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Abstact - Eddy-curren displacemensensos are very sensiive to many environmenta factors and especially
to temperatue variations We ded here with a red world problem tha is, distane measuremenbetwea an
eddy-curreh senso ard a metallic target (an aluminun shee}l which temperatue varies during displacementWe
show, that soure separatia technique applied to the experimenté pre-processidat sd issuel from the sensor
respone permt to obtain the senso-target distane as well asthe target temperatue profile, althoudh disturbel by

an addiive noise due to the instrumentation.
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1 Introduction

An eddy-curreh senso is a contactles device which
consiss in a coil of wire excited by a high frequerty
current The working principle can be resume as fol-
lows. when the coll is excited by asinusoidacurrent a
magnett field is generatd arourd it. The introduction
of a nonmagnet conductig objed (targed into this
field induces eddy currens on its surface creatirg then
anothe magneft field which tends to oppo® the coil’'s
one (LenZs law). It follows from there a reduction

in the coil inductance while its resistane increases.

The mutud inductane betwea the coil ard the target
varies then with the ggp probe-taget ard this variation
is exploited by asignd conditione in orde to provide
a measuremenof this distance This can be dore in
differert mannersand particulary, by introducirg the
coil in an oscillata, which centrd frequerty changes
with the mutual.

A red problen to ded with in the use of eddy-
curreri sensos is to obtan accuraé measuremestin
spite of avarying environment In particula, if they are
very robud to fluids or dug contaminationit isnot the
samewith temperatug variatiors[1]. Weareinterested
here in the effect that can have temperatue changs on
a distane measuremenprovided by an eddy-current

senso mace in our laboratoy.

First, without making any assumptioa abou the
temperatue and the distan@ measuremerevolution, a
Blind Soure Separatia (BSS algorithm is used to ex-
trad the effect of the temperatue from the senso out-
put Secondy, use of apriori knowledge ard its effects
on separatia performanceare studied This approach
is justified by comparirg resuls with a standad filter-

ing.

2 Problem Formulation

The above problen will be formulated with an instan-
taneows sour@ separatia mode| tha can be statal as
follows:

x(t) = A(t)s(t) + v(t) 1)

wherex isanm x 1 vecta of obsevations,sisann x 1
vecta with statisticaly independenhcomponers cor-
respondig to the differert phenomea tha are mixed
togethe with A, an m x n invertible matrix called mix-
ing matrix. Here,v is an addiive noise vecta inde-
pendenwith s, often considerd to be GaussianFrom
this mode| it is supposd tha vectors has stationary
or slowly varying over time componerg ard tha the
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Fig.1 Source Separation scheme Fig.2 Model for linear filtering problem

2.2 BSS, the Blind Context
We can consider that an eddy-current sensor provides,
without post-processing, a response which contains both

mixing giving vectorx is linear.
Considering the two phenomena of interest,

are the distancé to be measured and the tempers
variationsd, let {0(t), d(t)} be the components of t
two dimensional source vects(t). It is obvious the
because they have physically no common point, 1

distance and temperature information. By modifying it
in order to obtain two or more responses for a same
distance, and if we consider that the souré&g and
0(t) are perceived by the sensor in the same time in-

tervals (no delay), the model (1) holds and we are able
to apply a BSS technique: taking only into account the
available responses as vectowe are in blind context.

two sources can be considered as independent.

2.1 ABrief Introduction to Source Separatior

The source separation technique consists in retri
the sources(t) issued from real phenomena, con
ering only the response of some sensors which re
a mixing of these sourcegt). When there is really r
a priori knowledge or assumption about the latter
problem is known as Blind Source Separation (E
and was introduced by étault and Jutten [2]. Bu.
whether some a priori knowledge is used or not, the
fundamental hypothesis is tisgatistical independence
of the sourceshat is necessary for finding a solution. In this way, the mixing is somehow enriched by in-

So, extracting independent components from a rang:reasing the contributi_on of one of.the sgurceg that was
dom vector is now a well known technique called In- POOr before. The choice for coefficieatis arbitrary.
dependent Component Analysis (ICA). It can be con- el it has to be chosen not too large, in order to avoid
sidered as the underlying mathematical technique fof€ other contributions to become negligible because
solving a BSS problem, and was first developed in athIS yvould hav_e.ng sense. Furthermore, it is eV|d_ent
figorous manner by Pierre Comon [3] as an extensiorfhat it must minimize the error petween the true d_|s-
of the Principal Component Analysis (PCA) concept {ance probe-target and the estimated one. As Fig.3
that provides only decorrelated components. shows, an optimal value far can be:

2.3 Non-Blind Source Separation

Now, because we focus on the distance measurement,
one can suppose that prior information concerning the
evolution of the plate temperatufét) is available. One

or more components of the observation vest@iven

by (1), can then be transformed according to:

x;(t) — z;(t) £ ab(t). 2

Hence, recall that sources must be independent, it
is also often assumed that the model is non-degenerate o = max
(the number of sensors is at least equal to the number
of sources, that i&: > n), and that at most one source . -
can be Gaussian. Without prior knowledge about theinwheref,, andd,, designate respectively the estimates
distributions, source signals can be recovered at bedif ¢ andd for a certain value o, after application of
up to a permutation, scale and sign. Finally, the source source separation algorithm.
separation problem in the case of two sources and two
observations, can be resumed as illustrated in Fig.1, in
the estimation of a demixing matri¥’ (¢), that tends 2.4 Noise Cancellation
to invert A, in order to provide source estimatest) If the plate true temperaturg () is known, the model
fulfilling the conditions stated before. of Fig.1 can be transformed in that of Fig.2. Such a fil-
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Fig.3 Error of the estimated sources for a non-blin Fig.4 Experimental set-up.

source separation scheme

whereo denotes the material conductivity and the rel-
tering scheme, known as Wiener filtering, is optimal it ative permeability., equalsl for a non-ferromagnetic
the sense of minimum mean-square error (MMSE) ar material as the aluminum is. Frequengys expressed
could permit to denoise the observations. Here, to I in Hz while J is in m. Because’ depends on the fre-
coherent with the instantaneous BSS model, filterin quenciesf; or f-, the penetration in the metal is differ-
resumes to the estimation of one coefficientelative  ent and thus the temperature effect is not in the same

to the temperature. Hence, we can write: proportions.
Our purpose being mainly to focus on the temper-
zi(t) = hb(t) + d(t). (4)  ature variations inside the target, a heating resistor is

placed on the back side of the aluminum sheet. The
whole device is also placed in an oven, regulated in
temperature and humidity, so as to minimize the contri-
bution of the other environmental changes. A stepping
motor permits to move the object, withiri@ 5000]um

. range, displacement resolutiolym) being of the same

3 Experimental Context order than that required in industrial applications. It is

The sensitive element of the sensor developed for ougontrolled by a PC giving us also measurements of the
experiments is a flat spiral coil engraved on the twowwo oscillator frequencies (Fig.4). The air and plate

faces of a printed circuit board [1]. The coil is the temperature, the humidity degree and the real probe-

principal element of two Clapp oscillators with differ- target distance are obtained from external sensors.
ent central frequency which values in the air (without

target) are respectivelyy; = 497K Hz and fps =
989K Hz. Hence, the maodification of the coil-target 4
mutual inductance due to the presence of the target iq'he

the magnetic field created by the coil, modifies both ofSensor ermits to build reference curves (RC) provid-
the oscillator frequencieg; and f> by 6% to 13% in P P

our displacement range. The so-called target is herd9 the real frequencies obtained on the distance in-

. . . ?erval we use at a given reference temperafliye=
an aluminum sheet, chosen so as to have dlmenS|onf800 These RC's permit to do a parametric estima-

much greater than these of the coll, in order to preven%ion of the theoretical model describing the frequency

some edge effects.
y ., response of the target. Thus, for each measurement we
Recall now that the “standard depth of penetration”, : . :
do next, while the temperature is changing, we com-

y{ﬂﬁ;e Ctgﬁ sSdg(—:ruerggggsadsensny]J;ée of its surface pute '_[he d_istance deduc_ed from the two f_requencies
' by using directly the previous model. This is the pre-

500 processing step of the experimental data set. The main

Vinof ®) step is to separate the temperature from the distance

Given the observationsand the true temperatufie(t),
a denoised version of distandean be computed after
optimal estimation ofh.

Signal Processing
true measured distance obtained from an external
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Fig.5 Experimental data set. Fig.6 (a) Estimated (dotted) and exact (plain) values
of the sheet temperature and (b) estimated (point) and

o . exact (square) values of the probe-target distance for
measurement by application of source separation. Thepft X
a post-processing step will be necessary to remove the Y points.
indeterminacies of source estimates amplitude and sign
inherent to any non-blind or BSS problem. 4.2 From the Frequency Response to the Dis-
tance Measurement
Letw = {ﬁ,al,aQ} be the estimated parameters set

4.1 Parametric Estimation of the Theoretical  optained as described previously. By using the model

RC Model of equation (6), the frequency response of the sensor

Earlier work in this domain [4] proved that the fre- can be converted directly in distance measurement ac-
quency response of the eddy-current sensor under thording to:

same experimental conditions can be matched by the

following mathematical model: d; = (VA — @) / 2ds,
A = &% —day{21og[l — (F20%)?] — log(B)}. (8)

Fr2(0) 2 for02(1 — k)2,
k? = Bexp(—ayd; — anf) (6) So, when the aluminum sheet is moving while its sur-
face temperature is varying, we obtain a series of dis-
wherei denotes the discrete time and= {3, a1, a2}  tance measurements, corrupted by the temperature ef-
is a set of parameters to be estimated by, for example, fect, for the used theoretical model (6) is valid only at
gradient descent method. The theoretical RC computed constant temperature. Thus, these series will be the
using the Levenberg-Marquardt algorithm, leads to acomponents of the input observation vectdo a BSS
non unique estimated parameters @eachieving the  algorithm. Fig.5 represents the experimental data set of
minimum residual sum of squares. This algorithm isthe sources and the observation vectors corresponding
a combination of the Newton method which convergesto the two operating frequencig’s and f>. In order to
fast but requires a good initial guess, and the steepesteat the entire displacement range, choice of distance
descent method which converges slowly but does noin time is arbitrary within it and its distribution is also
require a good initial guess. The global eregrcor-  almost uniform. Thus, mixtures and2 are also uni-
responding to the parametric estimation is computedorm processes.
following

e = iglz andgizlsz(i)—ff,é\(i)l 7y O Experimental Results
=1

f1,2(2) In this section, we will show that BSS can enhance the
distance measurement in the case of a sheet tempera-
where N designates the number of samples. It takesure signal comprising three peaks at ab®&it76 and
the value2.57 x 1073 for the higher frequency corre- 70°C. Another case is also examined, for which poor
sponding RC and.12 x 10~ for the lower one. results of BSS can be circumvented by taking into ac-
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count the a priori knowledge of temperature. We will
show that this technique can greatly improve perfor-
mances. Comparison with linear filtering is resumed in
Table 1, which results justify the use of the non-blind
source separation approach.

Temperature (°C)
8 &8 8 3 3

Distance probe-target
T T

5.1 Case of Three Temperature Peaks

We applied a BSS method to the observations shown
in Fig.5. The aluminum sheet temperature is stabilized
around20°C (inside the oven) throughout the acquisi-

tion of the sensor response, but in the meantime, we
modified it on three several occasions and for short
time delays. After the pre-processing step described

in sectionst.1 and4.2, we applied JADE [3], a batch a noise. Fig.7 shows the sources. We applied a BSS

BSS algorlthm,.to the whole opservatlon S?t' method and we compared it with non-blind approach
After centering and rescaling the amplitude levels 3 |inear filtering. Tablé shows the errors associated

of the sources and their estimates, we computed the gy the above three methods, computed as described in
timation errors by simply considering the mean of the the previous section.

absolute values of the difference between exact val-
ues and estimated ones provided by the BSS separa-

Fig.7 Experimental data set outside the oven.

tion algorithm. The global error was.7°C for the Error || Temperaturd°C) | Distance(um) |
plate temperature and6um for the distance. As the BSS 0.6 319.2
least perturbed observation gives a total error of about™ Fiftering - 02.6
50pm that is not too accurate, the above results are - 82.667
quite good. Non-Blind 0.6 6.7

We compared then the performances of JADE with  gqurce 0.7 8.9
a non-blind source separation method. By adding prior separation 0.7 7.9

information concerning the target temperature accord-
ing equation (2), to the first, to the second and to both )
components of the observation vector for the op- Table 1 Comparative results.
timal value ofq, the errors on the distance estimate
are9.4pm, 7.2um and6.3um. These errors are of the

_ BSS algorithm based on model (1), obviously, can
same order that those provided by JADE. In such €ony, o qea| with such complicated temperature signals that

text, the interest is also that some information about ¢ ,ence separation quality. Indeed, after BSS, the
the sheet temperature can be_ retrieved in addiction Qiair profile is embedded in noise, and thus we can not
distance measurement (see Fig.6). cope with this kind of temperature variations as long
One can also remark that, even after the source sefys the adopted BSS model does not permit to minimize
aration, there still remains an important level of addi- each effect that contribute to this noise. Simple linear
tive noise into the estimates, that is due to the instru-mtering as described in sectich4 improves the re-
mentation (quality of the electronic components, vibra-sylts accuracy; but an important error on the distance
tions, thermal noise ...). estimate remains. Hence, we supposed that the target
temperature profile is known and we coupled this prior
knowledge with a source separation method. In this
5.2 Case of One Peak and Four Steps at Dif- non-plind context, distance estimation is more accurate
ferent Constant Temperatures than that provided by BSS or filtering. Temperature in-
This experience took place outside the oven, so weection to the first, second and to both components of
have to take into consideration the variations of thex (Table 1) is made as in sectidnl and the obtained
environmental temperature that can be considered asrror becomes acceptable, as with the three pics profile.



6 Conclusion and Discussion

Results presented in this paper show that source sep-
aration can be a suitable way to gain some robustness
against temperature effect on an eddy-current sensor,
When considering a distance measurement between t
probe and a metallic target, BSS is able to improve the
sensor response in the case of short plate temperature
variations, such as peaks. When there is too much fast
changes in the latter, in particular in case of temper-[4
ature varying by steps, BSS is no more accurate ow-
ing to an important remaining noise in the source esti-
mate signals. We showed that if a priori knowledge of
the temperature variation is used, source separation in

non-blind context can also provide good results. As we[5] J.-F. Cardoso and A. Souloumiac,

could have thought in a first approach, linear filtering
is not sufficient.

The interest of BSS in our problem is that it can
provide not only distance estimate, but also tempera-
ture profile. Nevertheless, the importance of the re-
maining noise after separation lead us to reconsider the
validity of model (1). Indeed, parts of this noise can be
due to external environment variations. Because even
if they are regulated by the oven, the sensor remains
sensible through the plate, to air fluctuations and even
to small variations of the ambient temperature. This
can cause small non-stationarities or non-linearities in
the sources or in their mixing, especially in the tem-
perature value, when they are perceived by the sensor.
These assumptions explain poor performances of linear
filtering compared to non-blind separation, because in
this method, we can consider that the linear part in the
mixing is reinforced by temperature addiction, while
non-linear parts contribution is reduced.

Some further researches are in progress, in order to
take under consideration the above problems. In par-
ticular, a non-linear and a convolutive BSS model will
be studied. Finally, a mathematical model describing
temperature propagation inside the plate, issued from
heat conduction theory, will also be taken into account
in the future.
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