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INTRODUCTION

The non-destructive evaluation of mechan-
ical properties of ferromagnetic materials 
remains one of the most important challenges 
in modern materials diagnostics [1]. Among 

these properties, hardness is of particular inter-
est because it reflects the microstructural con-
dition of a material and is closely related to 
heat treatment processes, plastic deformation, 
and service-induced degradation. Conventional 
hardness measurement methods, such as Brinell, 
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Vickers, and Rockwell tests, provide high accu-
racy but are considered partially destructive and 
are often unsuitable for in-service structures or 
high-value components.

Consequently, extensive research has been 
devoted to the development of indirect non-de-
structive methods for evaluating mechanical 
properties [2, 3]. In recent years, electromagnetic 
non-destructive testing techniques have attracted 
significant attention owing to the strong relation-
ship between the mechanical and electromagnetic 
properties of ferromagnetic materials [3–8].

Microstructural alterations induced by manu-
facturing processes and in-service loading simulta-
neously affect the mechanical, electrical, and mag-
netic properties of ferromagnetic materials [9, 10]. 
In particular, changes in dislocation density and 
internal stress state modify the magnetic domain 
structure and the dynamics of domain-wall motion, 
resulting in measurable variations in magnetic per-
meability, magnetic susceptibility, coercivity, mag-
netostriction, and electrical conductivity [5, 11]. 

Modern magneto-mechanical models indicate 
that the electromagnetic response of a ferromag-
netic material is strongly influenced by stress and 
plastic deformation, thereby providing a physical 
basis for indirect determination of mechanical 
properties [12–14].

Although these techniques have proven 
effective in the evaluation of microstructural 
evolution and residual stress, modern data-ac-
quisition systems now enable the collection of 
large multidimensional datasets. Consequently, 
increasing attention is being directed toward 
data-driven approaches that exploit the full 
information content of electromagnetic meas-
urements rather than relying on a limited set of 
predefined diagnostic parameters.

The existing literature on non-destructive 
hardness assessment is dominated by studies 
based on micromagnetic techniques, including 
Barkhausen noise analysis, magnetic permeability 
measurements, and eddy-current testing [5, 6, 15].

These methods have demonstrated high effec-
tiveness in the evaluation of microstructural chang-
es and residual stresses using both single-parame-
ter [16] and multi-parameter approaches [12–14]. 
However, rapid advances in data acquisition and 
computational techniques have increasingly shift-
ed research interest toward the analysis of com-
plete measurement datasets. Such an approach 
enables the extraction of substantially more infor-
mation from the electromagnetic response of a 

material than can be obtained from a limited set of 
predefined diagnostic parameters [17].

Impedance spectroscopy of ferromagnetic 
materials is a particularly attractive diagnostic 
technique because it provides access to rich fre-
quency-dependent information about the magnet-
ic condition of a material. The method is based 
on analysing variations in complex impedance or 
inductance as functions of excitation frequency 
and magnetic field. Since complex magnetic per-
meability is directly related to complex induct-
ance, the resulting spectra contain information 
about the magnetization processes occurring over 
different frequency ranges [18, 19]. In particular, 
the low-frequency response is strongly influenced 
by domain-wall motion, whereas the contribu-
tion of skin effects and magnetization rotation 
becomes increasingly significant with increasing 
frequency [18].

Research on magnetoimpedance phenome-
na has shown that impedance characteristics are 
highly sensitive to microstructural condition, 
magnetic anisotropy, mechanical stress, and mate-
rial geometry [19–22]. In recent years, several 
advanced approaches have been proposed, includ-
ing the reconstruction of ferromagnetic hysteresis 
loops from excitation-coil impedance measure-
ments [20], magnetoimpedance tomography of 
magnetic microwires [21], and investigations of 
magnetoinductive effects in thin ferromagnetic 
films [22]. These studies collectively demonstrate 
that frequency-dependent impedance responses 
constitute a rich source of information about the 
structural condition and mechanical properties of 
ferromagnetic materials.

Traditionally, impedance spectra have been 
interpreted using equivalent circuit models, in 
which the measured response is represented by a 
set of electrical elements chosen to approximate 
the underlying physical processes [23, 24]. In fer-
romagnetic materials, however, the selection of 
an appropriate equivalent circuit is often ambigu-
ous because multiple overlapping physical mech-
anisms contribute simultaneously to the measured 
response. Consequently, increasing attention has 
been paid to data-driven approaches that enable 
direct analysis of complete experimental datasets, 
eliminating the need to identify equivalent circuit 
parameters prior to feature extraction [24].

One of the most widely used techniques for 
dimensionality reduction is PCA [25–27]. PCA 
transforms a set of correlated variables into a 
new orthogonal feature space composed of 
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principal components, each representing a spe-
cific direction of variability within the data. The 
first principal component is defined to capture 
the largest possible proportion of the total var-
iance, while subsequent components describe 
progressively smaller sources of variability. 
In impedance spectrum analysis, PCA enables 
the identification of dominant patterns in the 
measured data, reduces the influence of meas-
urement noise, and facilitates the extraction of 
diagnostic features for classification and regres-
sion tasks [28, 29]. Owing to these capabili-
ties, PCA has increasingly been integrated with 
machine-learning and artificial-intelligence 
methods to improve the performance of modern 
diagnostic systems [30].

A review of the current literature reveals a 
distinct research gap. Existing studies on hard-
ness estimation in ferromagnetic materials have 
focused primarily on micromagnetic and eddy-
current-based techniques [5, 6, 15], whereas the 
analysis of complete low-frequency impedance 
spectra remains relatively underexplored. At the 
same time, advances in inductive and magneto-
impedance spectroscopy have demonstrated that 
frequency-dependent electromagnetic respons-
es contain rich information about magnetiza-
tion processes and microstructural changes in 
ferromagnetic materials [19–22]. Despite the 
growing popularity of multivariate data-analysis 
methods, only a limited number of studies have 
employed PCA for the direct processing of com-
plete low-frequency impedance spectra for hard-
ness estimation.

In this study, PCA is applied to low-frequen-
cy impedance spectra of ferromagnetic mate-
rials for hardness estimation. The objective is 
to determine whether features extracted from 
impedance measurements can provide a relia-
ble basis for diagnostic model development and 
to evaluate the applicability of this approach in 
electromagnetic non-destructive testing. Unlike 
most previously reported methods, the proposed 
methodology operates directly on complete 
low-frequency impedance spectra and does not 
require the determination of equivalent circuit 
parameters. Instead, the spectra are treated as 
multidimensional datasets and analysed using 
PCA. By exploiting the full information con-
tent of the measured electromagnetic response, 
the proposed approach may enable more effec-
tive extraction of diagnostic features and con-
tribute to the development of new methods for 

the non-destructive assessment of mechanical 
properties in ferromagnetic materials. The nov-
elty of the present work lies in the direct appli-
cation of PCA to complete low-frequency resist-
ance-inductance spectra acquired from plasti-
cally deformed S235JR steel, without extraction 
of equivalent-circuit parameters or predefined 
diagnostic indicators.

MATERIALS AND METHODS

The study consisted of two main stages:
	• measurement of impedance components at 33 

excitation frequencies;
	• determination of the Vickers hardness 

distribution.

The obtained data were subsequently used to 
investigate the relationship between the structur-
al condition of plastically deformed S235JR steel 
specimens and their electromagnetic response 
measured at the specimen surface.

Test specimens

The investigations were conducted on speci-
mens manufactured from S235JR non-alloy struc-
tural steel in accordance with EN 10025-2. This 
steel was selected because of its widespread indus-
trial use in welded structures, machine elements, 
and civil engineering applications. Its low carbon 
content (not exceeding 0.17%) and good magnetic 
sensitivity to plastic deformation make it a suitable 
material for studying relationships between elec-
tromagnetic response and mechanical properties.

The main stage of specimen preparation 
involved introducing different levels of plas-
tic deformation. This was achieved under static 
tensile loading conditions, which enabled a wide 
range of hardness values to be obtained. Con-
trolled tensile loading was applied to generate 
a continuous hardness gradient along the speci-
men gauge length. As a result, a broad range of 
hardness values was obtained, enabling investi-
gation of the relationship between electromagnet-
ic response and material condition. The hardness 
distribution was subsequently used as the refer-
ence dataset for PCA and regression model devel-
opment (presented in Figure 1).

To minimize the influence of the surface 
layer condition, all specimens were mechanical-
ly ground and polished prior to electromagnetic 
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measurements. This procedure ensured stable mag-
netic coupling between the core of the measuring 
transducer and the tested ferromagnetic material.

The specimen geometry was selected to min-
imize boundary effects during electromagnetic 
measurements. Both the width and thickness of 
the specimens were substantially larger than the 
effective interaction region of the sensor mag-
netic field. Owing to the sufficient distance from 
the lateral edges and the large material volume 
within the measurement zone, the influence of 
external geometry on the impedance signal was 
considered negligible. 

This justified approximating the tested mate-
rial as an infinite half-space, in which variations 
in the measured coil parameters, resistance R and 
inductance L, were attributed to local changes in 
physical properties, primarily magnetic perme-
ability and electrical conductivity, related to the 
hardness gradient induced by plastic deformation.

The experimental dataset consisted of 5 speci-
mens and 147 measurement points. Measurements 
were acquired at ~29–30 measurement locations 
per specimen, resulting in a total of 147 hard-
ness-impedance pairs. The dataset was divided 
into a calibration dataset (118 observations) and an 
independent validation dataset (29 observations). 
Dataset assignment was performed prior to PCA 
decomposition and regression model development.

The measurement dataset was divided into 
two independent subsets: a calibration dataset, 
used for PCA decomposition and regression 

model calibration, and a validation dataset, 
used exclusively for a blind test of the devel-
oped method. 

The calibration dataset consisted of meas-
urements collected from four specimens, where-
as the validation dataset contained all measure-
ments obtained from a fifth specimen that was not 
used during model development. Consequently, 
measurements originating from a given speci-
men were assigned entirely either to the calibra-
tion or to the validation dataset. This approach 
eliminated the possibility of information leakage 
associated with correlations between neighbour-
ing points located along the same plastic-defor-
mation gradient. The validation data were not 
included in the determination of the principal 
component eigenvectors.

Each reference hardness value was assigned 
a corresponding 66-dimensional electromag-
netic feature vector, consisting of resistance 
(R) and inductance (L) values measured at 33 
excitation frequencies.

Impedance and hardness measurements

To ensure repeatable and automated meas-
urement conditions, a dedicated measurement 
system was developed in LabVIEW 2026. The 
system integrated Cartesian-robot-based sensor 
positioning with measurement data acquisition, 
enabling full automation of the measurement 
cycle. To minimize the influence of lift-off, a con-
stant sensor-to-surface distance was maintained 
throughout the measurements. Communication 
with the HAMEG HM8118 LCR bridge was per-
formed via a digital interface, allowing remote 
configuration of excitation parameters and auto-
mated acquisition of measured values at each 
point of the specimen.

The frequency-dependent resistance and 
inductance values were measured using a program-
mable HM8118 LCR bridge with an upper frequen-
cy limit of 200 kHz. Measurements were performed 
at 33 selected excitation frequencies in the range 
from 20 Hz to 200 kHz, with the excitation voltage 
amplitude set to 1.5 V. To ensure consistency of the 
input data used in the PCA procedure, the instru-
ment was configured to operate in the series equiv-
alent circuit mode. This configuration was selected 
due to the inductive nature of the sensing element 
and the need to maintain a uniform interpretation of 
the measured electrical parameters over the entire 
investigated frequency range.

Figure 1. Distribution of Vickers hardness (HV1) 
along the plastically deformed specimen
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An industrial Fastron 09P-332J-50 inductor 
with a ferrite core and a nominal inductance of 
3.3 mH was employed as the measuring trans-
ducer (Figure 2). The transducer featured an open 
magnetic circuit with an 8.5 mm diameter ferrite 
core, enabling effective magnetic flux coupling 
with the tested ferromagnetic material.

Reference hardness measurements were per-
formed using a Krautkrämer TIV-101 hardness 
tester based on the optical Vickers method, in 
accordance with ISO 6507-1. The measurements 
were carried out using an indenter load of 9.81 N, 
corresponding to the HV1 scale.

PCA-based development of the diagnostic 
correlation model

For PCA-based development of the diagnos-
tic correlation model, each reference HV1 value 
was assigned a corresponding 66-dimension-
al electromagnetic feature vector composed of 
resistance and inductance L values measured at 
33 excitation frequencies. The raw dataset was 
therefore arranged into a matrix with 66 rows, 
representing the frequency-dependent R  and L 

parameters, and columns corresponding to indi-
vidual hardness measurement points. The meas-
urement data are presented in Figure 3a–c using 
a normalized impedance-plane representation, 
where the abscissa is defined as 𝑅𝑅𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛 = 𝑅𝑅−𝑅𝑅0

𝜔𝜔𝜔𝜔 , and the ordinate as 𝐿𝐿𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛 = 𝜔𝜔𝜔𝜔
𝜔𝜔𝐿𝐿0
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The impedance characteristics presented in 

Figure 3 indicate that the normalized inductive 
component decreases with increasing excitation 
frequency and asymptotically approaches unity. 
This behavior corresponds to the coil response 
in air, where magnetic coupling with the tested 
material is negligible. In contrast, the normalized 
resistive component initially increases with fre-
quency and then decreases after a characteristic 
frequency range is exceeded. It was also observed 
that the dispersion of resistance values increases 
with increasing material hardness. 

The relatively narrow variation range of the 
individual normalized impedance components 
limits their usefulness as standalone diagnostic 
indicators. This justifies the use of a multivariate 
approach capable of extracting information from 
the full frequency-dependent impedance response. 
PCA was therefore employed to reduce the dimen-
sionality of the dataset and identify the dominant 
patterns associated with hardness variation.

Principal Component Analysis transforms the 
original set of correlated impedance-related fea-
tures into a new orthogonal feature space com-
posed of mutually uncorrelated principal com-
ponents. Although the number of components 
initially equals the number of original variables, 
dimensionality reduction is achieved by retaining 
only those components that explain the dominant 
part of the total variance. The procedure involves 
standardization of the measurement data, con-
struction of the covariance matrix, and eigenval-
ue decomposition, which provides the eigenvec-
tors defining the principal component directions 
and the corresponding eigenvalues representing 
the variance explained by each component.

In the first step, the raw measurement results 
were arranged into an input data matrix X ∈ ℝn×p:
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 1 𝑃𝑃𝐶𝐶1,1 𝑃𝑃𝐶𝐶2,1 ⋯ 𝑃𝑃𝐶𝐶𝑞𝑞,1

1 𝑃𝑃𝐶𝐶1,2 𝑃𝑃𝐶𝐶2,2 ⋯ 𝑃𝑃𝐶𝐶𝑞𝑞,2
⋮ ⋮ ⋮ ⋱ ⋮
1 𝑃𝑃𝐶𝐶1,𝑝𝑝 𝑃𝑃𝐶𝐶2,𝑝𝑝 ⋯ 𝑃𝑃𝐶𝐶𝑞𝑞,𝑝𝑝]

 
 
 
 

[
 
 
 
 
𝑎𝑎0
𝑎𝑎1
𝑎𝑎2
⋮
𝑎𝑎𝑞𝑞 ]

 
 
 
 
+ [

𝑒𝑒1
𝑒𝑒2
⋮
𝑒𝑒𝑝𝑝

] 

 

𝐻𝐻𝑉𝑉𝑖𝑖 = 𝑎𝑎0 + ∑ 𝑎𝑎𝑘𝑘

𝑞𝑞

𝑘𝑘=1
𝑃𝑃𝐶𝐶𝑘𝑘,𝑖𝑖 + 𝑒𝑒𝑖𝑖 

 

𝐻𝐻𝐻̂𝐻 = 𝑎𝑎0 + ∑ 𝑎𝑎𝑘𝑘

𝑞𝑞

𝑘𝑘=1
𝑃𝑃𝐶𝐶𝑘𝑘 

 

 

	 (1)

where:	 n is the number of diagnostic channels, 
comprising 33 resistance (R) values and 
33 inductance (L) values; thus, n = 66,

Figure 2. Experimental setup showing the
inductive measuring transducer positioned above

the investigated ferromagnetic specimen
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	 p is the number of measurement points,
	 xi,j is the value of the i-th diagnostic chan-

nel recorded at the j-th measurement point.

Because resistance (Ω) and inductance (H) val-
ues differ by several orders of magnitude, Z-score 
standardization was performed independently for 
each diagnostic channel (matrix row). This proce-
dure placed all frequency-dependent measurement 
channels on a comparable scale during the deter-
mination of the principal components.

For each element xi,j of the input matrix, the cor-
responding standardized value zi,j was calculated as,

	

𝑅𝑅𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛 = 𝑅𝑅−𝑅𝑅0
𝜔𝜔𝜔𝜔 , and the ordinate as 𝐿𝐿𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛 = 𝜔𝜔𝜔𝜔

𝜔𝜔𝐿𝐿0
 

 

X = [

𝑥𝑥1,1 𝑥𝑥1,2 ⋯ 𝑥𝑥1,𝑝𝑝
𝑥𝑥2,1 𝑥𝑥2,2 ⋯ 𝑥𝑥2,𝑝𝑝
⋮ ⋮ ⋱ ⋮
𝑥𝑥𝑛𝑛,1 𝑥𝑥𝑛𝑛,2 ⋯ 𝑥𝑥𝑛𝑛,𝑝𝑝

] 

 

𝑧𝑧𝑖𝑖,𝑗𝑗 =
𝑥𝑥𝑖𝑖,𝑗𝑗 − 𝜇𝜇𝑖𝑖

𝜎𝜎𝑖𝑖
 

 

𝑇𝑇 = 𝑉𝑉𝑇𝑇𝑍𝑍 

 

𝑃𝑃𝐶𝐶𝑘𝑘,𝑗𝑗 = ∑𝑧𝑧𝑖𝑖,𝑗𝑗

𝑛𝑛

𝑖𝑖=1
𝑤𝑤𝑘𝑘,𝑖𝑖 

 

𝐻𝐻𝐻𝐻 = 𝑋𝑋𝑃𝑃𝑃𝑃𝐴𝐴 + 𝐸𝐸 

 

[
𝐻𝐻𝑉𝑉1
𝐻𝐻𝑉𝑉2
⋮
𝐻𝐻𝑉𝑉𝑝𝑝

] =
[
 
 
 1 𝑃𝑃𝐶𝐶1,1 𝑃𝑃𝐶𝐶2,1 ⋯ 𝑃𝑃𝐶𝐶𝑞𝑞,1

1 𝑃𝑃𝐶𝐶1,2 𝑃𝑃𝐶𝐶2,2 ⋯ 𝑃𝑃𝐶𝐶𝑞𝑞,2
⋮ ⋮ ⋮ ⋱ ⋮
1 𝑃𝑃𝐶𝐶1,𝑝𝑝 𝑃𝑃𝐶𝐶2,𝑝𝑝 ⋯ 𝑃𝑃𝐶𝐶𝑞𝑞,𝑝𝑝]

 
 
 
 

[
 
 
 
 
𝑎𝑎0
𝑎𝑎1
𝑎𝑎2
⋮
𝑎𝑎𝑞𝑞 ]

 
 
 
 
+ [

𝑒𝑒1
𝑒𝑒2
⋮
𝑒𝑒𝑝𝑝

] 

 

𝐻𝐻𝑉𝑉𝑖𝑖 = 𝑎𝑎0 + ∑ 𝑎𝑎𝑘𝑘

𝑞𝑞

𝑘𝑘=1
𝑃𝑃𝐶𝐶𝑘𝑘,𝑖𝑖 + 𝑒𝑒𝑖𝑖 

 

𝐻𝐻𝐻̂𝐻 = 𝑎𝑎0 + ∑ 𝑎𝑎𝑘𝑘

𝑞𝑞

𝑘𝑘=1
𝑃𝑃𝐶𝐶𝑘𝑘 

 

 

	 (2)

where:	μi and σi denote, respectively, the arith-
metic mean and standard deviation of all 
measurements in the i-th row.

As a result of this operation, each of the 66 
diagnostic channels had a mean value of zero and 
unit variance. The standardized matrix prepared 
in this way was used as the direct input to the 
PCA algorithm, with variables arranged in rows.

MATHEMATICAL PROCEDURE OF 		
PCA DECOMPOSITION

After data standardization, PCA proceeds to 
the key stage of identifying new coordinate axes 

Figure 3. Frequency-dependent impedance response and its relationship with reference HV1:
a) normalized impedance plane showing the family of measurement curves across the investigated

frequency range, b) Relationship between reference HV1 and normalized resistance Rnorm for
selected excitation frequencies: 20 Hz, 500 Hz, 10 kHz, and 100 kHz, c) Relationship between reference HV1 

and normalized inductance Lnorm for selected excitation frequencies: 20 Hz, 500 Hz, 10 kHz, and 100 kHz



563

Advances in Science and Technology Research Journal 2026, 20(11), 557–569

that best describe the variability of the electro-
magnetic response. This procedure consists of 
the following steps:

Calculation of the covariance matrix C

First, the covariance matrix C ∈ ℝn×n was 
calculated, where n corresponds to the number of 
diagnostic channels, i.e., resistance R and induct-
ance L values measured at the selected excitation 
frequencies. The covariance matrix describes the 
mutual relationships between all measurement 
channels. Each element of this matrix indicates 
how variations in the impedance response at one 
frequency co-vary with variations observed at the 
remaining frequencies.

Determination of eigenvalues

To determine the eigenvalues λi, the charac-
teristic equation of the covariance matrix was 
solved. This yielded a set of neigenvalues λ1, λ2, 
... , λn, which can be represented as a vector of 
dimensions n × 1. Each eigenvalue λi represents 
the amount of variance explained by the corre-
sponding principal component. The largest eigen-
values indicate the components that contain the 
dominant information within the dataset. In the 
present analysis, the first four components, PC1 
– PC4, were associated with the highest eigenval-
ues and therefore retained most of the variability 
of the electromagnetic response.

Determination of eigenvectors

For each eigenvalue λi, the corresponding 
eigenvector vi was calculated. For ndiagnostic 
channels, each eigenvector vi consists of ncoef-
ficients that define the contribution of individual 
measurement channels, for example resistance 
Rmeasured at 100 Hz, to the corresponding prin-
cipal component. These eigenvectors define the 
directions of the principal components in the 
original feature space and are subsequently used 
to project measurement data into the PCA space.

Calculation of principal component scores

The principal component scores were obtained 
by projecting the standardized data matrix onto 
the eigenvectors determined in the previous step. 
If the eigenvectors are arranged as columns of the 
matrix V, the score matrix T is calculated as:

	

𝑅𝑅𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛 = 𝑅𝑅−𝑅𝑅0
𝜔𝜔𝜔𝜔 , and the ordinate as 𝐿𝐿𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛 = 𝜔𝜔𝜔𝜔

𝜔𝜔𝐿𝐿0
 

 

X = [

𝑥𝑥1,1 𝑥𝑥1,2 ⋯ 𝑥𝑥1,𝑝𝑝
𝑥𝑥2,1 𝑥𝑥2,2 ⋯ 𝑥𝑥2,𝑝𝑝
⋮ ⋮ ⋱ ⋮
𝑥𝑥𝑛𝑛,1 𝑥𝑥𝑛𝑛,2 ⋯ 𝑥𝑥𝑛𝑛,𝑝𝑝

] 

 

𝑧𝑧𝑖𝑖,𝑗𝑗 =
𝑥𝑥𝑖𝑖,𝑗𝑗 − 𝜇𝜇𝑖𝑖

𝜎𝜎𝑖𝑖
 

 

𝑇𝑇 = 𝑉𝑉𝑇𝑇𝑍𝑍 

 

𝑃𝑃𝐶𝐶𝑘𝑘,𝑗𝑗 = ∑𝑧𝑧𝑖𝑖,𝑗𝑗

𝑛𝑛

𝑖𝑖=1
𝑤𝑤𝑘𝑘,𝑖𝑖 

 

𝐻𝐻𝐻𝐻 = 𝑋𝑋𝑃𝑃𝑃𝑃𝐴𝐴 + 𝐸𝐸 

 

[
𝐻𝐻𝑉𝑉1
𝐻𝐻𝑉𝑉2
⋮
𝐻𝐻𝑉𝑉𝑝𝑝

] =
[
 
 
 1 𝑃𝑃𝐶𝐶1,1 𝑃𝑃𝐶𝐶2,1 ⋯ 𝑃𝑃𝐶𝐶𝑞𝑞,1

1 𝑃𝑃𝐶𝐶1,2 𝑃𝑃𝐶𝐶2,2 ⋯ 𝑃𝑃𝐶𝐶𝑞𝑞,2
⋮ ⋮ ⋮ ⋱ ⋮
1 𝑃𝑃𝐶𝐶1,𝑝𝑝 𝑃𝑃𝐶𝐶2,𝑝𝑝 ⋯ 𝑃𝑃𝐶𝐶𝑞𝑞,𝑝𝑝]

 
 
 
 

[
 
 
 
 
𝑎𝑎0
𝑎𝑎1
𝑎𝑎2
⋮
𝑎𝑎𝑞𝑞 ]

 
 
 
 
+ [

𝑒𝑒1
𝑒𝑒2
⋮
𝑒𝑒𝑝𝑝

] 

 

𝐻𝐻𝑉𝑉𝑖𝑖 = 𝑎𝑎0 + ∑ 𝑎𝑎𝑘𝑘

𝑞𝑞

𝑘𝑘=1
𝑃𝑃𝐶𝐶𝑘𝑘,𝑖𝑖 + 𝑒𝑒𝑖𝑖 

 

𝐻𝐻𝐻̂𝐻 = 𝑎𝑎0 + ∑ 𝑎𝑎𝑘𝑘

𝑞𝑞

𝑘𝑘=1
𝑃𝑃𝐶𝐶𝑘𝑘 

 

 

	 (3)

where:	Z is the standardized data matrix, V is the 
matrix of eigenvectors, and T contains the 
principal component scores for individual 
measurement points.

For the j-th measurement point, the score of 
the k-th principal component (k = 1,2, ... , n ) was 
obtained as:

	

𝑅𝑅𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛 = 𝑅𝑅−𝑅𝑅0
𝜔𝜔𝜔𝜔 , and the ordinate as 𝐿𝐿𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛 = 𝜔𝜔𝜔𝜔

𝜔𝜔𝐿𝐿0
 

 

X = [

𝑥𝑥1,1 𝑥𝑥1,2 ⋯ 𝑥𝑥1,𝑝𝑝
𝑥𝑥2,1 𝑥𝑥2,2 ⋯ 𝑥𝑥2,𝑝𝑝
⋮ ⋮ ⋱ ⋮
𝑥𝑥𝑛𝑛,1 𝑥𝑥𝑛𝑛,2 ⋯ 𝑥𝑥𝑛𝑛,𝑝𝑝

] 

 

𝑧𝑧𝑖𝑖,𝑗𝑗 =
𝑥𝑥𝑖𝑖,𝑗𝑗 − 𝜇𝜇𝑖𝑖

𝜎𝜎𝑖𝑖
 

 

𝑇𝑇 = 𝑉𝑉𝑇𝑇𝑍𝑍 

 

𝑃𝑃𝐶𝐶𝑘𝑘,𝑗𝑗 = ∑𝑧𝑧𝑖𝑖,𝑗𝑗

𝑛𝑛

𝑖𝑖=1
𝑤𝑤𝑘𝑘,𝑖𝑖 

 

𝐻𝐻𝐻𝐻 = 𝑋𝑋𝑃𝑃𝑃𝑃𝐴𝐴 + 𝐸𝐸 

 

[
𝐻𝐻𝑉𝑉1
𝐻𝐻𝑉𝑉2
⋮
𝐻𝐻𝑉𝑉𝑝𝑝

] =
[
 
 
 1 𝑃𝑃𝐶𝐶1,1 𝑃𝑃𝐶𝐶2,1 ⋯ 𝑃𝑃𝐶𝐶𝑞𝑞,1

1 𝑃𝑃𝐶𝐶1,2 𝑃𝑃𝐶𝐶2,2 ⋯ 𝑃𝑃𝐶𝐶𝑞𝑞,2
⋮ ⋮ ⋮ ⋱ ⋮
1 𝑃𝑃𝐶𝐶1,𝑝𝑝 𝑃𝑃𝐶𝐶2,𝑝𝑝 ⋯ 𝑃𝑃𝐶𝐶𝑞𝑞,𝑝𝑝]

 
 
 
 

[
 
 
 
 
𝑎𝑎0
𝑎𝑎1
𝑎𝑎2
⋮
𝑎𝑎𝑞𝑞 ]

 
 
 
 
+ [

𝑒𝑒1
𝑒𝑒2
⋮
𝑒𝑒𝑝𝑝

] 

 

𝐻𝐻𝑉𝑉𝑖𝑖 = 𝑎𝑎0 + ∑ 𝑎𝑎𝑘𝑘

𝑞𝑞

𝑘𝑘=1
𝑃𝑃𝐶𝐶𝑘𝑘,𝑖𝑖 + 𝑒𝑒𝑖𝑖 

 

𝐻𝐻𝐻̂𝐻 = 𝑎𝑎0 + ∑ 𝑎𝑎𝑘𝑘

𝑞𝑞

𝑘𝑘=1
𝑃𝑃𝐶𝐶𝑘𝑘 

 

 

	 (4)

where:	 zi,j denotes the standardized value of the 
i-th diagnostic channel at the j-th measure-
ment point, and wk,i is the loading coeffi-
cient, i.e., the i-th element of the eigenvec-
tor defining the k-th principal component.

The level of dimensionality reduction was 
determined by ranking the eigenvalues in descend-
ing order and analysing the cumulative explained 
variance. The number of retained components 
was selected so as to preserve a predefined pro-
portion of the total variance. In this study, the first 
four principal components, PC1–PC4, were suffi-
cient to explain 95% of the cumulative variance 
as presented in Figure 4.

To facilitate interpretation of the PCA results, 
the loading distributions of the first two principal 
components were analysed. Figure 5 presents the 
loading coefficients obtained for resistance (R) 
and inductance (L) channels measured at individ-
ual excitation frequencies.

Figure 4. Pareto chart of PCA eigenvalues and 
cumulative explained variance
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The first principal component (PC1) is char-
acterised by predominantly positive loading coef-
ficients distributed over a broad frequency range 
for both resistance and inductance channels. This 
indicates that PC1 captures variations affecting a 
large portion of the measured impedance spec-
trum simultaneously.

In contrast, the second principal component 
(PC2) exhibits a much stronger dependence on 
excitation frequency, including substantial varia-
tions of loading magnitude and sign. This behav-
iour suggests that PC2 captures frequency-de-
pendent spectral variations that are complemen-
tary to those represented by PC1.

Development of the diagnostic model

The diagnostic correlation model was devel-
oped using multiple linear regression (MLR). In 
this approach, the reference HV1 values were used 
as the dependent variable, while selected principal 
component scores served as predictors. The pre-
dictor matrix was constructed from the principal 
component scores obtained during the PCA stage.

For pmeasurement points, the general matrix 
form of the model can be written as:

	

𝑅𝑅𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛 = 𝑅𝑅−𝑅𝑅0
𝜔𝜔𝜔𝜔 , and the ordinate as 𝐿𝐿𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛 = 𝜔𝜔𝜔𝜔

𝜔𝜔𝐿𝐿0
 

 

X = [

𝑥𝑥1,1 𝑥𝑥1,2 ⋯ 𝑥𝑥1,𝑝𝑝
𝑥𝑥2,1 𝑥𝑥2,2 ⋯ 𝑥𝑥2,𝑝𝑝
⋮ ⋮ ⋱ ⋮
𝑥𝑥𝑛𝑛,1 𝑥𝑥𝑛𝑛,2 ⋯ 𝑥𝑥𝑛𝑛,𝑝𝑝

] 

 

𝑧𝑧𝑖𝑖,𝑗𝑗 =
𝑥𝑥𝑖𝑖,𝑗𝑗 − 𝜇𝜇𝑖𝑖

𝜎𝜎𝑖𝑖
 

 

𝑇𝑇 = 𝑉𝑉𝑇𝑇𝑍𝑍 

 

𝑃𝑃𝐶𝐶𝑘𝑘,𝑗𝑗 = ∑𝑧𝑧𝑖𝑖,𝑗𝑗

𝑛𝑛

𝑖𝑖=1
𝑤𝑤𝑘𝑘,𝑖𝑖 

 

𝐻𝐻𝐻𝐻 = 𝑋𝑋𝑃𝑃𝑃𝑃𝐴𝐴 + 𝐸𝐸 

 

[
𝐻𝐻𝑉𝑉1
𝐻𝐻𝑉𝑉2
⋮
𝐻𝐻𝑉𝑉𝑝𝑝

] =
[
 
 
 1 𝑃𝑃𝐶𝐶1,1 𝑃𝑃𝐶𝐶2,1 ⋯ 𝑃𝑃𝐶𝐶𝑞𝑞,1

1 𝑃𝑃𝐶𝐶1,2 𝑃𝑃𝐶𝐶2,2 ⋯ 𝑃𝑃𝐶𝐶𝑞𝑞,2
⋮ ⋮ ⋮ ⋱ ⋮
1 𝑃𝑃𝐶𝐶1,𝑝𝑝 𝑃𝑃𝐶𝐶2,𝑝𝑝 ⋯ 𝑃𝑃𝐶𝐶𝑞𝑞,𝑝𝑝]

 
 
 
 

[
 
 
 
 
𝑎𝑎0
𝑎𝑎1
𝑎𝑎2
⋮
𝑎𝑎𝑞𝑞 ]

 
 
 
 
+ [

𝑒𝑒1
𝑒𝑒2
⋮
𝑒𝑒𝑝𝑝

] 

 

𝐻𝐻𝑉𝑉𝑖𝑖 = 𝑎𝑎0 + ∑ 𝑎𝑎𝑘𝑘

𝑞𝑞

𝑘𝑘=1
𝑃𝑃𝐶𝐶𝑘𝑘,𝑖𝑖 + 𝑒𝑒𝑖𝑖 

 

𝐻𝐻𝐻̂𝐻 = 𝑎𝑎0 + ∑ 𝑎𝑎𝑘𝑘

𝑞𝑞

𝑘𝑘=1
𝑃𝑃𝐶𝐶𝑘𝑘 

 

 

	 (5)

where:	 HV is the vector of reference hardness val-
ues, XPC is the predictor matrix composed 
of selected principal component scores,

	 A is the vector of regression coefficients, 
and E is the vector of residual errors.

For a model based on q selected principal 
components, the full matrix notation is given by:

	

𝑅𝑅𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛 = 𝑅𝑅−𝑅𝑅0
𝜔𝜔𝜔𝜔 , and the ordinate as 𝐿𝐿𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛 = 𝜔𝜔𝜔𝜔

𝜔𝜔𝐿𝐿0
 

 

X = [

𝑥𝑥1,1 𝑥𝑥1,2 ⋯ 𝑥𝑥1,𝑝𝑝
𝑥𝑥2,1 𝑥𝑥2,2 ⋯ 𝑥𝑥2,𝑝𝑝
⋮ ⋮ ⋱ ⋮
𝑥𝑥𝑛𝑛,1 𝑥𝑥𝑛𝑛,2 ⋯ 𝑥𝑥𝑛𝑛,𝑝𝑝

] 

 

𝑧𝑧𝑖𝑖,𝑗𝑗 =
𝑥𝑥𝑖𝑖,𝑗𝑗 − 𝜇𝜇𝑖𝑖

𝜎𝜎𝑖𝑖
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In this notation, XPC ∈ ℝp×(q + 1), where the first 
column consists of ones corresponding to the inter-
cept term, and the remaining q columns contain the 
scores of the selected principal components.

Solving this system using the least-squares 
method enabled the determination of the optimal 
regression coefficients a0, a1, ..., aq. These coeffi-
cients define the contribution of the selected prin-
cipal components to the final HV1 estimate.
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where:	HVi is the reference Vickers hardness 
measured at the i-th point, PCk,i, for k = 
1,2, ..., q, denotes the score of the k-th 
principal component calculated for the 
i-th measurement point, q is the number 

Figure 5. PCA loading distributions for the first two principal components obtained from the
impedance-spectroscopy dataset: (a) PC1 loadings and (b) PC2 loadings calculated for resistance (R)

and inductance (L) measurement channels over the investigated frequency range
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of principal components included in the 
regression model, a0 is the intercept of 
the regression model, ak is the regression 
coefficient assigned to the k-th principal 
component, ei is the residual error for the 
i-th measurement point.

Different combinations of principal compo-
nents were subsequently tested to identify the pre-
dictor set providing the best agreement between 
estimated and reference HV1 values.

To systematize the mathematical notation, 
Table 1 summarizes the evolution of data dimen-
sions and the symbols assigned to each process-
ing stage of the PCA algorithm.

After completion of the calibration stage, i.e., 
after developing the diagnostic model, the hard-
ness of an unknown measurement point can be 
estimated from the measured n-channel imped-
ance response. For each measurement channel, 

the newly acquired value is first standardized 
using the mean μi and standard deviation σi deter-
mined during calibration. The standardized val-
ues are then projected onto the retained principal 
component directions to obtain the corresponding 
principal component scores.

For the selected principal component scores, 
the estimated hardness value is calculated from 
the regression model:
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where:	q denotes the number of principal compo-
nents included in the regression model.

Although PC1 captures the largest propor-
tion of total variance, its individual correlation 
with hardness is relatively weak. In contrast, 
PC2 exhibits a substantially stronger relationship 

Table 1. Mathematical notation and matrix dimensions at successive stages of PCA-based data processing, 
assuming diagnostic channels arranged in rows

Algorithm stage Data type Symbol Matrix dimensions

Raw data Impedance matrix X n × p

Standardization Z-score matrix Z n × p

Decomposition Covariance matrix C n × n

Principal component directions Eigenvector matrix V n × n

Variance Eigenvalue vector λ n × 1

PC scores Principal component score matrix T n × p

Table 2. Coefficients of determination obtained for MLR models constructed using different combinations of 
principal components

Principal components included in the regression model Coefficient of determination (R2)

PC1, PC2, PC3, PC4 0.8576

PC1, PC2, PC3 0.8569

PC1, PC2 0.8550

PC1, PC2, PC4 0.8550

PC2, PC3 0.7002

PC2, PC3, PC4 0.6959

PC2 0.6952

PC2, PC4 0.6903

PC1, PC3, PC4 0.1493

PC1, PC3 0.1482

PC1, PC4 0.1446

PC1 0.1435

PC3, PC4 0.0040

PC3 0.0026

PC4 -0.0024
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with hardness. The loading analysis indicates 
that PC1 and PC2 represent different patterns of 
variability within the impedance spectra. Their 
combination provides complementary informa-
tion, resulting in the observed improvement in 
prediction performance.

To optimize the diagnostic model, the agree-
ment between the estimated hardness values and 
the reference hardness measurements was analysed 
for all tested combinations of principal components 
PC1 – PC4. Table 2 summarizes calibration-stage 
coefficients of determination obtained for different 
predictor combinations. The individual PC2 com-
ponent exhibited a moderate correlation with hard-
ness (R2 = 0.6952), whereas PC1 alone showed low 

predictive capability (R2 = 0.1435). A key result 
was the synergistic effect observed when PC1 and 
PC2 were combined, which increased the coeffi-
cient of determination to (R2 = 0.855). Including 
higher-order components, namely PC3 and PC4, 
resulted in only a marginal improvement in model 
accuracy, below 0.2%. Therefore, the two-predictor 
model based on PC1 and PC2 was considered the 
optimal solution. The value R² = 0.855 corresponds 
to model calibration and should not be interpreted 
as an independent validation result.

The graphical comparison between electro-
magnetically estimated hardness values (HV1e) 
and reference hardness measurements (HV1m) is 
presented in Figure 6a–f.

Figure 6. Parity plots comparing the electromagnetically estimated hardness (HV1e) with the reference
hardness values (HV1m): a) Single-predictor model (PC1), b) Single-predictor model (PC2),

c) Single-predictor model (PC3), d) Single-predictor model (PC4),
e) Four-predictor model (PC1+PC2+PC3+PC4), f) Optimal dual-predictor model (PC1+PC2)
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The slightly negative R² obtained for the 
PC4-only model indicates that this component 
does not contain meaningful hardness-related 
information and yields predictions that are mar-
ginally worse than those obtained using the mean 
hardness value as a predictor.

The predictive performance of the developed 
model was verified using an independent valida-
tion dataset (Figure 7). The obtained results show 
good agreement between the reference HV1 values 
and the values estimated from the electromagnet-
ic impedance response. This confirms the stability 
and repeatability of the proposed non-destructive 
approach for assessing the hardness of S235JR 
steel along the plastic deformation gradient.

To provide a quantitative assessment of model 
performance, additional validation statistics were 
calculated for both the calibration and validation 
datasets. The obtained performance metrics are 
summarized in Table 3. To evaluate the presence 
of systematic prediction errors, a residual analy-
sis was performed using the independent valida-
tion dataset (Figure 8).

The slightly higher validation performance is 
attributed to the favourable distribution of hard-
ness values in the independent specimen and does 
not indicate model overfitting.

Residuals were calculated as the difference 
between electromagnetically estimated hardness 
(HVest) and reference hardness (HVref) for the 
independent validation dataset. The residuals are 
distributed around zero without a pronounced 
monotonic trend as a function of hardness, which is 
consistent with the low mean bias error reported in 
Table 3. Although several individual observations 
exhibit larger deviations, no clear evidence of a 
significant hardness-dependent prediction bias was 
identified within the investigated hardness range.

The validation results demonstrate that the 
developed model retains its predictive capability 

Figure 7. Validation results comparing reference 
HV1 values with hardness values estimated using

the developed PCA-based regression model

Figure 8. Residual analysis of the final PC1+PC2 
regression model

Table 3. Performance of the PCA-MLR hardness estimation model

Metric Calibration Validation

Number of observations 118 29

R² (ordinary) 0.855 0.881

RMSE (HV1) 2.728 2.426

MAE (HV1) 2.090 2.013

Mean Bias Error, MBE (HV1) -0.201 +0.949

Standard deviation of residuals (HV1) 2.732 2.272

Maximum absolute error (HV1) 7.013 4.745

95% CI of mean bias (HV1) (-0.694; 0.292) (0.122; 1.776)

when applied to measurement data that were not 
used during PCA decomposition or regression 
model calibration.
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CONCLUSIONS

The obtained results indicate that the observed 
electromagnetic response is consistent with defor-
mation-induced microstructural changes reported 
in the literature. The study verified the applica-
bility of low-frequency impedance spectrosco-
py combined with PCA for the non-destructive 
assessment of plastic strain hardening in S235JR 
ferromagnetic structural steel.

The application of PCA enabled effective con-
centration of diagnostic information contained in 
the 66-dimensional input vector, consisting of 
resistance R and inductance L values measured at 
33 excitation frequencies. It was shown that more 
than 95% of the total variability of the electro-
magnetic response was represented by the first 
four principal components (PC1–PC4). The first 
two principal components contained most of the 
hardness-related information used for regression 
modelling. This allowed substantial reduction of 
the dimensionality of the regression model while 
retaining the dominant information contained in 
the measured impedance spectra.

The analysis of individual predictors showed 
that PC1, despite representing the largest math-
ematical variance, exhibited a weak correlation 
with material hardness (R2 = 0.143). The key 
finding was the synergistic effect observed when 
PC1 and PC2 were combined. The loading analy-
sis indicates that these principal components rep-
resent different patterns of variability within the 
measured impedance spectra. Consequently, they 
provide complementary information, resulting 
in a substantial improvement in prediction accu-
racy when both components are simultaneously 
included in the multiple linear regression model, 
reaching a calibration coefficient of determina-
tion of R2 = 0.855. The inclusion of higher-order 
components, PC3 and PC4, did not provide a 
meaningful improvement in prediction accuracy.

The developed PCA-based impedance spec-
troscopy approach demonstrates considerable 
potential for non-destructive hardness assessment 
of plastically deformed S235JR steel. The results 
indicate that complete low-frequency impedance 
spectra contain diagnostically relevant informa-
tion that can be effectively extracted using multi-
variate statistical analysis. The predictive capabil-
ity of the proposed approach was confirmed using 
an independent validation dataset, which yielded 
R² = 0.881 and RMSE = 2.426 HV1. These results 
demonstrate that reliable hardness estimation can 

be achieved directly from the complete impedance 
spectrum without the need for equivalent-circuit 
parameter identification. The applicability of the 
method may be influenced by geometrical fac-
tors, surface condition, and lift-off effects, which 
should be considered when interpreting imped-
ance-based hardness estimates. Further work is 
required to assess the applicability of the proposed 
approach to other steel grades, heat-treatment con-
ditions, microstructures, and measurement condi-
tions encountered in industrial environments.
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