
1ŚLĄSKIE WIADOMOŚCI ELEKTRYCZNE  Rok XXVI  Nr 6’2025 (162)

ELEKTROENERGETYKA     POWER ENGINEERING  INFORMATYKA    INFORMATICS

1. Introduction
In recent years, machine learning techniques have been 

increasingly considered in applied electromagnetism, where 
they are currently utilized for field analysis and field synthesis 
purpose. For instance, a coupled field problem is solved in [1], 
while a numerical solution of Maxwell’s equation is presented 
in [2],[3]. Moreover, the impressive developments in the ma-
chine learning and data analytics have put the ground for pat-
tern recognition in field problems, an area in which the use of 
Deep Neural Networks (DNN) [4] might substantially acceler-
ate the solution of field analysis.

The whole development put the ground for revisiting 
old problems in an original way, in the search for fresh solu-
tions, which is the very scope of the paper. In this respect, the 
optimal synthesis of single-phase transformers for special 
purposes, like e.g. leakage reactance transformers, is of para-
mount importance in view of many applications: stabilization 
systems, ferro-resonant devices, transformers used for feeding 
discharge tubes and lamps, just to mention a few.

In particular, the analysis and design of transformers for 
arc welding have a great practical significance. In fact, the op-
erating conditions of the arc are substantially influenced by 
the output characteristics of the feeding transformer, which 

in turn depend on the value of the short circuit reactance of 
the transformer windings. Therefore, a transformer exhibiting 
a prescribed leakage reactance can well control the power re-
leased to the arc: in view of this, the short-circuit voltage and, 
consequently, the leakage reactance of such a transformer 
should be prescribed at a relatively high value (leakage reac-
tance transformer, LRT).

An archival contribution to the magnetic analysis of LRTs 
can be found e.g. in [5] where an integral method was derived. 
In fact, an approach based on integral equations was present-
ed and it was proven that it substantially helps a three-dimen-
sional analysis of boundary value problems in magnetically 
open domains, like the ones originating in tankless transform-
ers which exhibit a high leakage reactance.

The method proposed was then utilized both for com-
puting leakage reactance and for simulating the leakage field 
in the surrounding environment. Moreover in [5], under the 
assumption of linear model, a superposition of two-dimen-
sional field maps, relevant to two orthogonal planes cutting 
the transformer model, was presented.

Accordingly, the superposed fields make it possible an 
approximate analysis of flux density distribution in spite of 
a lower computational cost. A similar approach, i.e. composing 
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two-dimensional field maps into a three-dimensional map, 
was then revisited and improved in [6], where a fast numerical 
method for approximating the magnetic analysis of leakage 
field was presented.

Specifically, three orthogonal planes cutting the core 
model were considered for field analysis. In contrast to [5], 
the method did not exploit the integral approach: instead, 
a field model based on Hermitian hierarchical finite ele-
ments in two dimensions was successfully utilized. Even-
tually, simulation results showed a reasonable agreement 
with measurements.

The method of superposing two-dimensional field maps 
was utilized in [7] too, with the aim of computing the short-
circuit reactance of a two-winding transformer. The proposed 
approach is based on the surface magnetic charge method 
and the concept of band-ring mesh element.

In turn, the analysis of the leakage magnetic field of 
a  three-phase transformer with disk windings is presented 
in  [8]. A mathematical model of the transformer based on 
Maxwell's equations has been applied and results of the 
short-circuit reactance have been compared with an analyti-
cal method amenable to Richter's formula.

More recently, three-dimensional finite-element models 
were utilized to evaluate the leakage reactance of a single-
phase transformer considering different heights of the core 
window [9].

In turn, the leakage reactance in multiple-winding trans-
formers was computed resorting to three-dimensional finite-
element models in the time domain [10]: this way, the com-
plex geometry of a nine-winding transformer was accurately 
modeled.

All these possible models, characterized by various de-
gree of accuracy and cost, help the solution of the analysis 
problem: namely, given a device model, find the magnetic 
field excited by the device itself.

Synthesis, as opposed to analysis, brings about the so-
lution of an inverse problem i.e., given the magnetic field in 
a subdomain, a device that produces it is searched for. In par-
ticular, the shape to achieve a prescribed field distribution in 
a part of the device or a prescribed energy associated to the 
computational domain can be searched for. In fact, shape syn-
thesis appears to be one of the most important from the ap-
plication point of view. 

Generally, shape optimization problems might be classi-
fied as follows:
	 searching for the best shape among an admissible set 

of shapes (shape synthesis);
	 searching for the best location of a component, given 

its shape;

	 searching for the shape of the part of the boundary that is 
not accessible for physical measurement, given the rema-
ining part of the boundary and the field equation (shape 
identification);

	 free-boundary problems, in which the geometry of a por-
tion of the domain boundary, subject to a prescribed con-
dition, is unknown.

Traditionally, the finite element method has been used 
to solve the analysis problem associated to an optimal shape 
design problems in electromagnetics: in practice, however, 
synthesis problems are limited to some class of solutions since 
the available computational power prevents to solve the full 
synthesis problem.

The optimal design of a transformer for special applica-
tions like e.g. a leakage reactance transformer is no exception. 
The issue is that degrees of freedom and relevant constraints 
are provided by a designer, but more likely than not the solu-
tion to the design problem is non-unique. Machine learning 
may be able to assist by increasing the amount of information 
available; in particular, recent advances in machine learning 
might allow for the creation of a surrogate model which could 
make a design process more effective, eventually reducing the 
cost of generating a final design [11].

Moving from this background, in the paper modern 
methodological approaches to the optimal design of a leak-
age reactance transformer are presented; specifically, in Sec-
tion 2 the field model of a reference transformer is presented, 
while in Section 3 the main results after a field-based optimi-
zation are summarized and discussed. Eventually, Section 4 is 
focused on the evolutionary algorithm that was utilized for 
numerical optimization, while Sections 5 and 6 are devoted to 
an approach based on a convolutional neural network model.

2.  Field and leakage reactance of a reference 
transformer

A high-reactance transformer with windings arranged 
on separate limbs is considered as the case study [5]. Pri-
mary and secondary windings of the LRT exhibit the same 
number of turns (N

1 = N2 = 350) and carry a current per turn 
equal to 7.1 A.

The two windings are separately located on each limb of 
the core: due to this fact, and also to the absence of any fer-
romagnetic casing, the leakage field is unbounded and char-
acterized by a three-dimensional distribution.

Moreover, the transformer operating condition is close to 
the short circuit state and so the core is considered to be un-
saturated: therefore, a three-dimensional, linear and isotropic 
model can well be assumed.
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Furthermore, eddy currents can be neglected because 
the magnetic core is laminated; in turn, the field is consid-
ered to be stationary, because the transformer operates at 
line frequency.

Accordingly, the magnetic field analysis is based on 
a three-dimensional finite-element model, assuming linear 
and isotropic ferromagnetic domain for the core; the leak-
age reactances are then computed following the energy 
method.

3.  Finite-element model and optimal  
shape design

The model of the transformer under study is shown in 
Figure 1 where one fourth of its geometry is considered due 
to symmetry.

The corresponding finite-element model which was uti-
lized is characterized by 10,433 nodes and 54,399 tetrahedral 
elements with quadratic variation of magnetic potential.

The dependence of leakage reactance on winding posi-
tion and width is depicted in Figure 2 where the results ob-
tained from a sequence of repeated finite-element analyses 
(in fact, 1,000 FEA) are represented.

In view of developing a neural network model, the same 
set of field analyses was assumed to represent the ground truth 
of the problem under study; so, it was subsequently utilized 
as a data-set in order to train a feedforward neural network 
composed of a single layer exhibiting 16 neurons. The trained 
network is a surrogate model able to solve the direct problem, 
i.e. given the primary winding geometry, find the relevant leak-
age reactance value. For the sake of a comparison, in Figure 3 
both ground truth and network output are depicted, showing 
a reasonable agreement.

In turn, an optimal design problem can be formulated 
as follows: starting from a tentative solution, find width L1 

and position C1 of the primary winding such that the dis-
crepancy between actual value X and prescribed value Xp of 
leakage reactance is minimum, subject to the problem con-
straints.

The objective function (o.f.) to be minimized is a bi-vari-
ate function of (C1, L1) and it is defined as the infinity norm of 
the discrepancy between X and Xp where X = X(C1, L1). 

As a constraint, the cross-sectional area of the winding 
is kept constant in order to enforce the magnetomotive force 
balance. 

In view of solving the problem in a numerical way, the 
optimization was driven by an evolution strategy of the low-
est order (EStra), which is described in subsequent Section 4. 
Specifically, two cases were considered: FE based model of the 
direct problem, first, and network based model, next.

Fig. 1. Model of the transformer (1/4 symmetry),  
primary winding on the left

Fig. 2. Response surface of leakage reactance vs winding geometry 
(1,000 finite-element analyses)

Fig. 3. Response surface comparison:  
ground truth (blue) vs network output (red)
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As  before, the objective function form is defined in terms 
of discrepancy between X and Xp subject to the magneto-
motive balance constraint; relevant optimization results are 
shown in Table 3.

Fig. 4. History of the objective function  
(FE model: blue, local trend, red, global trend)

Table 1
Results of FE based optimization (prescribed value Xp = 14.5 Ω,  

59 iterations, 45 o.f. calls, CPU time: 270 s)

C1 (mm) L1 (mm) X (Ω)

Start 120 40 13.146

End 91.8 58.5 14.511

In Figure 4 the evolution of the objective function is 
shown: it can be noted that the EStra algorithm tracks the best 
candidate solution found in the previous iterations (global 
trend), until a new better candidate is identified during the 
current search (local trend). Relevant optimisation results are 
reported in Table 1.

For the sake of a comparison, in Figure 5 and Table 2 the 
results of an optimisation based on the neural network model 
are shown: the end solution is similar to the one found after an 
optimization based on the FE model; it can be noted, however, 
that the computational time was dramatically reduced.

3.1. S plit-winding design
With the aim of increasing the number of degrees of free-

dom, the optimal design problem was solved again consid-
ering a split-winding geometry: this time, the primary wind-
ing is assumed to be composed of two series-connected half 
windings, which are symmetrically located with respect to the 
plane z = 0 (Fig. 6).

Accordingly, a three-variate objective function is tak-
en into account, in which the actual value of reactance 
depends also on the vertical position of a half winding, 
namely X = X(C1, L1, Z1) with Z1 gravity centre coordinate. 

Table 2
Results of network based optimization (prescribed value Xp = 14.5 Ω,  

61 iterations, 47 o.f. calls, CPU time: 2 s)

C1 (mm) L1 (mm) X (Ω)

Start 120 40 13.146

End 92.2 59.2 14.499

Fig. 5. History of the objective function  
(network model: blue, local trend, red, global trend)

Fig. 6. Split winding geometry (X-Z plane, 1/2 symmetry),  
primary winding on the left

Table 3
Results of split-winding design optimizations (FE model)  

(prescribed value Xp = 14.5 Ω, 65 iterations, 41 o.f. calls, CPU time: 246 s)

C1 (mm) L1 (mm) Z1 (mm) X (Ω)

Start 80 29 45 12.847

End 75.6 45.8 41.9 14.502
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The next step is focused on the radius of the search region 
that will be used for the subsequent iteration. The underlying ra-
tionale is that when a point better than the current one is found 
(i.e. a solution improving the objective function), the radius of the 
search region is increased around the new point to search for fur-
ther improvements, if no improvement is found, then the radius 
of the search region is gradually decreased up to convergence an-
nealing process.

In this respect, it is meant that the search radius is propor-
tional to the norm of d vector. From this viewpoint, the proposed 
evolutionary algorithm substantially differs from a deterministic 
one in which the search region would be monotonically narrowed 
around a better point in order to converge towards the nearest 
minimum.

The drawback, in the case of a non-convex function, is that the 
minimum found might be a local one. In contrast, the evolutionary 
algorithm, if successful in finding a point better than the current 
one, spans a larger region of search in order to see if there is a bet-
ter candidate in the neighborhood and then does the opposite 
when this is not possible. This way, there is a concrete chance to 
find the region where the global minimum is located.

4. Mi nimizing the objective function:  
the EStra algorithm

In the literature there are many algorithms for local or 
global optimization: generally speaking, they can be cate-
gorized as belonging to the class of deterministic comput-
ing, evolutionary computing or nature-inspired comput-
ing; moreover, a few of them were specifically designed 
for multi-objective optimization purpose. In fact, the al-
gorithmic paradigm offered by evolutionary computing is 
particularly suited for identifying the global minimum of 
a non-convex cost functional.

On the other hand, however, the major drawback of 
every algorithm of evolutionary computing is the substan-
tial computational burden which is required. The cost issue 
is particularly important when the computation of the cost 
functionals and constraint functions imply the solution of 
a field analysis problem by means of finite-elements.

Moving from this background, a cost-effective algo-
rithm based on a simple evolution strategy (EStra) was 
utilized. The key concept is twofold: conceiving the design 
variables as random numbers characterized by mean val-
ues and standard deviations, on the one hand, and accept-
ing a solution that could temporarily deteriorate the cost 
functional, on the other hand.

In view of a more detailed description of the algo-
rithm, reference is made to the flowchart shown in Fig-
ure 7 and relevant explanations and remarks.

Setting m = m0 and d = d0 at the initial iteration, the 
generation of a design vector (offspring) x = m + ud  takes 
place, resorting to a scalar stochastic sample u distributed 
in the [-1,1] interval; generally, u is a normally distributed 
sample.

Specifically, vector m0 is assigned by the user and it 
is equal to the initial, or guess, solution, while vector d0 is 
computed by the algorithm itself, proportionally to the ad-
missible range of design variables.

It is then verified that x fulfils bounds and constraints 
i.e. x represents a feasible solution; otherwise, a new de-
sign vector is generated until it falls inside the feasible 
region (generation process). It can be noted that x falls 
inside the interval (m-d, m+d) according to the following 
rationale: small and continuous variations are more likely 
to be observed than abrupt variations in natural systems 
subject to an evolution process ruled by a Gaussian like 
statistics.

The objective function values f(m) and f(x) are sub-
sequently computed and the test f(x) < f(m) is performed; 
if the test is successful, then m is replaced by x (selection 
process), otherwise, m is retained.

Fig. 7. Flow-chart of the EStra optimization algorithm
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Accordingly, a historical horizon of nh > 1 it-
erations is defined in order to control the value of 
standard deviation (the so-called sigma): if at least 
a fraction p of the last nh iterations were successful 
in finding a better point, then the trend is said to be 
positive, while it is negative otherwise.

In particular, an iteration is successful if x is fea-
sible and improves the objective function value with 
respect to m; therefore, successful iterations occur-
ring within the given historical horizon are counted 
and their frequency is compared to threshold p. 
It the trend is positive, then the standard deviation 
vector is set to q-1d; otherwise, it is set to qd. In par-
ticular, during the first nh iterations, when the his-
torical horizon has not yet been formed, d remains 
unchanged (sigma control).

The procedure stops when the prescribed ac-
curacy e, sometimes called search tolerance, is 
achieved. Quantities p and q are named probability 
of success and rate of sigma correction, respectively: 
they are the “tuning knobs” of the algorithm; typical 
values, heuristically found, of nh, p and q are 30, 0.2 
and 0.8, respectively.

5. A  field reconstruction problem
While in previous Section 3 the inverse problem 

aimed at finding the winding geometry originating 
a prescribed value of inductance, i.e. an integral pa-
rameter of the field, here the problem of reconstruct-
ing the field map in a subdomain is envisaged: for 
instance, the map could represent the transformer 
leakage field in a small area of interest. In particular, 
the following problem is considered: having defined 
a subdomain Ωf externally located with respect to the 
core and close to the primary winding, given the trans-
former geometry and magneto-motive force, find the 
distribution of the induction field inside Ωf.

The problem can be conveniently approached 
by interpreting both winding geometry and field 
map as images and then resorting to a neural net-
work model; this approach puts the ground for 
a broad exploration of the design space, eventually 
helping a field-oriented design of the transformer. 
In this respect, the following remark can be put for-
ward: it is assumed that the measure of Ωf is small 
with respect to the measure of the whole compu-
tational domain Ω shown in Figure 1: as a conse-
quence, a high space resolution of the reconstructed 
field image is in principle possible.

6.  Image based approach: convolutional  
neural network

Considering the LRT, a surrogate model for field reconstruction, 
is solved by means of a deep learning approach.

In particular, knowing the geometry of the cross-section of the pri-
mary winding (Fig. 8a), the induction field norm is computed in a square 
subdomain Ωf located in the X-Z plane, as depicted in Figure 8b.

For solving this problem, a Convolutional Neural Network (CNN) 
is utilized: accordingly, the network has the image of the geometry 
as input and the relevant field distribution as output (field recon-
struction problem).

In order to train the CNN, a database of finite-element analyses is 
built by means of the field model presented in Section 3.

Specifically, 1,000 cases are considered, by varying the cross-
section of the secondary winding: the x-coordinate C1 of the wind-
ing varies between 50 and 150 mm and the height of the winding L1 
between 10 and 140 mm, with a constraint on the cross-section area 
being equal to 2,175 mm2.

For each case, the relevant magnetic field distribution is acquired 
with a FEA, over a squared area 80 mm x 80 mm (see Fig. 8).

Fig. 8. Image of the winding cross-section with subdomain Ωf   
in the X-Z plane, axis labels in pixel (a) and relevant distribution  

of the induction field norm after FEA (b)
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The CNN is trained for 1,000 epochs and the batch size 
was 128. The Adaptive Moment Estimation (ADAM) method is 
used with an initial learning rate of 8x10-3, learning rate drop 
factor of 0.9, learning rate drop period of 20 epochs.

The set of 1,000 samples is partitioned as follows: 80% 
for training and 20% for validation i.e. nt = 800 samples for 
the training set and nv = 200 samples for the validation set. 
Before dividing the dataset, a random shuffle is applied to 
the samples.

In order to evaluate the accuracy of the field prediction, 
the MAPE error (percent error) is used:

(1)

where: Y is the true value of magnetic flux density obtained 
by the FE model, Ŷ is the field value predicted by the CNN and 
n1 = n2 = 50 the number of points in which the magnetic flux 
density is sampled on the grid, row and column, respectively. 

The global error Ma is then calculated as the average of the 
MAPE error for the whole validation set:

(2)

For the training of the CNN in Table IV, the error of a typi-
cal run, calculated for the validation set, is Ma = 7.86%.

A scatter plot of true versus predicted values, belong-
ing to the validation set, of magnetic flux density is shown in 
Figure 10 (normalized values between 0 and 1). It should be 
noted that each sample in the validation set is composed of 
50×50 field points in the Ωf  subdomain and, hence, the cloud 
in Figure 10 embeds all of them.

For the sake of an example, in Fig. 9 the contour plot of 
the induction field inside f is shown: it has been computed by 
means of finite-element analysis (ground truth). All magnetic 
field analyses presented in the paper have been performed 
utilizing the MAGNET code [12].

The utilized CNN is composed of 23 layers, organized ac-
cording to the architecture shown in Table 4.

The CNN input is a black and white image of the cross-
section of the primary winding (50×50 pixels) as shown in Fig-
ure 8a. The output of the CNN is the image of the flux density 
distribution (50×50 pixels) sampled on Ωf .

Fig. 9. Field image: ground truth after FE analysis

Table 4
CNN architecture

Layer

1)  Input image (size 50×50×1) 13)  Average Pooling 2D (size 2×2)

2) C onvolution 2D (size 3×4) 14) C onvolution 2D (size 3×32)

3)  Batch Normalization 15)  Batch Normalization

4)  ReLU activation function 16)  ReLU activation function

5)  Average Pooling 2D (size 2×2) 17) C onvolution 2D (size 3×1)

6) C onvolution 2D (size 3×8) 18)  Batch Normalization

7)  Batch Normalization 19)  ReLU activation function

8)  ReLU activation function 20)  Transposed Convolution 2D   
        (size 44×44×1)

9)  Average Pooling 2D (size 2×2) 21)  Batch Normalization

10) C onvolution 2D (size 3×16) 22)  Dropout (20% probability)

11)  Batch Normalization 23)  Regression Layer

12)  ReLU activation function Fig. 10. True versus predicted values
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Most of the points appear to be located close to the bisec-
tor trading off true and predicted values, which means a good 
prediction capability of the model. However, a lack of points, 
in the upper region (above 0.6) can be noted. At a first glance, 
the reason can be attributed to a low number of high-field 
value points randomly chosen for plotting purpose, which do 
not cover that part of the truth-prediction plane.

Większość punktów wydaje się być zlokalizowana blisko 
dwusiecznej, odbiegając od wartości prawdziwych i przewidy-
wanych, co oznacza dobrą zdolność przewidywania modelu. 
Można jednak odnotować brak punktów w górnym obszarze 
(powyżej 0,6). Na pierwszy rzut oka przyczyną może być mała 
liczba losowo wybranych do celów kreślenia punktów o dużej 
wartości pola, które nie obejmują tej części płaszczyzny prze-
widywania prawdy.

In Figures 11 and 12 two cases of field prediction, given 
the relevant geometry of the primary winding, are shown.

Looking at Figures 10-12 a good agreement between 
true and predicted field values can be noticed. Specifically, 

Fig. 11. Case of field identification by the CNN. Given the geometry, 
squared cross-section (a), the field distribution is identified (b)

Fig. 12. Case of field identification by the CNN. Given the geometry, 
rectangular cross-section (a), the field distribution is identified (b)

from Figure 10 it can be seen that the prediction error is 
larger for larger field values. From Figures 11 and 12 the 
same behavior is shown as well: in fact, the field distribu-
tion is better approximated for low values of the magnetic 
flux density.

7. C onclusions
The finite-element analysis of the leakage magnetic field 

in a single-phase transformer is treated as the ground truth 
layer with the aim of training several neural network models. 
In turn, the latter substantially help a procedure of automated 
optimal design, dramatically reducing the computational bur-
den while preserving a high level of accuracy.

From the methodological viewpoint, the proposed ap-
proach is very general and can be conveniently applied to 
a variety of transformer designs. In fact, thanks to the recent 
developments of neural networks as universal function ap-
proximators, the whole subject of transformer design can be 
revisited following a more modern approach.



9ŚLĄSKIE WIADOMOŚCI ELEKTRYCZNE  Rok XXVI  Nr 6’2025 (162)

ELEKTROENERGETYKA     POWER ENGINEERING  INFORMATYKA    INFORMATICS

References

[1]	G ong R., Tang Z., Training Sample Selection Strategy Applied to CNN in Magneto-Thermal Coupled Analysis, IEEE Transactions on Mag-

netics, vol. 57(6), 2021.

[2]	Z hang P., Hu Y., Jin Y., Deng S., Wu X., Chen J., A Maxwell’s Equations Based Deep Learning Method for Time Domain Electromagnetic 

Simulations, Proc. 2020 IEEE Texas Symposium on Wireless and Microwave Circuits and Systems (WMCS), 2020.

[3]	 Baldan M., Baldan G., Nacke B., Solving 1D non-linear magneto quasi-static Maxwell’s equations using neural networks, IET Science, 

Measurement and Technology vol. 15(2), 2021, pp. 204-217.

[4]	G oodfellow I., Bengio Y., Courville A., Deep Learning. The MIT Press, 2016.

[5]	 Tomczuk B., Analysis of 3-D Magnetic Fields in High Leakage Reactance Transformers, IEEE Trans. on Magnetics, vol. 30, no. 5, 1994, 

pp. 2734-2738. 

[6]	K omeza K., Wiak S., Electromagnetic Field Calculation of a Leakage Transformers by means of Finite Element Method with Hermitian Ele-

ments, COMPEL – The International Journal for Computation and Mathematics in Electrical and Electronic Engineering, vol. 13, no. 1, 

1994, pp. 97-100. https://doi.org/10.1108/eb051849 

[7]	 Lu J., Yuan J., Chen L., Sheng J., Ma X., Calculation of the Short-circuit Reactance of Transformers by a Line Integral Based on Surface 

Magnetic Charges, IEEE Trans. on Magnetics, vol. 34, no. 5, 1998, pp. 3483-3486. 

[8]	 Lukaniszyn M., Unbehauen R., The 3D Analysis of the Leakage Field in a Transformer with Disk Windings, COMPEL – The Internation-

al Journal for Computation and Mathematics in Electrical and Electronic Engineering, vol. 14, no. 4, 1995, pp. 79-82. https://doi.

org/10.1108/eb051918 

[9]	 Dawood K., Tursun S., Kaymaz I., The study on the effects of the height of the core’s window on the leakage reactance of transformers 

using finite element analysis, Proc. 2022 Intl Conf. on Artificial Intelligence of Things (ICAIoT). 

[10]	 Fukumoto H., Furukawa T., Itoh H., Ohchi M., Calculating Leakage Reactance of 9-Winding Transformer using Time-Dependent 3D FEM 

analysis, Proc. IECON 2015 – 41st Annual Conf. of the IEEE Industrial Electronics Society. 

[11]	 Di Barba P., Mognaschi M.E., Wiak S., Neural metamodelling of fields: Towards a new deal in computational electromagnetics, Interna-

tional Journal of Applied Electromagnetics and Mechanics, vol. 69, no. 2, 2022, pp. 127-137. 

[12]	S imcenter MAGNET, https://plm.sw.siemens.com (last visited June 2024). 

[13]	 Di Barba P., Mognaschi M.E., Szymanski L., Wiak S., A Machine-Learning Inspired Field-Based Method for the Optimal Magnetic Design 

of Leakage Reactance Transformers. IET Science, Measurement & Technology, 2025.




