive exposures (regardless of the time interval between
he exposures) would immediately invalidate the classification

odel and would prevent adaptation [4]. Others drift counteract-
ng methods focus on the application of signal pre-processing
echniques to filter out portions of the signal containing drift
ontaminations. Drift is in general a slower effect than the du-
ation of a single measurement, thus a selection of the lowest
requency components of the sensor responses are needed to
lter out it.

A moving median filter and Fourier band-pass filters are some
xamples of filters applied to removing either high-frequency
uctuations (such as noise, spikes) or low-frequency changes
uch as drift. In comparison to these filters, discrete wavelet
ransform technique provides a flexible analysis of the signal at
ifferent resolutions by applying iteratively high-pass and low-
ass filters [12,13]. Therefore the wavelet transform is a pow-
rful tool to point out drift contamination in the low-frequency
ehavior of the sensor responses. As it is shown in this paper, this
echnique allows to removal the selected low-frequency compo-
ents easily and in such a way that the signal is not distorted.
he comparison of the DWT filter and others commonly used
ave been compared with the relative method feature extraction
echnique which is commonly used in this context. Principal
omponent analysis shows than that DWT approach is superior
n terms of cluster dispersion.

. Discrete wavelet transform

The wavelet transform provides a multiresolution signal de-
omposition [14,15]: it analyzes the signal at different frequency
ands with different resolutions by successively projecting it
own onto two basis of functions, which are obtained by ap-
lying shift and scaling operations to two prototype functions
alled the scaling function φ(t) and the wavelet function ψ(t),
espectively

(t) = 1√ φ

(
t − b

)
, ψ (t) = 1√ ψ

(
t − b

)

a,b

a a
a,b

a a

here a is the shift parameter and b is the scaling parameter. In
he discrete wavelet analysis, the shift parameter and the scaling

t
m
c
(
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arameter are discretised as

= am0 , b = nb0a
m
0 , m, n ∈ Z

n the case a0 = 2 and b0 = 1 a dyadic shift and scaled is per-
ormed. So far the two basis of functions φa,b(t) and ψa,b(t) can
e defined as:

m,n(t) = 2−m/2φ(2−mt − n),

m,n(t) = 2−m/2ψ(2−mt − n)

he scaling function is associated with low-pass filter and the
onvolution between the signal and the scaling functions gives
caling coefficients or approximation coefficients am,n which
re the high scale or low-frequency components of the signal.
n the other hand, the wavelet function is associated with high-
ass filter and the convolution between the signal and the wavelet
unctions gives wavelet coefficients or detail coefficients dm,n
hich are the high-frequency components of the signal:

m,n = 〈f, φm,n〉, dm,n = 〈f,ψm,n〉
he Mallat algorithm, called fast pyramid algorithm, is a subtle
ay to perform the wavelet decomposition and the reconstruc-

ion of the discrete signal of dyadic length. In wavelet analysis,
his algorithm involves a series of linear filters low and high
ands with down sampling operations which halve the number
f samples at each iteration. So the vector of approximation
oefficients is the smoothed and halved version of the original
ignal. The successive application of the low-pass and high-pass
lters is performed on the vector of approximation coefficients,
btaining a sequence of increasingly smoothed and halved ver-
ion of the signal. The vector of the detail coefficients is the
etail of the signal lost when moving from an approximation at
ne scale to the next coarser scale. The wavelet reconstruction
rocess consists of applying up-sampling operations and synthe-
is filters in detail and approximation coefficients. The analysis
nd synthesis filters are identical to each other, except for a time
eversal. Once a specific wavelet has been chosen, the pair of
ow-pass and high-pass filters are defined or alternatively the
lters are defined and then the wavelet. The wavelet functions
elected for this work are those of Daubechies family which are
ompactly supported orthonormal functions [16].

. Experimental setup

The micro-sensor array consisted of seven semiconductor
etal oxide sensors whose sensing thin film material were pure

nd doped tin-dioxide SnO2. Os, Ni, Pt, Pd elements were used
s doping elements. The films had been prepared starting from
in tetrachloride, as precursor, with the aim to obtain stabilized
nO2 solutions The films, whose thickness was 100 nm, were
eposited on alumina substrates, (3 mm × 3 mm) supplied with
nter-digitated electrodes and platinum heater, by means of the
pin coating technique at 3000 rpm, dried at 80 ◦C and heat

reated in air at 600 ◦C. After deposition, the sensors had been

ounted onto a TO8 socket and inserted in the test chamber. The
onditioning of the sensors had been performed by using dry air
flow 100 sccm), used also as reference gas for acquiring the
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ig. 1. Effect of drift on the baseline current I0 in dry air over a period of 76
ays.

aseline current values of the sensors. The device was exposed
o three different gases: acetone, hexanal and pentanone in 50%
elative humidity (RH). The measurements were performed by
xing the exposure time and the purging time at 20 min. The re-
ponses have been acquired with sampling interval of 32 s then
cquiring 75 points for each response. Further long-term stabil-
ty of the sensors was tested by performing measurements of
aseline current values in dry air over a period of 76 days. At
he same time a morphological study on sensor material was
erformed to reveal poising or ageing during their use by means
f the scanning electron microscopy (SEM) images and the X-
ay photoelectron spectroscopy (XPS) study. As it can be seen

n Fig. 1, it is evident a drifting behavior of all sensors. In this
ase a drift contamination is more evident for SnO2–Os based
ensor and the pair of identical sensors (SnO2–Ni and SnO2–Pd
ased sensors) show a similar trend in terms of baseline during

ig. 2. SnO2-based sensor response (a). Frequency content of signal via peri-
dogram (b).

o
o
a
w
b

ig. 3. SnO2-based sensor response subjected to drift (a). Frequency content of
ignal via periodogram (b).

he whole period of measurements. The morphological analysis
id not reveal effects of the ageing of sensing material while it
howed a clear degradation of Ti/Au inter-digitated contacts due
o high working temperature [11].

. Methods and results

The signal pre-processing method based on DWT was tested
n drifting sensor responses, which had been artificially gener-
ted in according to the drifting behavior of the sensors previ-
usly examined and showed in Fig. 1. The drifting signal was
btained by adding the interpolation of sensor’s baseline trend to

signal of n repeated cycles of sensor responses. The multilevel
avelet decomposition of these simulated signals was performed
y applying iteratively high-pass and low-pass filters. The low-

Fig. 4. The original signal (a), the drifting one (b) and DWT-filtered one (c).
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d one (b), Elliptic-filtered one (c) and FIR-filtered one (d).
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After pre-processing sensor responses, the relative param-
eters Is/I0 (Is represents the steady-state current value and I0
the relative baseline value) were extracted from the drifting and
filtered signals. These feature sets was subsequently normal-
ized and analyzed by principal component analysis and Sammon
mapping algorithm to visualize the dataset [17]. The PCA score
plot regarding to the feature set obtained from drifting signals
(Fig. 6) shows an overlap of the clusters relative to the three
gases. A better cluster separation was obtained after the signal
pre-processing based on DWT, and in the respective PCA score
plot (Fig. 7) the three clusters are distinct. The aim of Sam-
mon’s algorithm is to project points from a high-dimensional
(m-dimensional) space to a two-dimensional by preserving as
much as possible the original data distribution. In this non-
Fig. 5. The drifting signal (a), the Butterworth-filtere

st frequencies influence the deepest levels (in this case the level
xed N), so that the associated approximation coefficients could
ave drift contamination. In this case it is needed to discard the
-level approximation coefficients containing drift contamina-

ion. More precisely, each approximation coefficient was fixed
o the value of the first approximation coefficient vector element
o avoid shifting of the reconstructed signal with respect to the
rocessed one. The wavelet reconstruction was computed by
sing these changed approximation coefficients and remaining
avelet coefficients from level 1 to N − 1. The decomposition

evel was fixed once analysis in the frequency domain has been
arried out to single out the frequency domain of the drifting
rend. Figs. 2 and 3 show two periodograms of the SnO2-based
ensor response and the drifting one, respectively. The drifting
rend frequency component predominates at the scale a which
as been gauged by means of the following relationship:

a = Fc

a�

here a is a scale with a = 2N (N is the number of decom-
osition levels), Fc the center frequency associated to wavelet
unction,� the sampling period and Fa is the pseudo-frequency
ssociated to scale a. The value of Fa must be close to the fre-
uency whose component must be filtered out. The sixth order
aubechies (db6) was selected as analyzing wavelet, and the

evel of wavelet decomposition of the drifting SnO2-based sen-

or response was fixed at N = 6. The pseudo-frequency Fa as-
ociated to scale 26 is 3.5511e−04 Hz, so it could filter out the
requency components less than Fa discarding the associated
pproximation coefficients.

Fig. 4 shows the filtered signal and tin comparison with the
erformance of the usual high-pass filters (Fig. 5).

Fig. 6. The PCA score plot of feature sets extracted from drifting sensor re-
sponses.
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Fig. 7. The PCA score plot of feature sets extracted from DWT-filtered sensor
responses.

Fig. 8. The Sammon mapping of feature sets extracted from drifting sensor
responses.

Fig. 9. The Sammon mapping of feature sets extracted from DWT-filtered sensor
responses.
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inear mapping (NLM), the inter-point distances between vectors
n the lower-dimensional space approximate the corresponding
istances in the original m-dimensional space. The results are
howed in (Fig. 8) and in (Fig. 9). It is clear a better clustering
f the feature set obtained from DWT pre-processed signals.

. Conclusions

This work showed a DWT-based method of signal filtering
apable to remove drift effects from the sensor responses and re-
over the drifting signals to subsequently data analysis. The PCA
nalysis, employed on features extracted from pre-processed
ignals showed a clear improvement in the discrimination of
he gases with an increase of the distance among the clusters
n the principal components space. This signal pre-processing

ethod is enough simple and not time-consuming and the fil-
ered signals are not distorted in comparison with ones obtained
y using usual high-pass filters, due to a more flexible analysis
f the signal that wavelet transform allows.
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