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Abstract 

This paper proposes a novel strategy for the fine-grade classification of sheet ferromag-
netic materials with similar electromagnetic properties. The strategy integrates three orig-
inal components: suppression of the effects of uncontrollable factors on the probe signal, 
reconstruction of material property profiles, and classification in a reduced-dimensional 
latent space. Together, these components constitute an innovative framework for effec-
tively identifying sheet samples using the eddy current method. The strategy can be sum-
marized as follows: interference-suppressed eddy current probe signal → GAN latent 
space → distance-to-class classifier → material grade. This part of the study focuses on 
generalizing, extending, and adapting the method previously developed by the authors 
for acquiring signals directly from a Taguchi-optimized probe without prior signal pro-
cessing. The method is applied to the indirect measurement of material property profiles, 
which constitutes the first stage and a key prerequisite for implementing the proposed 
sample-identification concept. The results of the numerical experiments demonstrate that 
the optimally designed probe provides a high signal-to-noise ratio and an acceptable re-
duction in output-signal variations caused by uncontrollable factors. 

Keywords: fine-grade material sorting; suppression of the effects of uncontrollable fac-
tors; GAN inversion; latent space; Taguchi optimization 
 

1. Introduction 
Metal grade verification and product classification by grade are common industrial 

tasks that require reliable non-destructive material identification methods. One of the 
most effective and widely used techniques in this context is eddy current testing [1–6], 
which meets current industrial requirements and offers distinct advantages over alterna-
tive methods. Steel grades with similar properties are difficult to classify accurately be-
cause multiple factors can distort the measured response and lead to misclassification. 
Class overlap in the feature space is therefore common and requires specialized signal 
processing and data analysis methods to improve class reparability and reduce misclassi-
fication probability.  
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Material-grade classification requires reference samples whose properties are repre-
sentative of each grade. The tested object is then compared with these references and as-
signed to the corresponding class. The parameters used to identify a material grade typi-
cally include its electrical conductivity, magnetic permeability, and chemical composition. 
It is therefore appropriate to regard the grade of a material as the totality of its character-
istics, as revealed by its response to an electromagnetic field. These characteristics serve 
as the features used to identify the material. These features must be relatively easy to ob-
tain while remaining sufficiently informative to distinguish reliably among different ma-
terial classes. Accordingly, recent feature-selection approaches tend to use more complex 
but more informative features. 

The amplitude and phase characteristics of probe signals are commonly used to clas-
sify materials. For example, Qian et al. [7] proposed a low-frequency differential eddy 
current detection method for identifying and classifying raw materials for the manufac-
ture of steel bearing bars. Their approach involved numerical simulations of the eddy cur-
rent density distribution within the bars and of the effects of the excitation signals on the 
signals induced in the probe. Subsequently, an experimental system for detecting low-
frequency eddy currents using a phase-locked amplifier algorithm was developed A sim-
ilar material-classification technique was presented in [8], in which an eddy current 
method was proposed for characterizing and classifying different aging states of heat-
resistant austenitic steel tubes. To characterize the samples, the amplitude and phase shift 
of the eddy current signals are calculated and used as features. A machine learning algo-
rithm was then used to classify the test samples on the basis of the extracted features. 
However, the methods considered do not reduce the effects of signal noise caused by un-
controllable interference to an acceptable level. 

In many cases, the grade of a material can be determined by measuring its electrical 
conductivity indirectly, i.e., by inversely extracting the relevant information from the 
probe signal [9], which depends on alloying additions and microstructural changes in-
duced by processing or other factors. However, this classification criterion is more com-
monly applied to nonmagnetic materials, such as aluminum and titanium alloys.  

If the tested object is ferromagnetic, additional errors arise in conductivity measure-
ments because σ and µ simultaneously affect the probe signal. Moreover, informational 
uncertainty often arises because this feature is not unique: the electrical conductivity 
ranges of different material grades may overlap. Even materials of the same grade pro-
duced by the same manufacturer may exhibit electrical conductivity variations of approx-
imately ±5–7% relative to the mean because of numerous influencing factors. 

The eddy current method is also suitable for classifying ferromagnetic materials with 
similar properties, particularly carbon and low-alloy steels, although their classification is 
more complex than that of nonmagnetic materials. Thus, magnetic materials can be clas-
sified using an inversely determined feature, namely magnetic permeability, as demon-
strated in [10]. However, this approach has the same limitations as the previous one. 

Each steel grade has a characteristic electromagnetic signature resulting from its elec-
trical conductivity and magnetic permeability. In single-frequency identification, the two 
parameters, σ and µ, can be obtained from a single measurement using an σ–µ meter [11]. 
However, the applicability of this approach is limited by the strong interaction between σ 
and µ and the difficulty of separating their effects, as demonstrated in the cited study. 
Nevertheless, current research shows a trend toward increasing the information content 
of classification features. 

Classification features were further developed through the use of multi-frequency 
eddy current testing (MECT). MECT provides richer information about electromagnetic 
signatures by measuring the material response at multiple frequencies. In addition to con-
ventional MECT, pulsed eddy current testing (PECT) has become widely used for material 
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characterization. In addition to potentially increasing the number of classification features 
available for material sorting, both eddy current excitation modes provide effective means 
of suppressing measurement interference caused by factors such as lift-off and local vari-
ations in object geometry. If these effects are neglected, reliable material identification be-
comes impossible. Qian et al. [12] proposed a PECT-based approach that combines multi-
dimensional time- and frequency-domain features with a neural network classification 
algorithm for steel grade recognition. Qian et al. [13] proposed a dynamic nondestructive 
testing method based on differential pulsed eddy currents and a convolutional neural net-
work that adaptively combines dual-branch spatiotemporal features with statistical signal 
features. The method enables both the classification of known classes and the recognition 
of unknown classes in moving bearing-steel products. This group of material-sorting 
methods also includes magnetic induction spectroscopy (MIS), which analyzes a mate-
rial’s response to a variable magnetic field over a broad frequency range. By varying the 
excitation frequency, MIS provides multi-parameter information associated with different 
penetration depths in the tested object. Thus, there is a clear trend toward increasing the 
information content of classification features. Studies [14–16] investigated the application 
of this method to nonmagnetic materials. A major limitation of these methods is the in-
creased hardware complexity of the eddy current measurement system. Ideally, the same 
advantages should be achieved using a single-frequency configuration. 

These limitations motivate alternative single-frequency approaches to material sort-
ing by grade. A further development of this approach involves using material property 
profiles as classification features, specifically, the distributions of σ and µ as functions of 
electromagnetic field penetration depth in the tested object. These distributions can be 
obtained by measuring the probe signal at a single fixed frequency and applying numer-
ical inversion techniques. 

Studies [17–19] describe the indirect measurement of material property profiles using 
surface transformer probes. The numerical inversion technique employed in these meth-
ods is based on surrogate optimization using neural network proxy models [20]. How-
ever, the characteristics of the exact Uzal–Cheng–Dodd–Deeds magnetodynamic model 
result in a large number of optimization variables. These variables correspond to points 
on the continuous σ and µ profiles represented using a piecewise-constant approximation, 
thereby reducing the accuracy with which the optimum can be determined. The transition 
to lower-dimensional spaces using the PCA and kernel PCA machine-learning methods 
in [21,22] did not yield a satisfactory improvement in the results. This outcome was ap-
parently caused not only by the relatively high dimensionality of the profile search space 
but also by the limited generalization capability of surrogate deep-learning models 
trained on a discrete dataset and intended to generate candidate profiles in a continuous 
domain. Adequately addressing these two issues is necessary to solve the problem of sim-
ultaneously determining the inversion parameters, that is, the σ and µ profiles, with ac-
ceptable accuracy. These problems could be addressed simultaneously by using genera-
tive artificial intelligence models, particularly generative adversarial networks (GANs), to 
solve the inverse electrodynamic problem. This choice is justified because GANs are ca-
pable of learning the complex interaction between σ and µ. GANs learn the manifold of 
physically plausible profiles across the complete set of metal grades. A pre-trained GAN 
is used to generate a continuous synthetic representation of physically plausible material 
property profiles in a high-dimensional data space. This process is controlled by a code 
associated with each profile and drawn from a latent space whose dimensionality is sub-
stantially lower than that of the data space. The latent space is an abstract parametric space 
in which the GAN encodes a priori information about physically permissible profiles of 
the tested object’s properties. In this context, information content is represented at the 
distributional level. This capability allows the subsequent calculations to be performed in 
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a continuous latent space of the lowest practicable dimensionality. The application of reg-
ularization techniques in GANs constrains the reconstructed profiles, thereby ensuring 
their physical plausibility. 

Additionally, this approach makes it possible to perform the classification stage of 
the sorting procedure not in a conventional high-dimensional data space but in the sub-
stantially lower-dimensional latent space of a generative model, where each metal grade 
forms a compact, structured region. In the latent space, conductivity and magnetic per-
meability profiles can be compared without explicit normalization, despite their different 
physical units, value ranges, and variability scales. 

However, reliable classification of magnetic materials by grade is practically impos-
sible unless the effects of uncontrollable interference factors on eddy current probe meas-
urements are suppressed. For this purpose, the method developed by the authors can sup-
press these effects without requiring the physical elimination of their sources. As reported 
in [23–26], the method has been applied to numerous eddy current measurement prob-
lems, including the determination of electrical conductivity, magnetic permeability, metal 
plate thickness, and the thicknesses of dielectric and metallic coatings on nonmagnetic 
and ferromagnetic substrates. It has also been used to measure geometric anomalies and 
increase the signal-to-noise ratio, demonstrating both effectiveness and high application 
specificity. It does not involve the use of algorithms for processing the selected signals. 
Interference-suppressed signals are obtained directly from the probes through the robust 
parametric design of Taguchi-optimized configurations with reduced sensitivity to inter-
ference. The method can be generalized and adapted to surface probes used for magnetic 
metal grade classification while accounting for the relevant measurement interference fac-
tors. 

Therefore, to summarize, there is currently a need for a systematic solution to the 
problem of the fine-grade classification of ferromagnetic metals, which is linked, in par-
ticular, to providing more comprehensive information regarding the classification fea-
tures, which are characterized by the ambiguity of a significantly non-linear mapping be-
tween material parameters and the signal measured by the probe, their differing physical 
nature, the suppression of the influence of interfering external factors and, consequently, 
additional signal variations, which are not determined by class membership, as well as 
the absence of adequate integrated metrics that account for the correlations between het-
erogeneous features and their varying sensitivity, that is, metrics consistent with the phys-
ics of the signal formation process. 

This study formulates a new framework for the reliable fine-grade classification of 
sheet ferromagnetic materials when the properties of different grades are highly similar. 
In such cases, the classification features have limited discriminatory power because dif-
ferent physical conditions may produce virtually indistinguishable probe signals. Sche-
matically, the classification strategy is as follows: interference-suppressed eddy current 
probe signal → GAN latent space (GAN inversion) → distance-to-class classifier → mate-
rial grade. In the latent space of the generative model, the representations corresponding 
to different steel grades form compact, spatially separated clusters. The structure of each 
cluster reflects the variability in electromagnetic properties within the corresponding ma-
terial grade, whereas the distances between clusters indicate the degree of separability 
among the grades. Accordingly, a novel element of the proposed classification framework 
is the use of inverse features, that is, material-property profiles obtained by solving the 
inverse problem from single-frequency measurements of the probe signal amplitude and 
phase. This approach further improves the information content of classification features 
used in this field without increasing hardware or software complexity. 
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The novelty of this study lies in the integration of three original methods: interference 
suppression, material property profile reconstruction, and latent space classification. To-
gether, these methods constitute a new framework for eddy current classification. 

The aim of the presented research is to describe the general principles of the proposed 
methodology for classifying materials, one of the main stages of which is the generaliza-
tion, development, and adaptation of the method developed by the authors for suppress-
ing the influence of noise factors on the profile gauge output signal of the object’s material 
properties. The method identifies eddy current probe designs that maximize the signal-
to-noise ratio in accordance with Taguchi’s methodology and does not require additional 
signal processing. Robust probe design constitutes the first indispensable and functionally 
integrated stage of the proposed methodology. It generates measurement signals with an 
enhanced signal-to-noise ratio, thereby providing the conditions necessary for robust in-
verse-feature identification and reliable material classification. 

2. Materials and Methods 
2.1. Design of an Eddy Current Profile Gauge 

In sorting sheet ferromagnetic materials on the basis of their electrophysical property 
profiles, the design of the surface eddy current probe (SECP) used as a profile gauge plays 
a crucial role. 

Recent studies have shown considerable interest in self-differential and self-nulling 
transformer configurations of SECPs [27–30]. Halchenko et al. [24] investigated an SECP 
with these characteristics for measuring the electrical conductivity of a substrate beneath 
a conductive coating on a moving tested object (TO). The probe demonstrated promising 
performance in suppressing the effects of uncontrollable factors. Its application to the in-
direct measurement of electrical conductivity and magnetic permeability profiles required 
for material sorting is therefore a logical extension of the method. The design consists of 
a rectangular excitation coil positioned perpendicular to the TO surface and a cylindrical 
pickup coil oriented parallel to it. Figure 1 schematically illustrates the design of the tan-
gential self-differential SECP and its position relative to the TO. The figure depicts a mov-
ing two-layer TO; however, in the present study, the TO is modeled as a stationary sheet 
composed of a single homogeneous ferromagnetic material. This condition is imposed in 
the mathematical model in Equation (1) by setting the variables as follows: µ1 = µ, µ2 = 1, 
σ1 = σ, σ2 = 0, d1 = d, d2 = ∞, and v = 0. 

Assuming that the TO medium is linear and isotropic, the mathematical model used 

to calculate the EMF induced in the probe by a sinusoidal excitation current 
jωtIe  with 

angular frequency ω is expressed as follows [30]:  
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2 2ς = ξ + η  (7)

where ξ and η are Fourier transform integration variables, µ0 = 4 · π · 10−7 (H/m) is the 
magnetic constant in vacuum, d1 (m) is the coating thickness, a1 (m) is the width of the 
excitation coil, b1 (m) is the length of the excitation coil, h1 (m) is the height of the excitation 
coil cross-section, c (m) is the center-to-center distance between the pick-up and excitation 
coils, w1 (m) is the width of the excitation coil cross-section, N1 is the number of turns in 
the excitation coil, N2 is the number of turns in the pick-up coil, µ1 (H/m) is the absolute 
magnetic permeability of the coating, µ2 (H/m) is the absolute magnetic permeability of 
the substrate, σ1 (S/m) is the electrical conductivity of the coating, σ2 (S/m) is the electrical 
conductivity of the substrate, v (m/s) is the speed, J1( ) is the cylindrical Bessel function of 
the first kind and first order, r1 (m) is the inner radius of the cylindrical pick-up coil, r2 (m) 
is the outer radius of the cylindrical pick-up coil, z1 (m) is the lift-off, z2 (m) is the distance 
between TO and the upper edge of the cylindrical pick-up coil, and z0 (m) is the distance 
from the surface of the TO to the center of the excitation coil. 

For a stationary sample consisting of a homogeneous ferromagnetic sheet material, 
Equations (3), (5), and (6) reduce to the following form: 

γ
γ +

r

r

- ςµ
κ =

ςµ
 (8)

where 
2 2

0 rγ = ξ + η + jωσµ µ  (9)

where σ (S/m) is the electrical conductivity of the homogeneous material, and µr is the 
relative magnetic permeability of the homogeneous material. 

Software for calculating the SECP output signal was developed on the basis of the 
magnetodynamic model in Equation (1), with Equations (8) and (9) taken into account. 
The double improper integrals are evaluated numerically using the Gauss–Kronrod quad-
rature method with a relative error of 1·10−3. The software was verified and validated by 
comparing its results with those of the physical experiments and finite element method 
simulations reported in [30]. The same test case was used in the validation calculations 
[24]. Therefore, the numerical results obtained using this software are reliable within the 
range of validity of the adopted assumptions.  
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Figure 1. Tangential probe with a pancake-shaped circular pick-up coil. 

2.2. Taguchi-Based Robust Parametric Design of Eddy Current Profile Gauges 

Taguchi’s robust parameter design method was developed for quality control engi-
neering. The method is intended to reduce variability in the performance characteristics 
of processes or products as early as the design stage [31–35]. During the design process, 
the analysis focuses on a target performance metric that mathematically combines the 
mean and variance of the response. Taguchi defined this metric as the signal-to-noise ratio 
(SNR). In this context, noise represents uncertainty caused by uncontrollable disturbance 
factors such as lift-off. The method is not described in detail here because it is well estab-
lished and widely used in various fields. The authors have adapted this method for the 
robust design of eddy current probes used to measure various physical quantities, as de-
scribed in detail in [24–26]. These studies describe its application to this class of design 
problems. The design procedure seeks to maximize the achievable signal-to-noise ratio. 
The target response is evaluated at selected discrete levels of the controllable and uncon-
trollable parameters. Formally, this procedure is implemented through a design of exper-
iments based on orthogonal arrays with the required properties. Once the simulation data 
obtained from the model in Equation (1), as modified by Equations (8) and (9), have been 
organized according to the experimental design, the signal-to-noise ratio is calculated us-
ing the following expression, which incorporates the quality-loss function (Fitness): 
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where Ei is the probe output signal, normalized in advance to a reference value of 1 V, and 
n is the sample size. 

The Fitness function is inversely proportional to the squared output signal, thereby 
promoting maximization of the useful probe-signal level. A decrease in the value of Fitness 
corresponds to an increase in the signal amplitude. In this study, the loss function in Equa-
tion (10) was selected to satisfy Taguchi’s “larger is better” criterion. To determine the 
Taguchi optimal gauge parameters, the mean SNR is calculated for each parameter at each 
factor level. The optimal parameter combination is determined by selecting, for each pa-
rameter, the factor level associated with the maximum mean SNR.  

Several characteristics of profile gauges used to measure the properties of magnetic 
sheet materials should be emphasized. The uncontrollable factors that cause variation in 
the SECP output signal and whose effects must be minimized include lift-off and local 
variations in sheet thickness. Because several material grades are considered, the electro-
physical property values used in the SNR calculations should be averaged across all rele-
vant grades. 

After determining the SECP parameters that maximize the signal-to-noise ratio while 
minimizing output signal variability caused by uncontrollable disturbance factors, a con-
firmatory numerical experiment must be conducted using the identified parameter com-
bination to verify the effectiveness of the resulting design. The design is confirmed if its 
SNR exceeds the SNR values obtained for all configurations included in the design of ex-
periments. The robustness of an SECP with optimal design parameters should be verified 
through Monte Carlo numerical experiments in which disturbances affecting the EMF 
measurements are repeatedly simulated, both individually and in combinations occurring 
simultaneously. Performance should be evaluated by comparing the output signal varia-
bility in the optimized and nonoptimized SECP designs and by calculating the sum of 
relative errors (SRE). The statistical significance of the effects of the probe parameters on 
the SNR is evaluated using analysis of variance (ANOVA) and Fisher’s test [36–40]. 

3. Results 
3.1. Modelling Results 

To illustrate the proposed approach, we first identify the material grades to be sorted 
that have similar electrophysical properties. The selected materials and their properties 
are presented in Table 1 [41,42]. 

Table 1. Carbon steel grades and their properties. 

Properties 
Grade 

S355JR C22E C35E C45E C50E 
µr 200 250 150 100 150 

σ, MS/m 6.7 6.9 6.3 5.8 3.7 

For the subsequent calculations aimed at developing an optimal SECP design capable 
of effectively suppressing the effects of uncontrollable factors on the signal, we used the 
class-averaged electrophysical properties of the specified materials. Although this as-
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sumption is not universally applicable, it is appropriate for developing a single probe de-
sign capable of classifying all the specified material grades. This approach differs funda-
mentally from the authors’ previous applications of the method. 

Constructing a Taguchi design of experiments involves selecting orthogonal arrays 
according to the numbers of controllable and uncontrollable factors. The controllable 
SECP parameters and their variation ranges are presented in Table 2, whereas the uncon-
trollable factors and their variation ranges are presented in Table 3. 

Table 2. Controllable SECP parameters and their variation ranges. 

Controllable Parameters Variation Range  
Width of the excitation coil a1, m 0.010–0.020 
Length of the excitation coil b1, m 0.020–0.030 

Height of the excitation coil cross-section h1, m 0.010–0.020 
Width of the excitation coil cross-section w1, m 0.002–0.003 

Inner radius of the pick-up coil r1, m 0.010–0.012 
Outer radius of the pick-up coil r2, m 0.013–0.016 

Height of the pick-up coil cross-section h2, m 0.001–0.003 
Center-to-center distance between the pick-up and exci-

tation coils c, m 
0.005–0.007 

Excitation frequency f, kHz 3–5 

Table 3. Uncontrollable parameters and their variation ranges. 

Uncontrollable Parameters Variation Range  
Lift-off z1, 10−3 m 1.5–3.0 

Sheet material local thickness d, 10−3 m 4.7–5.3 

Thus, the design of experiments includes nine controllable parameters and two un-
controllable noise parameters. All these parameters are subsequently evaluated at five 
gradation levels. Based on the numbers of factors and gradation levels, the standard or-
thogonal array templates L50(21,511) and L25(56) were selected [43–45]. The first array, 
L50(21,511), comprises 50 experimental runs, with one factor evaluated at two levels and the 
remaining factors evaluated at five levels. The study employed a modified L50(59) orthog-
onal array that accommodates nine controllable factors. This array was derived from the 
standard L50(21, 511) template by removing the column corresponding to the two-level fac-
tor and two redundant columns corresponding to five-level factors. This modification is 
permissible because removing these columns preserves the orthogonality of the array. The 
second orthogonal array comprises 25 experimental runs representing combinations of six 
uncontrollable factors, each evaluated at five levels. Because only two uncontrollable fac-
tors are considered in the present study, this array was modified to the form L25(52).  

The Taguchi design of experiments procedure involves calculating SNR values from 
the computer simulation data using Equation (10). Table 4 presents the design of experi-
ments values of the controllable parameters in physical units, and Table 5 presents the 
corresponding values of the noise factors. 

Table 4. Design of experiments for the controllable parameters. 

No. 
Controllable Parameters 

a1, mm b1, mm h1, mm w1, mm r1, mm r2, mm h2, mm c, mm f, kHz 
1 10.0 20.0 10.0 2.00 10.0 13.00 1.0 5.0 3.0 
2 10.0 22.5 12.5 2.25 10.5 13.75 1.5 5.5 3.5 
3 10.0 25.0 15.0 2.50 11.0 14.50 2.0 6.0 4.0 
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4 10.0 27.5 17.5 2.75 11.5 15.25 2.5 6.5 4.5 
5 10.0 30.0 20.0 3.00 12.0 16.00 3.0 7.0 5.0 

… … … … … … … … … … 
20 17.5 30.0 15.0 2.00 11.5 13.75 2.5 5.5 5.0 
21 20.0 20.0 20.0 2.75 11.0 13.75 2.5 6.0 3.5 
22 20.0 22.5 10.0 3.00 11.5 14.50 3.0 6.5 4.0 
23 20.0 25.0 12.5 2.00 12.0 15.25 1.0 7.0 4.5 
24 20.0 27.5 15.0 2.25 10.0 16.00 1.5 5.0 5.0 
… … … … … … … … … … 
32 12.5 22.5 15.0 2.25 11.5 15.25 2.0 7.0 3.0 
33 12.5 25.0 17.5 2.50 12.0 16.00 2.5 5.0 3.5 
34 12.5 27.5 20.0 2.75 10.0 13.00 3.0 5.5 4.0 
… … … … … … … … … … 
46 20.0 20.0 20.0 2.25 10.5 16.00 2.0 6.5 4.5 
47 20.0 22.5 10.0 2.50 11.0 13.00 2.5 7.0 5.0 
48 20.0 25.0 12.5 2.75 11.5 13.75 3.0 5.0 3.0 
49 20.0 27.5 15.0 3.00 12.0 14.50 1.0 5.5 3.5 
50 20.0 30.0 17.5 2.00 10.0 15.25 1.5 6.0 4.0 

Table 5. Design of experiments for the interference parameters. 

No. 
Parameter Values 

1 2 … 9 10 11 12 … 17 18 … 24 25 
z1, mm 1.50 1.50 … 1.87 1.87 2.25 2.25 … 2.62 2.62 … 3.00 3.00 
d, mm 4.70 4.85 … 5.15 5.30 4.70 4.85 … 4.85 5.00 … 5.15 5.30 

In accordance with the Taguchi design of experiments methodology, the EMF was 
calculated for each of the 50 probe design variants listed in Table 4 under the 25 combina-
tions of uncontrollable noise factors listed in Table 5. Selected numerical results are pre-
sented in Table 6. These values were calculated using the mathematical model in Equation 
(1) together with Equations (8) and (9), with an excitation current of I = 0.3 A, N1 = 180 
turns in the excitation coil, and N2 = 200 turns in the pick-up coil. In the modeling, the TO 
was represented as a sheet material with averaged electrophysical property values of µ = 
170 and σ = 5.88 MS/m. 

Table 6. EMF values obtained for the analyzed SECP designs. 

No. Noise Cortege, 
× 10−3 m 

EMF, mV 
1 2 … 34 35 … 49 50 

1 {1.5;4.7} 317.18 337.58  226.97 536.60  411.91 421.71 
… … … … … … … … … … 
7 {1.875;4.850} 283.55 304.55  207.53 484.97  375.32 385.13 

… … … … … … … … … … 
13 {2.25;5.00} 253.93 275.15  189.97 438.98  342.39 352.15 
… … … … … … … … … … 
19 {2.625;5.150} 227.78 248.95  174.09 397.95  312.74 322.39 
… … … … … … … … … … 
25 {3.0;5.3} 204.66 225.57  159.73 361.30  285.99 295.50 

Based on the calculated EMF values, the signal-to-noise ratio was determined for 
each planned experiment; selected results are presented in Table 7. To determine the 
probe parameters that provide the highest possible SNR, the SNR values were grouped 
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by parameter and factor level, and the mean SNR was calculated for each group. The op-
timal probe parameter set and operating mode were selected by identifying the maximum 
mean SNR for each parameter at the corresponding factor level, as highlighted in Figure 
2. The final set of Taguchi-optimized parameters for the SECP design is presented in Table 
8. 

Table 7. Signal-to-noise ratio values for the SECP designs. 

Experiment 
Number 

1 2 3 … 22 23 … 33 34 … 48 49 50 

SNR, dB −12.09 −11.37 −10.48 … −10.22 −5.06 … −12,88 −14.55 … −14.32 −9.44 −9.19 

Table 8. Optimal SECP design parameters. 

Taguchi’s Parame-
ters 

a1, 
mm 

b1,  
mm 

h1, 
mm 

w1, 
mm 

r1,  
mm 

r2, 
mm 

h2, 
mm 

c, 
mm 

f, 
kHz 

Values 20 30 10 2 12 16 1 7 5 

 

Figure 2. Procedure for selecting the optimal profile gauge parameters. 

3.2. Confirmatory Numerical Experiment for Establishing the Optimal Design of a Profile Gauge 

A confirmatory numerical experiment was conducted to determine the signal-to-
noise ratio achieved with the optimal SECP design. The same sets of uncontrollable noise 
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parameters were used in this experiment, and the corresponding EMF and SNR values 
were determined. The optimal design with the parameters listed in Table 8 produced a 
signal-to-noise ratio of −3.42 dB. In contrast, the nonoptimized design variants produced 
lower SNR values. Selected values are presented in Table 7, and the results for all 50 de-
signs are shown in Figure 3. 

 

Figure 3. SNR values for all analyzed SECP design variants. 

Consequently, the optimal design provides a higher signal-to-noise ratio than any of 
the nonoptimized variants. 

3.3. Numerical Study of Probe Signal Variability Using the Monte Carlo Method 

Monte Carlo numerical simulations were conducted to evaluate the effectiveness of 
reducing the effects of noise factors that cause the probe output signal to deviate from its 
undisturbed value. The optimal SECP parameters were used to calculate the output signal 
under the influence of the noise parameters lift-off z1 and sheet-material thickness d. Thirty 
simulation realizations were generated by randomly sampling these uncontrollable noise 
parameters from uniform distributions over the ranges specified in Table 3. For compari-
son, the same analysis was performed for the best nonoptimal design, No. 23, and the 
worst nonoptimal design, No. 34, selected from Table 4. 

Table 9 presents the numerical values of the noise factor z1 and the corresponding 
SECP output signals for the optimal design, Eopt; the best nonoptimal design, Ebest; and the 
worst nonoptimal design, Eworst. Table 9 also presents the relative EMF deviations calcu-
lated for each simulation. These deviations quantify the difference between the noise-af-
fected and undisturbed signals and are calculated as follows: 

і undis
і

undis

E - E
δ =

E
 (12)
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where Ei (V) is the output signal of the corresponding probe in the i-th Monte Carlo sim-
ulation (i = 1, …, 30), and Eundis (V) is the undisturbed probe signal value. 

Table 9. SECP output signals for variations in lift-off z1. 

No. z1, mm Eopt, mV δopt Ebest, mV δbest Eworst, mV δworst 
1 1.571 787.802 0.0075 669.514 0.0056 220.000 0.0166 
2 2.005 708.531 0.1073 599.979 0.1089 198.738 0.1116 
3 2.098 692.756 0.1272 586.174 0.1294 194.492 0.1306 
4 2.919 569.682 0.2823 481.487 0.2848 158.168 0.2930 
5 2.301 659.699 0.1688 557.279 0.1723 184.576 0.1750 

… … … … … … … … 
15 2.365 649.655 0.1815 550.204 0.1827 182.862 0.1826 
16 1.833 738.803 0.0692 626.502 0.0695 206.873 0.0753 
17 1.506 800.526 0.0085 679.055 0.0086 221.800 0.0086 
18 1.623 777.789 0.0201 658.716 0.0216 217.322 0.0286 
19 2.783 588.212 0.2589 497.614 0.2609 165.008 0.2624 
20 2.717 597.454 0.2473 505.663 0.2489 166.719 0.2548 
… … … … … … … … 
26 2.467 634.007 0.2012 537.541 0.2016 168.629 0.2462 
27 1.628 776.834 0.0213 659.877 0.0198 217.066 0.0297 
28 2.922 569.281 0.2827 481.138 0.2854 158.059 0.2935 
29 1.912 724.719 0.0869 614.157 0.0878 203.091 0.0922 
30 2.973 562.511 0.2913 475.251 0.2941 157.215 0.2972 

To compare the effectiveness of the SECP designs in suppressing the effects of un-
controllable noise factors, the sum of relative errors (SRE) was calculated as follows: 

 і
і

SRE δ
30

=1
=  (13)

A similar study was conducted in which the local TO thickness was treated as a noise 
factor and varied from 4.7 to 5.3 mm. The numerical-modeling results showed no signifi-
cant effect of this factor on the SECP output signal, regardless of the probe design. There-
fore, the relative deviations δ, which were on the order of 10−11, were considered negligible. 

3.4. Analysis of Variance 

To determine whether the controllable factors had significant effects on the SNR, 
ANOVA was performed using Fisher’s test as described in [36–41]. The applicability of 
ANOVA was evaluated by testing whether the experimental data were normally distrib-
uted. For this purpose, the D’Agostino–Pearson test, which combines tests of skewness 
and kurtosis, was used [43]. Table 10 presents selected results of this test, including the 
DA statistic and the minimum and maximum p-values. Because the obtained p-values ex-
ceeded the significance level of 0.05, the null hypothesis of normality was not rejected, 
supporting the use of ANOVA. 

Table 10. Results of the D’Agostino–Pearson test for data normality. 

Experiment Num-
ber 1 … 13 14 … 19 20 … 35 … 50 

DA-stat 5.436 … 5.771 5.523 … 5.507 5.114 … 5.492 … 5.551 
p-value 0.066 … 0.055 0.063 … 0.064 0.077 … 0.064 … 0.062 
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The mean square (MS) was calculated for each design parameter, together with the 
residual mean square (MSresidual), and the corresponding ratios were evaluated. The signif-
icance of each parameter effect was evaluated using the following condition: 

1 2α,k ,k
residual

MS > F
MS

 (14)

where α is the significance level, set to 0.05, 1 2α,k ,kF
  is the tabulated critical value of 

Fisher’s F-distribution for the specified α, k1 is the number of degrees of freedom associ-
ated with the corresponding factor, and k2 is the number of residual degrees of freedom. 

If Condition (14) is satisfied, the effect of the factor is considered statistically signifi-
cant; otherwise, it is considered nonsignificant. Table 11 presents the ANOVA results ob-
tained using the L50(59) orthogonal array for the controllable factors and the external L25(52) 
orthogonal array for the noise factors. The number of degrees of freedom for each factor 
was calculated as k1 = a−1, where a is the number of levels of the corresponding factor. The 

residual degrees of freedom were calculated as 
9

2 1i
i=

k = N - - k
1

1 , where N = 50 is the total 

number of experiments in the design. Table 11 uses the following notation: SS is the sum 
of squares for the factor or residual component, F is the variance ratio, p is the p-value, 
and Q is the percentage contribution of each factor to the total variation. In deterministic 
numerical modeling, residual variation arises not from random measurement error, as it 
does in a physical experiment, but from unmodeled factor interactions, nonlinearities, and 
numerical errors. The F-ratios and p-values are calculated relative to the residual variance 
MSresidual. These statistics indicate whether the main effect of a given design parameter ex-
ceeds the variation attributable to unmodeled interactions and residual effects within the 
selected experimental design. 

Table 11. Results of the ANOVA. 

Parameters SS k MS F p-Value Q (%)  
a1 2.9311 4 0.7328 40.04 0.344·10−6 1.36 
b1 2.6758 4 0.6689 36.55 0.589·10−6 1.24 
h1 25.3667 4 6.3417 346.54 0.461·10−12 11.77 
w1 1.2479 4 0.3119 17.04 0.435·10−4 0.58 
r1 3.6020 4 0.9005 49.21 0.100·10−6 1.67 
r2 6.0132 4 1.5033 82.15 0.429·10−8 2.79 
h2 62.8326 4 15.7082 858.37 1.321·10−15 29.15 
c 33.5537 4 8.3884 458.38 7.607·10−14 15.57 
f 77.0609 4 19.2652 1052.74 3.522·10−16 35.75 

Residual 0.2379 13 0.0183   0.11 
Total 215.5218 49    100 

The table value of Fisher’s criterion for this study is F0.05,4,13 = 3.18 . A comparison 
of the actual variance ratios obtained for each factor shows that all parameters are statis-
tically significant according to Fisher’s criterion. Secondary factors were not combined, 
since all primary design parameters showed a statistically significant effect. The statistical 
indicators of the ANOVA were used to rank the influence of design parameters on the 
SNR. 

4. Discussion 
Thus, an optimal probe design has been identified for sorting samples of sheet mag-

netic material, providing the maximum possible signal-to-noise ratio, –3.42 dB, which is 
higher than any values of this ratio for nonoptimized variations of the SECP designs. 
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Thus, the maximum SNR value is 𝑺𝑵𝑹𝒎𝒂𝒙 = −𝟓.𝟎𝟔 𝒅𝑩, which corresponds to the best 
nonoptimized design, number 23, while the minimum value of this ratio is 𝑺𝑵𝑹𝒎𝒊𝒏 =−𝟏𝟒.𝟓𝟓 𝒅𝑩, which corresponds to the worst design, number 34. In other words, under 
the specified boundary conditions, the maximum increase in the signal-to-noise ratio will 
be 11.13 dB, and the minimum will be 1.64 dB. Even with a minimal SNR increase, the 
probe signal level was found to grow by approximately 15% relative to the mean for the 
optimal design, demonstrating the significant practical significance of the proposed de-
sign method. 

A series of numerical experiments based on the Monte Carlo statistical modeling 
method has demonstrated that, as the SNR increases, the variations in the output signals 
of the optimal probe design decrease in both cases when various noise factors are applied. 
Thus, when varying the lift-off z1, the SRE value is 4.33 for the optimal SECP design, 4.37 
for the best nonoptimal design, and 4.5 for the worst nonoptimal design. Therefore, the 
optimal design achieves the best value for this parameter. During the research, it was 
found that local variations in sheet thickness had almost no effect on the output signal of 
the SECP. 

As a result of ANOVA, the priority rankings of the influence of the following param-
eters on the SNR of the profile gauge were established: excitation frequency, the height of 
the pick-up coil’s cross-section, the center-to-center distance between the pick-up and ex-
citation coils, the height of the excitation coil cross-section, the outer and inner radii of the 
pick-up coil, the width and length of the excitation coil, and the width of the excitation 
coil cross-section. 

5. Conclusions 
The article presents a new concept for the eddy current classification of ferromagnetic 

sheet materials by grades in difficult cases where the profiles of their material properties 
are similar; this concept is based on a proposed methodology for using inversion features 
in a lower-dimensional latent space.  

In this study, as the first stage of the concept, the method for improving the SNR on 
the profiles gauge of material properties TO, designed for the fine-grade classification of 
sheet magnetic materials, has been generalized and adapted, while simultaneously sup-
pressing uncontrollable noise factors based on robust parametric design of their structures 
using Taguchi’s optimization algorithm.  

A confirmatory numerical experiment has shown that the optimal design of the SECP 
discovered in this study ensures the maximum signal-to-noise ratio, which is higher com-
pared to any values of this ratio for their nonoptimized variants. 

Numerical experiments using the Monte Carlo statistical modeling method have 
demonstrated that the optimal design of the SECP identified in this study yields the lowest 
SRE value for the signal when subjected to noise factors. An ANOVA was performed to 
determine the ranking of the effects of design and operating parameters on the SNR of the 
profile gauge. 

Future research will focus on the following stages of the proposed concept of eddy 
current classification of materials by grade, specifically the inverse determination of ma-
terial property profiles using an informatively pure signal obtained directly from the 
probe, and the application of generative adversarial networks to generate realistic mate-
rial property profiles, solving the classification problem in latent GAN space. 
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Abbreviations 
MECT Multi-frequency eddy current testing  
PECT Pulsed eddy current testing  
MIS Magnetic induction spectroscopy  
PCA Principal component analysis 
GAN Generative adversarial network 
TO Tested object  
SECP Surface eddy current probe  
EMF Electromotive force 
SNR Signal-to-noise ratio 
SRE Sum relative error  
ANOVA Analysis of Variance 
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