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Abstract

This systematic literature review (SLR) investigates the use of physics-informed neural networks
(PINNS) in electromagnetics by examining peer-reviewed articles and conference papers. By integrat-
ing governing physical laws into the loss function of a neural network (NN), PINNs offer a mesh-free
method in scientific computing. The reviewed records were retrieved from the databases Scopus, Web
of Science, and IEEE Xplore, published between 2020 and 2025. The initial dataset comprised 500
records of which 292 unique publications were identified. These were screened, yielding a final set
of 139 publications that met predefined inclusion criteria. The analysis reveals a growth in research
activity, with a pronounced increase from 2022 onward. The literature predominantly addresses
electrodynamic problems, employs feedforward neural network architectures and adopts unsuper-
vised, physics-driven training paradigms. Two-dimensional problem formulations are considerably
more prevalent than three-dimensional formulations, and advanced architectures remain limited.
Further analysis reveals the associations between the extracted characteristics. The choice of medium
dependends on the physics regime, and architectural diversity increases with spatial dimensionality.
The review’s conclusions identify potential priorities for future work: extending three-dimensional
formulations to the static and quasistatic electromagnetic regimes, broader architectural experimenta-
tion particularly in lower-dimensional settings, and increased use of semi-supervised learning in static
electromagnetic applications.

Keywords: physics-informed neural networks; Maxwell’s equations; electromagnetics; deep learning;
machine learning in physics; systematic literature review

1. Introduction

The accurate and efficient solution of Maxwell’s equations is a central challenge in computa-
tional electromagnetics (CEM), underpinning a wide range of scientific and engineering applications,
including electric motor design, sensor implementation, antenna design, electromagnetic compatibil-
ity analysis, optics, microwave engineering, and high-frequency technologies. Classical numerical
methods, including the finite element method, finite difference time domain method, and boundary
element method have been successfully applied for decades. However, these approaches often entail
high computational costs, intricate meshing procedures, and limited flexibility in scenarios involving
inverse problems, multi-scale phenomena, or sparse measurement data. The application of deep
learning (DL) in electromagnetics has also been explored; though, the majority of approaches needs
large datasets for the training process, which are often challenging to acquire.

In recent years, physics-informed neural networks (PINNs) have emerged as an alternative for
modeling physical systems by embedding the governing equations, e.g., partial differential equations
(PDEs), directly into the training process of neural networks (NNs). The pioneering work in utilizing
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NNis to solve ordinary and partial differential equations was conducted by Lagaris et al. [1], while
Raissi et al. [2—4] subsequently rediscovered the concept and expanded its application to a more
extensive range of problems, e.g., solving the Schrodinger equation and the Allen-Cahn equation.
They also established the name PINN and, therefore, catalyzed its broader use. Rather than relying
exclusively on labeled data, PINNSs incorporate the residuals of the underlying differential equations,
as well as boundary and initial conditions (BCs/ICs), into a composed loss function. This enables the
approximation of physically consistent solutions even in settings with limited or absent data, a feature
that has attracted significant attention across scientific computing domains.

After their introduction, PINNs have been applied to a broad range of problems. In some cases,
closely following the definition proposed by Raissi et al. [2], and in other cases, interpreting PINNs
more loosely. This includes forward and inverse problems in fluid dynamics, heat transfer, solid
mechanics, and material sciences [5-8].

In fluid dynamics, PINNs have been applied to predict turbulent flows under various conditions.
Pioch et al. [9] assessed four RANS-based turbulence models for a backward-facing step using limited
labeled data. Harmening et al. [10] analyzed network architecture effects on 2D cylinder flows at high
Reynolds numbers without training data. Harmening et al. [11] also developed a surrogate model
for airfoil flows at variable angles of attack using limited simulation data. Additional applications of
PINNS in fluid dynamics are reviewed in [12-16].

Cai et al. [17] demonstrated the effectiveness of PINNSs to solve forward and inverse heat transfer
problems, including forced and mixed convection with unknown boundary conditions and two-phase
Stefan problems, by incorporating sparse experimental data. Zobeiry et al. [18] successfully applied
PINNSs to conductive and convective heat transfer in manufacturing and engineering and validated
the predictions against finite element results for 1D and 2D cases. For inverse heat transfer problems,
Oommen et al. [19] and Billah et al. [20] demonstrated the ability of PINNs to estimate unknown
thermal properties and boundary conditions from sparse data. Furthermore, Karthik et al. [21] utilized
PINNSs to solve the nondimensional thermal equations for analyzing heat transport in partially wetted
wavy fins, considering convective, radiative effects, and temperature-dependent thermal conductivity,
while Kumar et al. [22] have shown the use of PINNs for solving unsteady heat dissipation in a
radiative-convective concave fin with periodic BCs and therefore, effectively capturing the physics of
the problem and predicting temperature profiles beyond the trained region.

Regarding the application of PINNs in solid mechanics, Kapoor et al. [23] have shown that they
can solve forward and inverse problems for Euler-Bernoulli and Timoshenko beam systems, including
double-beam structures, by using nondimensional equations to improve computational efficiency
and robustness against noisy data. An overview of the application of PINNs in experimental solid
mechanics is given by Jin et al. [24]. Henkes et al. [25] applied PINNs to continuum micromechanics,
solving boundary value problems for inhomogeneous materials, e.g., fiber-reinforced composites.
Zhang et al. [26] developed a hybrid framework combining the finite element method and PINNs
to solve elastic and elastoplastic boundary value problems, and Habib and Yildirim [27] proposed a
PINN model for designing multi-stage friction pendulum bearings.

The broader application to electromagnetic problems governed by Maxwell’s equations is a
comparatively recent development, yet it has gained significant traction due to the potential advantages
it offers, such as mesh-free representations and the ability to integrate sparse measurement data
combined with regularizing physics terms and physical constraints. Despite the growing number of
publications investigating PINNSs for electromagnetics, the existing literature remains fragmented.
The reported results vary widely in terms of scope and methodological choices, and a comprehensive
synthesis of current research trends, limitations, and open challenges is lacking.

To address these gaps, peer-reviewed journal articles and conference papers published between
2020 and 2025 were identified in a systematic literature review (SLR). The publications were screened,
analyzed, and categorized according to bibliographic characteristics, physics regimes, spatial dimen-
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sionality, network architectures, medium, and learning paradigms. The extracted information is used
to answer a set of research questions that collectively characterize the current state of the field.

This review contributes a quantitative overview of publication activity and research growth in
employing PINNS in electromagnetics, and systematically classifies the existing research according to
methodological and problem-dependent criteria, thereby facilitating structured comparison to reveal
underexplored areas. Together, these contributions aim to guide future research in this evolving field.

2. Background
2.1. Physics-Informed Neural Networks

PINNs combine DL with prior physical knowledge about a system by incorporating the governing
differential equations into a composed loss function [4]. As illustrated in Figure 1, in its initial form,
the core of a PINN is a fully connected feedforward neural network.

Neural Network Automatic Losses

Differentiation
e»“ “
Bl

Update ¢ oL Composed Loss
90 No
L(0) = ApLp(0) + A\rLr(0) + J
ALo(6) + MLi(6) |
End Yes

Figure 1. Physics-Informed Neural Network (PINN) workflow. A neural network with activation ¢ approximates
solutions, while automatic differentiation (dx, dt) enforces PDE constraints. The composed loss £ = Y A;L;
(weighted by A;) aggregates PDE, data, initial, and boundary condition residuals. Training iterates until £ < €,
updating parameters via gradient descent.

As many systems can be described by PDEs, let O € R and T > 0 and consider the following
first-order in time PDE in its general form:

du(t,x) + NMu(t,x)] =0, xe€Q, te]0,T], 1)

where u : [0,T] x QO — R™ denotes the unknown field, x the spatial coordinate, t time, and A a
potentially nonlinear differential operator acting on u. The problem is supplemented with ICs and BCs
on d() (e.g., Dirichlet, Neumann, or Robin BCs), as appropriate. The PINNSs objective is to approximate
the exact solution u(t, x) with the network output 1y (t, x), where 6 are the trainable weights and biases.
During training, a composed loss function £ is minimized that incorporates physics- and optional
data-driven terms, whose influence on the overall loss can be individually affected by weighting
factors A:

L(0) = ApLp(8) + ApLr(0) + ApLp(0) + ArL1(6). 2)

Using the mean squared error, the individual loss terms become:
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where Lp is the data loss with { (tP, xP, ;) }IND1 C [0 T] x QO x R™ as data sample points and u;

as ground truth data, L the loss of the PDE with { (t, xI') }ZNF1 C (0, T] x Q) as collocation points,
Lp the BC loss with B as a boundary operator and g : (O, T] x 902 — R™ as the target value on
the boundary, {(¢? x?)}f\l‘g1 C (0, T] x 9Q) as scattered boundary points, and £; the IC loss with
{(0,x}) }NI C {0} x () as initial points.

During the training of the PINN, the input data is processed by the NN in a forward pass,
transforming it according to the NN’s layers and neurons and their parameters. This transformation
results in the generation of the output ug. By using automatic differentiation (AD) the derivatives of

the PDE, e.g., the time derivative 01y of the NNs output uy, with respect to the inputs are derived by:

du _ 9u_ 9am 9z g1 9z()
ax_aa(") 9z(n)  ga(n=1) gz(n-1) ox '

)

where z(!) denotes the pre-activation value and a(!) the post-activation value at layer I, with a(®) = x as
the network input and # as the number of layers.

After a forward pass, the gradients required for the optimization of the composed loss function
are efficiently computed using backpropagation, a type of reverse-mode AD, based on the chain rule
of calculus [28]. The gradients with respect to the NNs parameters can be derived by:

oL oL 9z
0 Zazo FIE ®)

where a is the post-activation value, z the pre-activation value and 6 the parameter vector across all
layers.

At last, an optimizer adjusts the parameters of the NN in accordance with the gradients of the
loss function that have been previously calculated. For the optimization process, common optimizers
include Adam, L-BFGS, or a combination of both. This process is repeated iteratively until a stopping
criterion is reached, e.g., the completion of a set number of epochs or the attainment of a predefined
error threshold.

2.2. Electromagnetism and Maxwell’s equations

The branch of physics known as electromagnetism is governed by the field theory of classical
electrodynamics. This theory pertains to electromagnetic phenomena, which are described by electro-
magnetic fields, electric charges, and currents as their fundamental sources, as well as their propagation
in space and time and their interaction with matter. This is applicable to all phenomena that do not fall
within the realm of quantum electrodynamics, encompassing both dynamic and static scenarios. The
electromagnetic field is commonly regarded as the combination of the distinct electric and magnetic
fields, a simplification that is only reasonable in static or quasistatic cases. In general, both fields
should be viewed as one unified, coherent field.

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.
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The governing equations in electromagnetics are Maxwell’s equations, a set of first-order linear
PDEs that were named after James Clerk Maxwell, who first combined the theories of electricity and
magnetism in 1865 and thereby established the consistent field theory of electrodynamics [29]. The
contemporary form was derived by the British mathematician and electrical engineer Oliver Heaviside
between 1885 and 1887 and is given in its macroscopic form by Equations (9) to (12):

V-D =py, ©)
V-B=0, (10
oB
VXE*_ﬁ’ (11)
oD

here, D is the electric flux density, B is the magnetic flux density, E is the electric field strength, and
H is the magnetic field strength. The macroscopic equations are applied in greater-scale scenarios
where matter is present and modeling charges and currents on an atomic level is not suitable. They are
therefore also referred to as Maxwell’s equations in matter. The macroscopic equations incorporate
bound charges and bound currents into the electric flux density D and the magnetic field strength H,
and consequently, only free charges p; and free currents J; appear in the Equations (9) and (12).

The aforementioned implies that the macroscopic equations are connected to the microscopic
equations, i.e., the electric flux density to the electric field strength, and the magnetic flux density to
the magnetic field strength, by the following constitutive relations:

1
D=¢E+P, and H=—B — M, (13)
Ho
where g is the permittivity of free space, ug the permeability of free space and P and M the polarization
field or the magnetization field respectively.

The matter present is often assumed to be homogeneous and linear in its behavior, and, therefore,

the constitutive relations can be written as:

D =¢E, and H:;B, (14)

with ¢ = ege, and p = popr, where ¢, is the relative permittivity and p, the relative permeability,
which both can be constants, functions of time and position, or functions of E and B.
Furthermore, the relationship between the free current and the electric field has to be considered
when analyzing conductive media, by:
Jf = 0E, (15)
with the conductivity o as the proportionality constant. This equation is generally known as Ohm’s law.
In electrostatics, the absence of magnetic and time-varying fields results in a simplification of
Maxwell’s equations. Equation (11) becomes equal to 0 and the electric field is therefore conservative.

Together with Equation (9), this describes all electrostatic problems. As a conservative field, E can be
expressed as the gradient of a scalar function, allowing the introduction of the electric potential ¢:

E = -V (16)

Together with equations (9) and (14), electrostatic problems are therefore described by:

V- (eVe) = —py, (17)
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which is Poisson’s equation.

The subfield of magnetostatics is distinguished by the absence of electric fields and a time-
independent magnetic field. This results in Equations (10) and (12), which, when neglecting the
displacement current (aa—lt) = 0), describe the magnetic field in the static case. If there is also no
free current J  present, Equation (12) becomes 0, indicating that H is irrotational, and, analogous to
electrostatics, the magnetic scalar potential ¢ can be defined [30]:

H = —-Vy. (18)
Substituting (18) and (14) into (10) gives an elliptic PDE:

V- (uVy) =0, (19)
and furthermore assuming y is constant, Laplace’s equation is derived:

Ap = 0. (20)

If there are static free currents J; present, the magnetic vector potential A can be introduced,
because of Equation (10) stating that the divergence of the magnetic flux density is always 0 [30]:

B =V xA. (21)
By using the vector identity:
Vx(VxA)=V(V-A) - AA, (22)
the Coulomb gauge:
V-A=0, (23)

and substituting Equation (21) and (14) into Equation (12), Poisson’s equation can be derived again:

Vx(}lleA>:]f (24)

In the special cases of electroquasistatics (EQS) and magnetoquasistatics (MQS), the fields either
exhibit such slow variation over time, or the magnitude of one of the fields is so small that a full
coupling of Maxwell’s equations is not necessary.

Charges and currents might be time-dependent in EQS, but inductive effects are negligible, and
capacitive as well as conductive effects dominate. Therefore, the electric field E is approximately
curl-free, and Equation (11) becomes:

0B

VxE= -5 ~0 (25)

and the electric potential from Equation (16) can be used.

In MQS inductive effects dominate and the displacement current in Equation (12) is negligible
(aa—lt) ~ 0), leading to:

VxH ~ J. (26)

3. Methodology

This study employs an SLR to explore the state of research regarding the application of PINNs in
the realm of electromagnetics, i.e., solving Maxwell’s equations.

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.
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3.1. Systematic Literature Review

An SLR maps, identifies, and categorizes relevant literature on a research topic. It is an extension
of a classical literature review, where the objective is reached in a systematic, well-documented, and
comprehensible way. The key steps of an SLR are planning, querying the databases for records,
screening the publications, extracting relevant information from the publications, and reporting the
results, including answering the research questions.

In the following, records are defined as database entries representing a publication indexed in a
bibliographic database, whereas publications are defined as unique documents containing information
on a topic, e.g., articles, conference papers, or books. Consequently, the set of records retrieved from
all databases used may contain duplicates, for example, if a publication is indexed in more than one
database, while publications are treated as unique entities that occur only once in the SLR.

During planning, the search strategy, eligibility criteria, research questions, data to extract, and
team members were established. Querying the databases conducted the search to get the records
needed for further processing. Before screening the results, duplicates were identified and excluded,
which left behind the unique publications. The eligibility criteria were verified, and the results that did
not align with the established criteria were excluded in the screening step. In the penultimate step,
data was extracted, and the publications were categorized into predefined groups that represent the
information needed to answer the research questions. In the end, the results of the SLR were visualized,
reported, and the research questions answered.

The study encompasses several key steps, detailed below.

3.2. Research Questions

To get meaningful and focused information from the SLR on the state of research regarding the
use of PINNSs to solve Maxwell’s equations, a set of research questions was developed. These help to
guide the reviewer through the course of the review process. Establishing them is a fundamental task
to derive high-quality information from the SLR [31]. The research questions for this study are shown
in Table 1.

Table 1. Research questions of the SLR.

Research Question

RQ1 How extensively are PINNs applied within electromagnetics?

RQ2  Which subfields of electromagnetics are PINNs applied to?

RQ3  Which network architectures are used for PINNSs in solving Maxwell’s equations?

RQ4 What spatial dimensionality are the electromagnetic problems solved?

RQ5 Are the reviewed domains divided into different media?

RQ6  Which learning paradigms are used for solving Maxwell’s equations with PINNs?

RQ7  Are there associations between the extracted characteristics of the reviewed publications?

3.3. Search Strategy

A comprehensive search strategy was developed to identify relevant studies on PINNs applied to
the realm of electromagnetics. The search was conducted using the three bibliographic databases:

e Scopus;
*  Web of Science;
¢ IEEE Xplore.

For Web of Science, the option "All Databases" was used, which queries all databases to which an
institution is subscribed.

The search query was designed to capture publications that solve electromagnetic problems
utilizing PINNs. Conceptually related and synonymous terms were included in the search string. This
led to the following concept for the search string, which was subsequently adapted to meet the syntax
of each database:

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.
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("physics-informed neural networks” OR "physics-informed neural network” OR "PINNs” OR "PINN") AND
("Maxwell’s equations” OR "electromagnetics” OR "electromagnetic” OR "electrodynamics” OR
“electrodynamic”)

Additional filters restricted the search to English-language publications from 2020 up to the query
date, with search terms applied to the title, abstract, and keyword fields. Due to the recent emergence
of PINNSs and their use in electromagnetics, including earlier publication dates did not significantly
increase the number of records. The databases were last queried on November 21, 2025. The dataset
retrieved is openly available from Zenodo [32].

3.4. Eligibility Criteria

To ensure the collection of publications is both methodologically sound and relevant to the
research questions, a set of eligibility criteria was established. These were verified during different
stages of the process, whenever the necessary information could be extracted.

Publications were included in further processing if they met the inclusion criteria shown in
Table 2.

Table 2. Inclusion criteria.

Inclusion criterion

I1  Employed PINNS to solve Maxwell’s equations or related electromagnetic problems.
12 Is a peer-reviewed journal article or conference paper.

I3 Described the neural network architecture used.

I4  Provided sufficient details on the application domain.

I5 Provided sufficient details on the learning paradigm.

I6  Provided sufficient details on the electromagnetic problem.

The inclusion criteria I3 to I5 should ensure that a publication grants sufficient details for the
following data extraction. If there is insufficient or no information given on the architecture, application
domain, learning paradigm, or the considered problem, the publication was excluded because a reliable
categorization or comparison is not feasible. Moreover, reproducibility is not given for the underlying
study. While the criteria I1 and I2 can be verified using bibliographic information and by screening the
title and abstract, criteria I3 through I5 are most likely to be examined by using full-text screening.

To further ensure a rigorous selection, exclusion criteria were defined as shown in Table 3.
Publications meeting at least one exclusion criterion were excluded from the review during the
screening phase. Therefore, the total number of exclusion criteria met may be higher than the number
of publications excluded.

Table 3. Exclusion criteria.

Exclusion Criterion

E1l Isnot written in English.

E2 s of type review, editorial, book, awarded grant, preprint.

E3 Isnot peer-reviewed.

E4  Full-text is not accessible to the reviewers.

E5 Isnot utilizing PINNs.

E6 Addresses a problem outside of electromagnetics or does not solve field equations.

3.5. Study Selection

The first step of the study selection stage was to identify duplicates in the obtained records, to
ensure that every publication occurs once in the following data extraction stage. The next steps in the
process involved two independent reviewers who screened the title and abstract of the publications and
examined them for the eligibility criteria. If this was not sufficient, full-text screenings were conducted.
Any disagreements between the reviewers were resolved through consensus or consultation with a
third reviewer.

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.
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The initial search yielded a total of 500 records. After removing duplicates, 292 unique publications
remained for title and abstract screening. A flow diagram based on the PRISMA 2020 statement [33]
is shown in Figure 2. It illustrates the screening process and the number of records and publications
included at each stage.

Identification of Publications via Databases

Record d befi ing:
- Records identified from Databases: COrCs removed belore screemng
o .
5 Duplicat =2
® Scopus (n=220) uplicates (n=208)
& IEEE Xplore (n=133)
k=1 Web of Science (n=147)
=
Total records  (n=500)
Records screened (n=292) Records excluded (n=0)
Publications sought for retrieval Publications not retrieved (n—0)
(n=292)
o0
=}
: 7
g Exclusion criteria met:
n El (n=0)
Publications assessed for eligibility E2 (n=21)
(n—292) E3 (n=4)
E4 (n=11)
E5 (n=32)
E6 (n=90)
v
K5
'g Publications included in review
'—'g (n=139)
i)

Figure 2. Flow diagram illustrating the study selection process based on the PRISMA 2020 statement.

3.6. Data Extraction

Data extraction was performed by the same reviewers involved in the study selection, using a
standardized form, capturing the relevant information from each included publication in a spreadsheet.
The extracted characteristics and the corresponding categories are shown in Table 4. These can be
classified into three primary groups: bibliographic, problem-specific, and model-specific characteristics.
The bibliographic characteristics were directly obtained from the results received from the databases,
while the problem- and model-specific characteristics were obtained by the reviewers from each
publication. The problem- and model-specific characteristics are as follows:

®  Physics Regime: The subfield of electromagnetics addressed by a publication is recorded in
the characteristic Physics Regime. To answer the research questions, six categories were in-
troduced, namely Magnetostatics, Electrostatics, Magnetoquasistatics, Electroquasistatics and
Electrodynamics. Magneto- and Electrostatics deal with the purely static cases, while the qua-
sistatic assumptions extend these as described in Chapter 2.2. The category Electrodynamics
encompasses the dynamic regime governed by the time-dependent Maxwell’s equations, where
the displacement current as well as the induction terms are retained and wave propagation is
essential. Here, the term Electrodynamics does not refer to the full scope of the field theory of
classical electrodynamics, therefore excluding the static regime.

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.
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e  Dimensionality: The characteristic Dimensionality delineates the spatial dimensions of the ad-
dressed problem with the categories 1D, 2D, and 3D. In this context, time is not considered as
a separate dimension; rather, it is inherently incorporated within the categories that define the
physics regime. A category for 0D, or lumped-element models, is not included, as such prob-
lems do not resolve spatial field variations, and the system is therefore represented by spatially
aggregated quantities (e.g., charge, current, flux, energy) or an equivalent circuit model. Those
publications were excluded from further processing due to not dealing with Maxwell’s field
equations. Problems with 1D, 2D, and 3D dimensionality, in contrast, explicitly resolve the spatial
dimensions and consider the underlying field equations.

¢  Medium: The absence or presence of spatially varying properties in the computational domain is
documented in the characteristic Medium. The category Homogeneous applies when there is no
spatial variance of the material properties, e.g., permittivity, permeability, polarization, or magne-
tization, in the domain, while the category Inhomogeneous applies when these material properties
vary with position. Continuously and discretely varying properties were aggregated under the
latter without further distinction. Boundary conditions that emulate material boundaries are not
seen as a variance in material properties to be classified as Inhomogeneous.

¢ Network Architecture: The high-level structural design, the organization of computation, and the
flow of information through a NN is given by its architecture. It specifies the types of computa-
tional units and layers used (e.g., fully connected layers, convolutional layers, attention heads, or
recurrent units) and how they are connected (e.g., forward connections, recurrent connections,
parallel branches, or residual connections). The occurring architectures the PINNs in the selected
publications are based on were noted in the characteristic Network Architecture. When suitable,
architectures were aggregated, as U-Nets and ResNets were categorized as CNNs and LSTMs
as RNNs. Architectures that distinctly differ from the generally established architectures were
combined under Other.

*  Learning Paradigm: In the characteristic Learning Paradigm, the type and setting of learning
is described, which governs how data is utilized in the learning process of a DL model. The
categories used are supervised learning, unsupervised learning, and semi-supervised learning.
In contrast to the predominant use of these terms in DL, a more specific definition used in the
context of PINNs is applied. Here, supervised learning means the utilization of labeled data as
ground truth, without the incorporation of a physics term within the loss function. Consequently,
models designated as employing supervised learning are, by definition, not designated as being
PINNSs. This deviates from the interpretation proposed by Raissi et al. [2], who employ a more
general definition in the sense of DL. In their approach, the physics loss is conceptualized as
analogous to the use of labeled data. Subsequently, this results in the categorization of PINNs as a
form of supervised learning. In this study, semi-supervised learning is defined as utilizing labeled
data as well as physics loss terms, while purely unsupervised learning takes no labeled data as
inputs, relying entirely on the physics loss. Publications to which only the category Supervised
Learning applied were not included in further processing.
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Table 4. Overview of extracted characteristics and categories.

Characteristics Description Categories

Bibliographic

Title Title of the publication Free text (as extracted from the database)
Type of Publication Document type Journal article; Conference paper
Authors Authors of the publication Free text (as extracted from the database)

Publication Year

Year in which the work was published

Digital Object Identifier of the publica-

Integer

DOI tion Free text (as extracted from the database)
Journal Journal or conference venue Free text (as extracted from the database)
Problem
Magnetostatics; Electrostatics; Magneto-
Physics Regime Regime addressed in electromagnetics quasistatics; Electroquasistatics; Electro-
dynamics
Dimensionality Spatial dimensionality of the problem 0D; 1D; 2D; 3D
Medium Properties of the reviewed medium Homogeneous; Inhomogeneous
Model
Feedforward Neural Network (FNN);
Graph Neural Network (GNN); Trans-
. Neural network architecture used in the  former; Recurrent Neural Network
Network Architecture

Learning Paradigm

PINN

Learning setting used to train the model
and use of data

(RNN); Autoencoder; Convolutional
Neural Network (CNN); DeepONet;
Other

Supervised Learning; Semi-supervised
Learning; Unsupervised Learning

If a publication covered more than one category, it was assigned to each of them.

4. Results

4.1. Bibliometric Analysis

The initial search yielded a total of 500 records retrieved from three scientific databases. 133

records were retrieved from IEEE Explore, 220 from Scopus, and 147 from WoS (Figure 3(a)). After the

consolidation of records across databases, duplicate detection and removal were performed, resulting

in 292 unique publications and 208 duplicates, corresponding to 58.4 % unique records and 41.6 %
duplicates within the initial dataset (Figure 3(b)). The relatively high proportion of duplicates is
indicative of the substantial overlap in database coverage for the research domain under investigation.
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Figure 3. Retrieved records and share of duplicates. (a) Number of records retrieved from each database. (b)

Proportion of unique versus duplicate records in the dataset.

An upward trend in the annual number of publications before applying the eligibility criteria
over the period from 2020 to 2025 is shown in Figure 4(a). Only 3 publications were identified for
2020 and 6 for 2021, followed by an increase to 27 publications in 2022 and 46 publications in 2023. A
pronounced growth is observed in 2024, with 96 publications, while 114 publications were recorded
for 2025 up to November 21.
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Figure 4. Number of publications. (a) Annual number of publications before applying eligibility criteria. (b)
Annual number of publications after applying eligibility criteria.

Figure 5(a) presents the distribution of the unique records by document type prior to final filtering.
Journal articles constitute the largest share, with 178 publications, followed by conference papers,
with 93 publications. Other document types, including books, conference reviews, theses, and review
articles, appear only marginally, with counts ranging from 2 to 11 publications. This distribution
highlights the dominance of journal articles and conference papers in the dataset.
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Figure 5. Number of publications by document type. (a) Total number of publications by document type before
applying eligibility criteria. (b) Total number of publications by document type after applying eligibility criteria.

For the final set of publications considered to answer the research questions, an additional filtering
step was applied using the eligibility criteria defined in Section 3.4. After this filtering, the dataset
comprised 139 publications in total (see Appendix A for the full list of reviewed publications), including
81 journal articles and 58 conference papers (Figure 5(b)).

As illustrated in Figure 4(b), 2 publications from the remaining dataset were published in both
2020 and 2021, reaching a peak of 54 publications published in 2024 and 48 in 2025 as of November 21.

This refined dataset forms the basis for the subsequent analysis reported in the following sections.

4.2. RQ1: How Extensively Are PINNs Applied Within Electromagnetics?

To assess the adoption and growth of PINNSs in electromagnetics, and therefore, answer the first
research question, the publication trends over time were analyzed. The annual count of publications
that utilize PINNs for CEM increased from 2 in 2020 and 2021 to 54 in 2024, indicating limited early
adoption for CEM after PINNs were established by Raissi et al. [2—4] in 2017 and 2019, respectively,
and a significantly increased adoption in the following years, as can be seen in Figure 4(b). This is
corroborated by the cumulative publication trend, revealing an exponential growth pattern from 2020
to 2024 (Figure 6). Starting from 2 publications in 2020, the cumulative total reached 139 by November
21, 2025, with the steepest increase observed between 2023 and 2025. As the most recent search was
conducted prior to the end of 2025, the results shown for this year remain provisional. However, it can
be reasonably anticipated that the number of publications at the end of 2025 will be equivalent to or

exceed that of 2024.
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Figure 6. Cumulative number of publications over time.

4.3. RQ2: Which Subfields of Electromagnetics Are PINNs Applied to?

The subfield of electromagnetics addressed in the extracted publications was reviewed to provide
a detailed analysis of the application of PINNs in this domain. PINNSs are used for modeling various
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problems in electromagnetics ranging from static over quasistatic to dynamic problems, including
antenna design, scattering, optics, and general high frequency applications.

Most of the research deploying PINNs focuses on the electrodynamic regime, with 91 publications
extracted from the dataset. 22 publications investigate magnetostatic problems as well as magne-
toquasistatic problems. In addition, 21 publications deal with electrostatics, while none considered
electroquasistatics (Figure 7(a)).
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@ Total number of publications by physics regime @ Annual number of publication by physics regime

Figure 7. Number of publications by physics regime. A single publication may contribute to multiple categories.
(a) Total number of publications by physics regime. (b) Annual number of publications by physics regime.

The growth in the annual number of publications was concentrated in electrodynamics, and
increased from 2 publications in 2020 and 2021, respectively, to 40 publications in 2024 (Figure 7(b)).
Static and quasistatic publications only appeared from 2022 onward, with numbers increasing at
a considerably lower rate and no regime exceeding 10 annual publications. In the whole period,
electroquasistatic publications remained entirely absent in the dataset.

4.4. RQ3: Which Network Architectures Are Used for PINNs in Solving Maxwell’s Equations?

A variety of network architectures can be leveraged to establish a PINN, ranging from simple
FNNs to more complex, attention-based architectures. During the SLR, seven main architectures
were initially extracted from the dataset, of which six occur in the final dataset. Overall, researchers
predominantly employ FNNs as proposed by Raissi et al. [4], with 113 occurrences, followed by 22
occurrences of CNNs and 15 occurrences of architectures classified as Other, using architectures that
diverge distinctly from the established architectures (Figure 8(a)).
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Figure 8. Occurrences of architectures. A single publication may contribute to multiple categories. (a) Total
occurrences of architectures. (b) Annual occurrences of architectures.

The results indicate a pronounced growth in the number of occurrences over time, particularly
from 2022 onward, reflecting a substantial increase in research activity during the later years of
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the period considered (Figure 8(b)). In 2020 and 2021, the reported use of architectures is limited
exclusively to FNNs, with 2 occurrences in each year. A notable expansion appears in 2022, when the
total number of occurrences increases to 15. FNNs remain dominant with 10 occurrences, while CNNs
(4 occurrences) and other architectures (1 occurrences) are introduced. The diversification continues in
2023, with a total of 25 occurrences. FNNs again represent the largest share (15 occurrences), followed
by CNNs (4 occurrences). This year also marks the first appearance of GNNs and RNNs, each with 1
occurrence, and a larger contribution from other architectures (4 occurrences). The most pronounced
growth occurs in 2024, where the total number of occurrences rises to 59. This increase is driven
primarily by FNNs, with 47 occurrences. CNNs (8 occurrences), DeepONets (1 occurrence), and other
architectures (3 occurrences) contribute more modestly. Despite the overall growth, several architecture
classes, including GNNs, Transformers, RNNs, and Autoencoders, are absent in this year. In 2025,
the total number of occurrences remains high, at 51. FNNs continue to dominate with 37 occurrences,
followed by CNNSs (8 occurrences). DeepONets (1 occurrence) and other architectures (7 occurrences)
also appear to a minor extent.

4.5. RQ4: What Spatial Dimensionality Are the Electromagnetic Problems Solved?

This research question investigates the spatial dimensionality of the electromagnetic problems
addressed in the analyzed publications. Spatial dimensionality is an indicator of model complexity
and computational requirements, ranging from 1D- to 3D-field-simulations.

Figure 9(a) presents the distribution of dimensionalities across the publications. The results show
a predominance of 2D problems, accounting for 108 occurrences. 3D problems appear considerably
less frequently, with 16 occurrences, while 1D problems account for 23 occurrences.

\
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Figure 9. Occurrences of dimensionalities. A single publication may contribute to multiple categories. (a) Total
occurrences of dimensionalities. (b) Annual occurrences of dimensionalities.

Figure 9(b) provides a temporal breakdown of spatial dimensionalities by year of publication
from 2020 to 2025.

In 2020 and 2021, only 1D and 2D problems were observed, with a single occurrence each per
year, while 3D studies were not reported (Figure 9(b)). Starting in 2022, the number of 2D problems
increases markedly (11 occurrences), accompanied by the first appearance of a 3D problem. This trend
continues in subsequent years. In 2023, 2D problems rise to 20 occurrences, while 1D (4 occurrences)
and 3D problems (1 occurrence) remain limited. The peak occurs in 2024, with 42 occurrences of 2D
problems, alongside a notable increase in 1D (10 occurrences) and 3D (6 occurrences) problems. In
2025, although the total number of occurrences slightly decreases, 2D problems remain dominant (33
occurrences), and 3D problems further increase to 8 occurrences, while 1D problems decrease to 5
occurrences. The most recent search was conducted prior to the conclusion of 2025, and therefore, the
results for this year are provisional.
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4.6. RQ5: Are the Reviewed Domains Divided into Different Media?

The objective of this research question is to evaluate whether the reviewed publications divide
the computational domain into regions with differing material properties, distinguishing between
homogeneous and inhomogeneous media. The classification of media is an important factor in
determining the complexity and applicability of electromagnetic models, as modeling inhomogeneous
media often demands more complex approaches.

The distribution of media types among the publications is summarized in Figure 10(a). Both
categories appear in comparable numbers, with inhomogeneous media appearing slightly more
frequent, at 74 occurrences compared to 67 occurrences for homogeneous media. Problems involving a
single medium remain common, but a substantial fraction of studies already incorporates spatially
varying properties.
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Figure 10. Occurrences of media. A single publication may contribute to multiple categories. (a) Total occurrences
of media. (b) Annual occurrences of media.

In 2020, only inhomogeneous media were reported (2 occurrences), and in 2021, only homoge-
neous media (2 occurrences) (Figure 10(b)). Beginning in 2022, both types have been documented
each year. Homogeneous media increased to 9 occurrences in 2022 alongside 5 occurrences of inho-
mogeneous media. This trend continued in 2023, with sustained growth of inhomogeneous media
(13 occurrences) and a consistent application of homogeneous media (9 occurrences). Both categories
reached their peak in 2024, reaching 30 homogeneous and 27 inhomogeneous occurrences. In 2025, the
total number of occurrences slightly decreased, but the use of inhomogeneous media (27 occurrences)
remained more frequent than homogeneous media (17 occurrences). As before, the data for 2025 are
provisional, since the most recent search was conducted before the end of the year.

4.7. RQ6: Which Learning Paradigms Are Used for Solving Maxwell’s Equations with PINNs?

The sixth research question investigates which learning paradigms are employed in the literature
to solve Maxwell’s equations using PINNs. As illustrated in Figures 11, three paradigms are considered:
unsupervised, semi-supervised, and supervised learning.

The distribution of learning paradigms across the reviewed studies shows unsupervised learn-
ing being the dominant paradigm in the field, accounting for 98 occurrences (Figure 11(a)). Semi-
supervised approaches appear substantially less frequently, with 46 occurrences, while supervised
methods only appear 3 times, due to publications being categorized in another category as well (see
Section 3.6).
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Figure 11. Occurrences of learning paradigms. A single publication may contribute to multiple categories. (a)
Total occurrences of learning paradigms. (b) Annual occurrences of learning paradigms.

Early publications almost exclusively rely on unsupervised learning, with 1 occurrence in 2020
and 2 occurrences in 2021 (Figure 11(b)). For semi-supervised learning, only a single contribution was
reported in 2020, and none for supervised learning. From 2022 onward, a noticeable increase in the total
number of publications is observed, accompanied by the emergence and growth of semi-supervised
approaches. In 2022, there are 7 occurrences of semi-supervised methods, compared to 8 occurrences
of unsupervised methods, while supervised learning remains marginal (1 occurrence). This trend
continues in subsequent years, with unsupervised learning maintaining its position as the leading
method: A total of 18 occurrences of unsupervised learning were documented in 2023, 36 in 2024, and
33 as of November 21, 2025. Semi-supervised methods also exhibited an increase in absolute numbers,
reaching a peak of 21 occurrences in 2024 before declining to 11 in 2025. Supervised approaches remain
consistently rare, with at most 1 occurrence per year and none reported in 2025.

4.8. RQ7: Are There Associations Between the Extracted Characteristics of the Reviewed Publications?

The preceding research questions examine the distributions of individual characteristics in isola-
tion. To assess whether these characteristics are independent of one another, contingency tables were
computed for all pairwise combinations of the five extracted characteristics. For each table, Cramér’s
V is reported as a descriptive measure of association strength. Of the ten pairwise combinations, four
are presented below on the basis of their association strength and descriptive relevance.

Between the characteristics Physics Regime and Medium, a association of small to medium
strength was found (Cramér’s V =0.266). While the marginal distribution shown in Section 4.6 re-
ported an approximately balanced use of homogeneous (67 occurrences) and inhomogeneous media
(74 occurrences), the contingency table reveals regime-specific differences (Figure 12). Electrostatic
publications predominantly rely on homogeneous media (68.0 %), whereas magnetostatic and magne-
toquasistatic studies favor inhomogeneous media (70.8 % and 72.2 %, respectively). Electrodynamic
publications show an approximately even distribution between the two media (51.2 % homogeneous
and 48.8 % inhomogeneous, respectively).
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Figure 12. Contingency table of the characteristics Physics Regime and Medium. Cell values indicate the number

of publications with row percentages in parentheses.

Reviewing the contingency table of Dimensionality and Network Architecture (Figure 13) shows
that the association between the characteristics is small to medium (Cramér’s V =0.265). The distribu-
tion of architectures varies with dimensionality. In 1D, FNNs account for 92.0 % of occurrences, with
CNNs as the only alternative (8.0 %). In 2D, architectural diversity increases: FNNs remain dominant
(73.5 %), but CNNs (12.8 %), other architectures (12.0 %), and individual occurrences of GNNs and
RNN s are also present. In 3D, FNNs constitute 60.0 % of occurrences, while CNNs are responsible for
25.0 % and DeepONets for 10.0 %. No usage of DeepONets was reported in 1D or 2D settings.
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Figure 13. Contingency table of the characteristics Dimensionality and Network Architecture. Cell values indicate
the number of publications with row percentages in parentheses.

The association between Physics Regime and Dimensionality is small (Cramér’s V =0.193), but
2D formulations are the most frequent choice across all regimes, accounting for 91.7 % of magneto-
static, 82.6 % of electrostatic, 81.0 % of magnetoquasistatic, and 65.5 % of electrodynamic publications
(Figure 14). 3D implementations are concentrated in electrodynamics, which accounts for 14 of the 16
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reported 3D studies (87.5 %). Magnetostatics and electrostatics each contain a single 3D publication,
while no 3D publications were recorded for magnetoquasistatics.
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Figure 14. Contingency table of the characteristics Physics Regime and Dimensionality. Cell values indicate the
number of publications with row percentages in parentheses.

Unsupervised learning is the most frequent paradigm across all physics regimes (Figure 15), but
the association was found to be small between Physics Regime and Learning Paradigm (Cramér’s
V =0.156). However, the distribution of semi-supervised learning differs between static and time-
varying regimes. While the static regimes, magnetostatics and electrostatics, each report a share of
16.7 % for semi-supervised learning, the time-varying regimes employ it at roughly double that rate
(magnetoquasistatics: 35.0 %, electrodynamics: 36.8 %) (Figure 15). Supervised learning is applied only
marginally, with one occurrence each in electrodynamics, magnetostatics, and electrostatics.
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Figure 15. Contingency table of characteristics Physics Regime and Learning Paradigm. Cell values indicate the
number of publications with row percentages in parentheses.
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5. Discussion

The following chapter synthesizes the descriptive findings reported in Section 4, interprets their
significance for the application of PINNs to Maxwell’s equations, identifies methodological and topical
gaps, and proposes concrete directions for future research.

5.1. Interpretation of Findings

The bibliometric data characterizes a field that is expanding rapidly but has not yet consolidated.
The annual publication counts rose sharply between 2020 and 2025 (Figure 4(b)), and the cumulative
count exhibited a steep increase from 2022 onward (Figure 6), without showing signs of levelling off.
In the reviewed dataset, electrodynamic studies dominate (Figure 7(a)), suggesting that researchers
overall prioritize dynamic Maxwell formulations over static or quasistatic cases. Together, these
trends characterize that the research regarding PINNs in electromagnetics is in an exploratory, scaling
phase. PINNs are being applied to increasingly complex, time-dependent problems as frameworks
and computational resources improve, but standard practices and established benchmarks have yet
to emerge. In the following the key findings from the SLR are discussed, with the contingency table
analysis giving a more nuanced insight into the field.

First, there are no publications covering the electromagnetic subfield of electroquasistatics. This is
a topical gap that indicates a lack of studies in the utilization of PINNs for solving electroquasistatic
equations. This discrepancy might be ascribed to a more limited range of applications in contrast to,
electro- and magnetostatics or magnetoquasistatics. It might also be partly ascribed to the definition of
PINNSs used in this SLR. A more expansive definition, deviating from the canonical definition, might
yield additional results.

Second, FINNs dominate the network architectures (Figure 8(a)), with CNNs and other archi-
tectures appearing only sporadically. Nevertheless, there has been a recent trend of experimenting
with a wider range of architectures in conjunction with PINNSs. This could be due to problem-specific
requirements, thereby giving rise to problem-specific approaches to implement PINNS, as opposed to
their universal implementation. The contingency table analysis (Section 4.8) substantiates this obser-
vation and shows that the degree of architectural diversity is associated with spatial dimensionality.
In 1D, FNNs account for 92.0 % of all architectures, leaving virtually no room for alternatives. In 3D,
this share decreases to 60.0 %, suggesting that the trend toward architectural experimentation is not
uniform, but is concentrated in higher-dimensional problem settings where the limitations of standard
FNN5s might be more pronounced.

Third, unsupervised learning, driven entirely by physics residuals rather than labeled field data,
is the most widely applied learning paradigm (Figure 11(a)). Although unsupervised learning is often
regarded as the preferable training method, particularly when labeled data is either unavailable or
challenging to obtain, the incorporation of labeled data from measurements or numerical simulations
can nevertheless be advantageous to guide the training process and improve results. The limited
use of semi-supervised learning in electromagnetics likely reflects two primary factors: researchers
could encounter challenges in acquiring suitable labeled data, or they could already attain good results
without additional data. The latter is most likely only plausible for simpler problems. The proportion of
semi-supervised learning differs between static and time-varying regimes, with magnetoquasistatic and
electrodynamic studies using semi-supervised approaches at approximately twice the rate observed
in magnetostatic and electrostatic studies. This disparity suggests that the availability of or need for
labeled data varies with the physics regime, rather than being uniform across the field. Still, the overall
dominance of unsupervised approaches is consistent with the promise of PINNs to be able to operate
without labeled data, but it also raises questions about data availability, robustness, calibration, and
empirical validation in settings where measurements do exist.

Fourth, the overall distribution of media types appears roughly balanced, with 67 occurrences
of homogeneous and 74 of inhomogeneous media (Figure 10(a)). However, this is misleading, which
becomes clear when the association between Physics Regime and Medium is reviewed (Figure 12). It
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can be seen that electrostatic studies predominantly use homogeneous media, whereas magnetostatic
and magnetoquasistatic studies favor inhomogeneous media. Electrodynamic studies show an ap-
proximately even split between both categories. The aggregate balance is thus the result of opposing
regime-specific preferences rather than an indifference toward medium choice. These preferences could
reflect the nature of the problems typically addressed in each regime. Homogeneous media might
be employed for proof-of-concept and computationally lower-cost studies, while inhomogeneous
media are adopted when spatially varying material properties are essential and cannot reasonably
be simplified nor neglected. This is often the case in practical engineering problems which involve
more complex multi-material interactions. As those problems were rarely considered in the reviewed
publications, it is possible that some studies were conducted in preparation for those problems. Ad-
ditionally, not all publications treat multiple materials by spatially varying properties. Some instead
describe them through the use of BCs, as it is more common in radio and antenna design. In this SLR,
such cases were not considered as multi-material and therefore not counted as inhomogeneous.
Fifth, the prevalence of 2D problem formulations and the relatively small share of 3D studies
indicate a practical compromise between physical fidelity and computational resources (Figure 9(a)).
A gradual increase in 3D problems over time can be seen, though not a substantive shift in the
balance away from 2D problems. This likely reflects computational and methodological challenges
of applying PINNSs to 3D problems to solve Maxwell’s equations; challenges that include resource
usage, training stability, point sampling strategies, training time, convergence behavior, and solver
scalability. Therefore, algorithmic advances might be needed that reduce computational costs or
improve convergence in higher spatial dimensions to further extend research activities to 3D problems.
The analysis further indicates that the scarcity of 3D studies is not distributed evenly across subfields
((Figure 14)). Electrodynamics accounts for 14 of the 16 reported 3D studies, while magnetoquasistatics
contains no 3D publications at all. Moreover, magnetostatic and electrostatic problems are addressed
almost exclusively in 2D, leaving two possible assumptions. One possibility is that the extension to 3D
formulations might be a challenge that is particularly acute in the static and quasistatic regimes and
another is that those regimes are significantly easier to describe in 2D than the dynamic regime.

5.2. Perspective and Research Opportunities

The findings of the conducted SLR discussed in the sections before show several research oppor-
tunities that merit attention:

* The absence of publications categorized as electroquasistatics suggests potential for further
research. This is a topical gap that might be addressed through further targeted research or
domain outreach.

®  The results show a limited diversity in the application of network architectures beyond FNNs.
More advanced architectures, e.g., CNNs, GNNSs, or DeepONets, are generally rarely deployed,
although architectural diversity increases with spatial dimensionality, with 3D studies already
employing a broader range of architectures. Consequently, the need for architectural experimen-
tation, to meet problem-specific requirements, is most pressing in lower-dimensional settings.
Furthermore, systematic comparative studies that evaluate architecture choices for representative
problems, which involve solving Maxwell’s equations, would be advantageous.

*  In the context of learning paradigms, the application of semi-supervised learning is sparse. While
unsupervised learning is applied in most studies, the integration of labeled data from mea-
surements or numerical simulations is limited. The use of semi-supervised learning varies by
physics regime, with magnetoquasistatic and electrodynamic studies employing it most. Conse-
quently, the integration of labeled data presents an opportunity particularly for magnetostatic
and electrostatic applications, where semi-supervised approaches remain underutilized.

e  The majority of publications in the SLR concentrate on 2D domains, with considerably less
attention given to the review of 3D domains. This gap is most pronounced in the static and
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quasistatic regimes. The extension of PINN-based approaches to 3D formulations in these regimes
presents a specific opportunity for future work.

*  Associations between several of the extracted characteristics was found. This indicates that
methodological choices are not made independently of the problem under investigation. Future
studies might therefore benefit from reporting and analyzing these interactions explicitly, rather
than treating characteristics such as Network Architecture, Learning Paradigm, and Medium as
isolated decisions.

5.3. Limitations

Several methodological aspects of the SLR influence the interpretation of these findings and
should be considered when generalizing conclusions. The search was constrained to English, peer-
reviewed publications from three bibliographic databases, while the query date was November 21,
2025 (see Section 3.3). The latter might result in recent developments not being captured within the
designated review period, given the dynamic evolution of the field. The exclusion of preprints and
non-English literature might undercount nascent or geographically localized work. In addition, the
review’s definition of what constitutes a PINN, in conjunction with the stipulation that purely super-
vised learning was excluded, unless combined with physics-driven models in the same publication,
influenced the selection of retained publications. Different definitional choices potentially alter the
category counts, particularly for the analysis of the learning paradigms (see Section 3.6).

Furthermore, the analysis of the association between the characteristics is subject to methodologi-
cal constraints. Some combinations of characteristics contain zero or near-zero cell counts, which limits
the interpretability of those combinations. Only pairwise associations between characteristics were
considered; associations between more than two characteristics at a time are not described in the SLR,
but might give further insights and point to more specific research opportunities. The extracted charac-
teristics and categories were designed for a primarily descriptive analysis, but to further investigate
associations between characteristics, revised or finer-grained categories might be beneficial, yet far
more laborious to implement.

6. Conclusion

This SLR examined recent research on the application of PINNSs to the solution of Maxwell’s
equations in electromagnetics. By analyzing 139 peer-reviewed journal articles and conference pa-
pers published between 2020 and 2025, the study provides an overview of methodological trends,
application domains, and prevailing modeling choices.

A sustained increase in research activity can be seen, reflecting growing interest in PINNs as
an alternative or complementary approach to classical numerical methods in CEM. Overall, the
majority of publications focus on electrodynamic problems, while static and quasistatic regimes
receive comparatively less attention. Methodologically, the literature is dominated by canonical
PINN formulations based on FNNs combined with physics-based loss functions, closely following
the original framework introduced by Raissi et al. [4]. Nonetheless, there appears to be an increasing
amount of experimentation with a variety of architectures in order to optimize PINNs and address
problem-specific requirements. Unsupervised learning paradigms prevail, highlighting the appeal of
PINNS in scenarios where labeled data is limited or unavailable.

Concurrently, limitations and imbalances in current research practice were found. Most studies
address 2D problems, with relatively few large-scale 3D implementations reported. Architectural
diversity beyond FNNs remains limited, and systematic comparisons between alternative network
designs are scarce. Furthermore, while semi-supervised approaches are increasingly explored, their
use remains secondary.

Beyond these individual trends, it was found that methodological choices reported in the literature
are not independent of the problem characteristics. Associations were identified between Physics
Regime and Medium, as well as between Dimensionality and Network Architecture. Specifically,
the seemingly balanced use of homogeneous and inhomogeneous media obscures opposing regime-
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specific preferences, and the limited adoption of architectures other than FNNs is concentrated in lower-
dimensional settings, while 3D studies already exhibit greater architectural diversity. This indicates
that the field’s methodological landscape is shaped by problem-specific factors that are not evident in
marginal distributions alone. Addressing these gaps and dependencies, particularly the extension of
3D formulations to the static and quasistatic regimes, broader architectural experimentation in lower-
dimensional settings, and increased integration of labeled data in static electromagnetic applications,
represents a key opportunity for future research.
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Appendix A. List of Reviewed Publications

Table A1 provides a summary of the publications reviewed in this SLR, classified into the charac-
teristics Physics Regime, Dimensionality, Medium, Network Architecture, and Learning Paradigm (see
Section 3.6).

Table A1l. List of reviewed publications.

Physics Regime Dimens. Med. Network Architecture Learn. Par.

Magnetostatics
Electrostatics
Magnetoquasistatics
Electroquasistatics
Electrodynamics
1D
2D
3D
Homogeneous
Inhomogeneous
FNN
GNN
Transformer
RNN
Autoencoder
CNN
DeepONet
Other Architecture
Unsupervised
Semi-supervised
Supervised

Liu et al. [34]

Fujita [35]

Li et al. [36]

Piao et al. [37]

Cao et al. [38] .
Lietal. [39]

Li et al. [40]

Barmada et al. [41] .
Qi and Sarris [42] ° ° .
Baldan et al. [43] .
Backmeyer et al. [44] . ° . ° .
Su et al. [45]
Mokhtari et al. [46]
Liu et al. [47]

Hu et al. [48]

Qi and Sarris [49]
Ping et al. [50]

Lim et al. [51] . .

Hu et al. [52] ° ° °
Baldan et al. [53] . ° .

Pan et al. [54] . . .
Qi and Sarris [55] . . . .
Sato et al. [56] . . . . .

Continued on next page
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Table A1. Cont.

Physics Regime Dimens. Med. Network Architecture Learn. Par.

Magnetostatics
Electrostatics
Magnetoquasistatics
Electroquasistatics
Electrodynamics
1D
2D
3D
Homogeneous
Inhomogeneous
FNN
GNN
Transformer
RNN
Autoencoder
CNN
DeepONet
Other Architecture
Unsupervised
Semi-supervised
Supervised

Ping et al.[57] . . .
Deng et al.[58]
Brendel et al.[59] .
Fujita [60] .
Wang et al.[61]
Barmada et al.[62]
Xia et al.[63] .
Qi and Sarris[64] . . . .
Lu et al.[65] .
Gong and Tang][66] .

Han et al.[67] .
Medvedev et al.[68] .
Liu et al.[69]

Brendel et al.[70] °
Wang and Pan [71]

Pan et al.[72]

Khan et al.[73]

Shao et al.[74]

Guo and .
Sabariego [75]

Zhang et al.[76] .
Hu et al.[77] . .

Zhu et al.[78] . .

Zhang et al.[79] ° . .
Li et al.[80] ° .

Museljic et al. [81] . .

Han et al. [82] . ° .
Zheng et al. [83] . . .

Liu et al. [84] . . .
Chang et al. [85] . . . . .
Khan and . . ° . ° .
Lowther [86]

Jiang et al. [87] . . .
Gong et al. [88] . . .
Guo et al. [89] ° .

Shao et al. [90] . . .
Gong et al. [91] . ° .
Liu et al. [92]

Jiang et al. [93]

Chang et al. [94]

Jiang et al. [95]

Liu et al. [96]

Sun et al. [97]

Uduagbomen et

al. [98]

Wang et al. [99] .
Fujita [100] .
Liu et al. [101] .

Yu et al. [102] .
Lim [103] .

Fang and Zhan [104] .
Papadimitropoulos et .
al. [105]

Ruan et al. [106] . . ° ° .
Lietal. [107] . . .

Li et al. [108] . . . .

Medvedev et al. [109] . ° . .

Wang et al. [110] . ° .

Zhang et al. [111] . . . . °
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Table A1. Cont.

Physics Regime Dimens. Med. Network Architecture Learn. Par.

Magnetostatics
Electrostatics
Magnetoquasistatics
Electroquasistatics
Electrodynamics
1D
2D
3D
Homogeneous
Inhomogeneous
FNN
GNN
Transformer
RNN
Autoencoder
CNN
DeepONet
Other Architecture
Unsupervised
Semi-supervised
Supervised

Puetal. [112]
Wang et al. [113] . °
Hou et al. [114]
Dimitropoulos et . e o o
al. [115]

Suhendar et al. [116] .
Qian and Kheir [117] . ° ° . .
Huetal. [118] . . . . .
Wang and . . . . .
Zhang [119]

Biswal et al. [120] . . . . .

Han et al. [121] . . . ° .
Gaire and . .
Bhardwaj [122]

Chang et al. [123] . . .
Saleh et al. [124] . .
Chen et al. [125] . .
Mahmoud et al. [126] . .
Rahman et al. [127] . ° . ° . .
Xu et al. [128] . .
Kovacs et al. [129] . .
Barmadaetal. [130] e . . .
Son et al. [131] ° . °
Zhang et al. [132]
Fujita [133]

Fujita [134]
Zhelyeznyakov et
al. [135]

Chen and Dal . . . .
Negro [136]

Liu et al. [137] . °
Fujita [138] . .
Wang et al. [15] .
Dodge et al. [139] ° .
Zheng et al. [140] .
Medvedev et al. [141] . . .
Wu et al. [142] .
Tosun et al. [143] .

Lietal. [144] .
Fujita [145] .
Zhang et al. [146] . .
Wan et al. [147]
Rutigliano et al. [148]
Qiao et al. [149]

Xu et al. [150] .
Wang et al. [151]
Riganti et al. [152]
Qin et al. [153]
Qu et al. [154]

Su et al. [155]

Hu et al. [156]
Fan et al. [157]
Barmada et al. [158] . .
Zhu et al. [159] .

Shaviner et al. [160] . .
Wang et al. [161]
Sun et al. [162] .
Mo et al. [163] . .
Sun and Xv [164]

Continued on next page

s). Distributed under a Creative Commons CC BY license.



https://doi.org/10.20944/preprints202604.0679.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 10 April 2026 d0i:10.20944/preprints202604.0679.v1

26 of 36
Table A1. Cont.
Physics Regime Dimens. Med. Network Architecture Learn. Par.
on g 4 3 " a § ]
s £ = el @
- [} 12} o =1 = [3}
2 2 £ % £ a0 3 % Z 2 5% 228 =5 oLt
o o o =] o] — ~ %) &b o Z Z 7 Z ) Z [ = o, 5 3}
£ % £ 2 g g E = 0 g ® g LU g < F 3 .
2T B £ £ 2 g 5 8 5 2 3 &
S B B g g T E a < £ 5 5
s 55 =) — le) n
Rigoni et al. [165] . . . ° . .
Toghranegar et . . . . .
al. [166]
Zhu et al. [167] . . . . .
Kheir et al. [168] . . . ° . .
Rezende et al. [169] ° ° .
Lou et al. [170] . ° ° .
Brendel et al. [171] . ° ° . .
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