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The eﬀect of eddy currents is widely used for diagnostics of conductive materials. It allows to create very simple
and inexpensive systems for non-destructive measurements. However, the results of the measurements depend
on many factors, including ﬁrst of all, a conductivity of material and a margin between a sample and a
measurement sensor. If both are unknown, it is not possible to evaluate them. The present paper thoroughly
reports on an attempt to resolve the inﬂuence of the two factors by applying chemometric methods to the eddy
current measurements obtained for a set of frequencies.

1. Introduction
Eddy current testing (ECT) is one of the well-known non-destructive
methods [1] for inspection of conductive materials including diagnostics, detection of ﬂaws (both on and under surface), cracks, corrosion,
evaluation of electrical conductivity, thickness and many other properties [2–5]. The method can be used both with magnetic and nonmagnetic objects.
The main part of any ECT device is a sensor, which usually consists
of two inductance coils with a magnetic core (or just wire coils in a
simple form) [1]. An alternating current (AC) source with preset
frequency and amplitude is used to activate one of the coils (usually
called a transmitting coil), which creates a changing magnetic ﬁeld
around the sensor. If the sensor is located close to a conductive sample,
the magnetic ﬁeld is being induced to the sample and creates eddy
currents, which, in their turn, produce a secondary magnetic ﬁeld
opposed to the primary ﬁeld generated by the transmitting coil. The
second (receiving) coil collects the superposition of the two ﬁelds which
inﬂuence its impedance (reactance and resistance). It is also possible to
use a single coil both for inducing the primary ﬁeld as well as for
detecting the superposition of the primary and secondary magnetic
ﬁelds.
The properties of the secondary ﬁeld (and, therefore, of the superposition of the two ﬁelds) depend on many parameters including type of
material (mainly electrical conductivity), its thickness, distance between the sample and the sensor. The properties are also inﬂuenced by
a presence of any disturbances on or under the sample's surface, such as
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cracks, scratches, coatings, and other ﬂaws. This actually leads to the
one of the biggest disadvantage of the method — its sensitivity depends
on many interfering factors and often it is very diﬃcult to resolve them
if more than just one are unknown [3].
One of the simplest ways to tackle this problem is to use multifrequency measurements, when the parameters of the magnetic ﬁelds
are measured for a range of AC frequencies used to activate the
induction coil (activation frequencies) [3,6]. The results of such
measurements are often represented in a graphical form using so called
scanning hodographs — diagrams showing how resistance and reactance of the receiving coil are changing depending on the activation
frequency [7]. This kind of plot is also known as an impedance plane
[1]. The shape of the hodographs reﬂects an inﬂuence of the main
factors and thorough investigation of the shape as well as comparing
the shapes with measurements made for standard objects can be quite
useful for analysis and diagnostics [7]. At the same time, such approach
is rather subjective, highly dependent on experience of an analyst, and
does not allow to carry out automatic measurements. It was also found
out that for many real cases (as it will be shown in the present study as
well) it is not possible to resolve several inﬂuencing factors. Several
attempts were made to resolve the inﬂuence of the factors for example
by using mathematical models based on the Maxwell equations system.
However, the results were satisfactory only for a small set of simple and
rather artiﬁcial cases.
In the present study we propose a use of multivariate approach for
resolving the interfering factors in eddy current testing. The general
idea is to represent changes in resistance and reactance of the
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of the sensor was 15 mm.
The measurements were carried out in a frequency range 100–
6400 Hz with steps from 50 to 400 Hz (32 frequencies in total). Every
measurement resulted in changes of relative resistance computed as
ΔR / X0=(R − R0 )/ X0
and
relative
reactance
computed
as
ΔX / X0=ω (L − L 0 )/ X0 when a sample is present. Here R and X are
parameters of the sensor calculated using (3) and (4); X0, L0 and R0 are
resistance, inductivity and reactance of the sensor without a sample; ω
is the angular activation frequency. Both parameters were calculated
for all activation frequencies resulting in 64 values (ECT signal).

measuring system obtained at diﬀerent activating frequencies for a
particular sample in a form of a spectrum and use multivariate
techniques for ﬁnding hidden patterns in the changes, which may
mainly reﬂect an inﬂuence of a particular factor.
Despite the simplicity and obviousness of such approach not so
many papers devoted to the use of multivariate methods in ETC were
found and most of them dealing with more sophisticated technique
pulsed eddy current (PEC) [8]. Thus in [9] authors used Principal
Component Analysis (PCA) for testing its sensitivity for a thickness of
a sample and for crack detection. The PCA was applied to diﬀerential
response signals obtained from a PEC sensor. The results were quite
satisfactory, however in this study authors varied only one parameter at
time — either a size of a crack or a thickness of a sample. Results of
similar analysis but for detection of a defect (a small hole) in aluminum
samples has been reported in [10]. We were able to ﬁnd only one paper
[11] were multivariate methods (PCA) were employed for analysis and
visualization of traditional multi-frequency eddy-current measurements.
In order to test the feasibility of the proposed approach we
investigated a possibility to resolve at least two competing factors,
namely a conductivity of a sample and a margin between the sample
and a sensor. This paper reports on the main results of the study.

2.2. Samples
The experiments have been planned using full factorial design with
ﬁve conductivity values and ten values for the margin. The materials
included copper (σ = 57 ± 6 MS/m), magnesium (σ = 22 ± 2 MS/m),
bronze (σ = 8.5 ± 0.8 MS/m) and two aluminum alloys (σ = 16 ± 2 MS/
m and σ = 25 ± 2 MS/m). The conductivity of the materials was
measured using the four-point method with relative uncertainty around
8%.
Five samples of each material were taken for the measurements,
each sample looked like a ﬂat plate with thickness about 20 mm. This is
much larger than the thickness of a skin-layer for the used frequencies,
so the thickness of the samples did not inﬂuence the measurements. The
ECT signals were measured at diﬀerent margins between the samples
and the sensor. The margins varied from 0 mm to 1 mm and were set by
using dielectric ﬁlms. The margin was measured with a micrometer
(uncertainty ± 0.002 mm).

2. Materials and methods
2.1. Eddy current measurements
The measurement system used in the present study included an AC
power source, sensor and a simple circuit coupled with data acquisition
unit. A computer's sound card was used both for generating the AC
signals as well as for reading the changes of voltage and current from
the sensor using both channels of analogue input. The system itself and
the measurements were controlled using a program written in the
LabVIEW environment (National Instruments, Austin, USA). A simpliﬁed schematic diagram of the system is shown in Fig. 1.
The power source output signal can be represented in a complex
form as follows:

2.3. Representation and analysis of the measured data
The measured relative resistance and reactance were ﬁrst investigated using traditional approach with hodographs. The points on the
plots were colored according to the conductivity and the margin in
order to ﬁnd any association between the shape of the hodographs and
values of the two response variables.
On the next step, Principal Component Analysis (PCA) was applied
for further exploration of the data. The measured values were mean
centered prior to PCA; no other preprocessing has been used. The scores
plots were color grouped for the analysis similar to the hodographs.
Finally, Partial Least Squares (PLS) regression was employed for
investigation of the associations between ECT measurements, conductivity of the samples and margin used for the measurements. Two
separate PLS models were ﬁtted for each of the response variables. The
models were validated using repeated random cross-validation with
four segments and four repetitions. The model performance was
evaluated using graphics with predicted and measured values for
response variables as well as coeﬃcient of determination (R2) and root
mean squared error (RMSE) statistics calculated for cross-validated
predictions. Variable Importance in Projection (VIP) scores [12] were
used for getting knowledge about which frequencies are the most
important for predictions.
All calculations and plots were made using R v. 3.3.1 coupled with
mdatools [13] package.

U1̇ =U1 e jφ1.
Here U1 is an amplitude of the power source signal and φ1 is its initial
phase. The signal goes through the measuring circuit consisted of the
sensor with reactance X and resistance R as well as a resistor with
resistance r. The resistor converts current in the circuit to a voltage U2̇ :

U2̇ =U2 e jφ2 .
Here U2 – is the amplitude and φ2 – the initial phase of the signal.
Then the parameters of the sensor, X and R can be calculated as follows:

X =r

U1
sin (φ1−φ2 ),
U2

⎤
⎡U
R=r ⎢ 1 cos (φ1−φ2 )−1⎥ .
⎦
⎣ U2
The sensor was made as a single coil with a core made from Mg-Ni
ferrite magnet with initial relative permeability µ=2000. The diameter

3. Results and discussion
Fig. 2 shows the measured ECT signals in form of hodographs (top)
as well as in form of line plots (bottom). The points and lines are
colored according to the conductivity of the samples (left) and margin
between the samples and the ECT sensor (right).
In hodographs the points on the top side of the plots correspond to
lower frequencies and points on the bottom side to the higher. As one
can see, the points corresponding to the samples with diﬀerent
conductivity measured at the same margin are lying on the same curve
with a small shift to the bottom (high frequency) part.

Fig. 1. A schematic diagram of the measurement system.
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Fig. 2. Representation of measured relative reactance and resistance in form of hodographs (top) and line plots (bottom).

notice the use of hodographs for representation of the ECT measurements does not allow to resolve the simultaneous inﬂuence of conductivity and margin.
The plots in the bottom part of the Fig. 2 are the same measurements but represented in a form of line plots. The left part of each curve

The variation of the margin led to the shift of the points along the xaxis showing a very clear pattern on the hodograph plot, especially for
the high frequencies. The main reason for such behavior is that the skinlayer is smaller at high frequencies and, therefore, the margin has a
bigger inﬂuence on the characteristics of the sensor coil. As one can

Fig. 3. PCA scores for the ﬁrst two principal components colored by the margin (left) and conductivity (right) of the samples. (For interpretation of the references to color in this ﬁgure
legend, the reader is referred to the web version of this article).
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variation of both parameters inﬂuence mostly the reactivity of the
system.
Fig. 3 shows scores plots from a PCA model calibrated using the
unfolded ECT signals. The points are color grouped according to the
conductivity (left) and the margin (right). First two principal component explained almost 99.7% of the data variation and, as one can see
from the plots, the scores clearly reﬂect the changes in both parameters.
Distance between group of points on the right plot is proportional to the
diﬀerence in conductivity of the samples. Analysis of the loadings plot
(Fig. 4) also show a clear pattern in the behavior of the variables and
variation of the parameters. The point labels denote the type of the
variable (R for resistance and L for reactance) as well as the frequency.
The main results of PLS regression are illustrated in Fig. 5. The top
part of the ﬁgure shows a VIP scores plot for each model. As one can
notice in both cases the resistance values have smaller inﬂuence on the
predictions. However, as it has been proven experimentally, the use of
only reactance values leads to worse models especially in case of
margin predictions. Even though the prediction performance statistics
did not get signiﬁcantly worse, the residuals plot showed very clear
systematic patterns when resistance is excluded.
The behavior of the reactance values in general meets the expectations and to what have been found from analysis of original signals and
the PCA results. High frequencies have a big impact on prediction of
margin due to the size of the skin-layer as it was mentioned above.
The reactance measured at low frequencies is more important for
prediction of conductivity. This can be explained by the fact that at a

Fig. 4. PCA loadings for the ﬁrst two principal components.

(ﬁrst 32 values) shows changes in relative resistance from lower
frequencies to higher; and the right part (values from 33 to 64) shows
the changes in the reactance. In contrast to the hodographs the line
plots show a good separation of the signals obtained for samples with
diﬀerent conductivity (especially for the reactance at low frequencies)
but fails to resolve the eﬀect of margin. Also, as it was expected,

Fig. 5. Predicted vs. measured plots (top) and VIP-scores (bottom) for the PLS regression models.
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ﬁxed margin the characteristics of the sensor depend only on the
parameter β , which is proportional to a product of sample conductivity
and the activation frequency ( β ~ ωσ ). At low frequencies the variation
of conductivity dominates and has a main inﬂuence to the variation of
reactance values. At the same time, the inﬂuence of margin to the
variation of reactance and resistance at low frequencies is relatively
small allowing to resolve the eﬀect from changes in conductivity.
The bottom part of Fig. 5 shows the predicted vs. measured values
(with statistics for cross-validated predictions) plot for each of the PLS
models. In both cases three latent variables were necessary to achieve a
proper prediction quality. The prediction performance for margin was
very good (cross-validated R2=0.99), however one can notice a small
non-linearity pattern in the plot. Indeed, the dependence of the
reactivity of a coil on the margin between a sample and a sensor is
experimentally proven to be exponential [14]. A non-linear transformation can further improve the model, but, taking into account the
excellent performance of the existent model, authors believe this will
be unnecessary complication.
Predictions for conductivity looks well for the ﬁrst four materials
and get a bit worse for the copper, which had the highest conductivity
value. There are several reasons for such behavior including a possibly
small variation of conductivity among individual samples. However,
the main reason for such behavior, from our point of view, is that the
inﬂuence of margin increases for materials with large conductivity as
the size of the skin layer gets smaller for good conductors.

improving and optimization of the method.
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4. Conclusions
We have shown that the use of multivariate methods allowed to
resolve an inﬂuence of competing factors, such as conductivity and
margin between a sample and sensor, on the multi-frequency eddycurrent measurements. The results are especially good for materials
with low and moderate conductivity as in this case the inﬂuence of
margin is not that larger. This greatly expands the range of applications
for eddy-current testing making possible for example measuring of
thickness of dielectric coating of metal materials without knowing their
composition or conductivity.
This work is a feasibility study and will be the basis for further
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