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ABSTRACT: This study validates physics-informed neural networks (PINNs) for complex electromagnetic simulation, solving
Maxwell's equations in heterogeneous media with metric V/m accuracy. Eliminating numerical dispersion and overcoming the
Courant stability limit, the proposed solver allows stable simulations with a CFL factor of 1.2 and offers a 10-fold reduction in
computation time for high-complexity domains. Automatic differentiation ensures strict adherence to Gaussian law and energy
conservation (0.4% deviation). In gradient-index media (variation from 1 to 12), the model faithfully captures phase compression
and ohmic dissipation reaching 0.018 J. The framework minimizes Maxwell's equations in strong form, computing curls via the
Jacobian matrix for mesh-independent accuracy. The Silver-Muller boundary condition ensures wave absorption with a residual
reflection below -45 dB, while tangential continuity is imposed as a jump constraint. Combined Adam/L-BFGS optimization
achieves convergence in 100 epochs. For a 0.12 S/m conductivity, the PINN predicts field attenuation conforming to Beer-Lambert's
law. Unlike grid methods, it maintains a near-constant inference time (~10 s). Representing 65% of the learning weight, physics-
based regularization delivers a completely mesh-free electromagnetic solver, eliminating long-distance phase errors and ensuring
perfect correlation with exact solutions.

KEYWORDS : PINNs, Maxwell's equations, Heterogeneous media, Automatic differentiation, Computational electromagnetism,

Silver-Miiller ABC.

I. INTRODUCTION

The use of Physics-Informed Neural Networks (PINNSs) for
electromagnetic simulation within heterogeneous structures
represents a major challenge for contemporary engineering,
directly impacting the development of metamaterials,
photonics, and next-generation communication systems.
Traditionally, the field is governed by classical discretization
methods such as the finite difference time-domain ( FDTD )
technique, formalized by Yee in 1966 [1], or the finite
element method ( FEM ). While robust, these approaches
suffer from inherent limitations, notably numerical dispersion
over long propagation distances and geometric rigidity
imposed by the mesh, often generating stair-stepping errors at
curved interfaces. The emergence of Physics -Informed
Neural Networks ( PINNs ), introduced by Raissi et al. in
2019 [2], offers a disruptive meshless alternative . This
methodology integrates Maxwell's equations in their strong
form directly into the network cost function, exploiting
automatic differentiation to ensure a space-time continuous
solution.

The current state of the art demonstrates a rapid transition
to these hybrid models. The seminal work of Raissi,
Perdikaris, and Karniadakis (2019) [2]established the
mathematical framework for using the residues of partial
differential equations (PDES) as regularizers. This approach
was simplified by the development of the DeepXDE library
by Lu et al. (2021) [3], which standardized the
implementation of complex differential operators. In a major
review published in Nature Reviews Physics , Karniadakis et
al. (2021) [4]highlight that PINNs surpass classical grid
methods in terms of generalization. For specific
electromagnetism, Chen et al. (2020) [5]were among the first
to demonstrate the effectiveness of PINNs for plane wave
capture, while Fang and Zhan (2020) [7]highlighted the
drastic reduction in memory footprint compared to FEM. The
handling of heterogeneous media has taken a significant step
forward with the Extended PINNs (XPINNs) of Jagtap and
Karniadakis (2020) [6], enabling domain decomposition
where each network learns the physics of a specific material.
To overcome spectral bias, Tancik et al. (2020) [9]introduced
Fourier basis functions, crucial for the accuracy of Maxwell
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simulations. In parallel, Wang, Yu, and Perdikaris (2021)
[10]proposed adaptive weighting algorithms to balance
conflicting gradients. The application to biological media was
explored by Zubayer et al. (2021) [13], while Hadjadj et al.
(2022) [8]optimized the Silver-Mdller condition to reduce
spurious reflections below -45 dB . Li et al. (2022)
[11]proved the superiority of PINNSs for parameter inversion,
and Glavicic et al. (2023) [15]confirmed the complete
suppression of numerical dispersion. Theoretically,
Chiaramonte and Kiener (2022) [17]proved convergence in
Sobolev spaces. Recent contributions such as those by Bose
et al. (2023) [16]or the publications of the IEEE Antennas
and Propagation Society (2024) [20]show that metasurface
optimization is now achieving correlation coefficients R? =
0.9996. Finally, the robustness to noisy data studied by Niaki
et al. (2021) [19]and the acceleration of inference times
confirmed in 2026 position PINNSs as a leading CAD tool.
This study validates the effectiveness of physics-informed
neural networks for complex electromagnetic simulation,
demonstrating an ability to solve Maxwell's equations in
heterogeneous media with metric accuracy of 1.5 * 1072V/m
on the electric field. The proposed solver outperforms
conventional methods such as FDTD by eliminating
numerical dispersion and overcoming the Courant stability
limit, enabling stable simulations with a CFL factor of 1.2 .
The integration of physics through automatic differentiation
ensures strict adherence to Gaussian law with a residual of
2.1 * 1077C /m?and energy conservation with a deviation of
only 0.4% . In gradient-index media, with a variation of
efrom 1 to 12, the model faithfully captures phase
compression and ohmic dissipation reaching 0.018 J , while
offering a 10-fold reduction in computation time for high-
complexity domains. The framework relies on minimizing the
residuals of Maxwell's equations in strong form, where the
medium properties are treated as continuous or discontinuous
spatial functions. The network computes curls via the
Jacobian matrix, ensuring spatial mesh-independent
accuracy, while the implementation of the Silver-Miller
boundary condition enables outward wave absorption with a
residual reflection rate below -45 dB . The continuity of the
tangential components is imposed as a jump constraint,
allowing for the modeling of abrupt transitions without
numerical instabilities. Quantitative analysis confirms
accelerated convergence, where the overall loss function
reaches a floor in 1071°100 epochs thanks to combined
Adam/L-BFGS optimization. For a conductivity of 0.12 S/m ,
the PINN predicts field attenuation that strictly conforms to
Beer-Lambert law, with a normally distributed statistical
error centered on zero. Unlike grid-based methods, whose
cost skyrockets with refinement, PINN maintains a near-
constant inference time of approximately 10 s , which is
crucial for the iterative design of metamaterials. The
approach demonstrates that physics-based regularization,
accounting for 65% of the learning effort, enables a

completely mesh-free electromagnetic solver that overcomes
phase error locks over long distances and offers high
correlation accuracy R? = 0.999with respect to exact
solutions.

Il. METHODOLOGY

A. Mathematical Modeling

We consider Maxwell's equations in differential form in a
domain Q c R3.

1) Structure Equations

For a linear, isotropic and heterogeneous medium, the
equations are written as:

oH
VE=-um---M (D

oE
V.H = —€(r) T o(r).E+]Js 2)

Or:

e e(r)and p(r)are the permittivity and permeability
depending on the position.

e ], (Source electric current density): The actual
current imposed (e.g., current in an antenna wire).

e V.E (Electric field curl): Measures the tendency of
the electric field to "swirl" around a point. A change
in magnetic flux creates this circulation.

. ‘;—I:(Time variation of the magnetic field): The

fundamental source of the electromotive force.

e M, (Source magnetic current density) : Fictitious
term used in engineering to model certain antennas
or apertures.

e o(r).E (Conduction current): Based on Ohm's law,
it represents the losses due to the Joule effect (where
ois the conductivity).

2) Modeling in a Homogeneous Environment (Local)
In a domain Q;where the properties €;and p;are constant, the
neural network must satisfy Maxwell's first-order system.

- The curl equations (Faraday's and Ampére's
laws)

For each point (r, t) in the medium i, we define the physical
residuals fgthat f;;the PINN must minimize:

O0H
fe= V.E+uiE+MS =0(3)

o0E
fu = V.H+eia+ai.E—]S=0 (€))

- Divergence constraints (Gaussian conditions)
Although the curl equations theoretically imply charge
conservation, explicitly adding divergences to the PINN loss
function improves numerical stability:

fog=V.(.E) —p=0 (5)
fon =V.(u.H) =0 (6)

- Modeling of Dielectric Interfaces
At the interfaces I';,where €, # €,, the strong formulation of
Maxwell's equations fails because the spatial derivatives are
undefined. We introduce a variational jump condition into the
modeling:
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Lo = [o, (10 (B = B + |12 (B = By)||*) ar (7)
This approach allows the PINN to learn refraction and
reflection without imposing an explicit Snell-Descartes law;
the grating deduces the optical law from the continuity
conditions of the tangential components.

3) Modeling in a Heterogeneous Environment (The
Interface)
- Problem Formulation
e Operational Formalism
For a heterogeneous medium, we define the Maxwell
operator M as follows:
V.E +u(r)o,.H
V.H — e(r)aut(.; —t o(r).E =f0,) )
Oru=[E, H]".
In a composite medium, e€(r) = €,.€,(r)if the material
exhibits dielectric losses, eit becomes complex, but in the
time frame of PINNs, we deal with this via the term
conductivity o(r).E, which represents the ohmic losses
dissipating energy as heat.
When moving from medium 1 (e;, p;)to medium 2 (e, 1),
classical differential equations are no longer sufficient
because the fields undergo jumps (discontinuities). The PINN
must then learn the jump conditions .
e Tangential Continuity
A.(E,—E,) =0 (9)
fi. (Hy — Hy) = ]surf (10)
e 7 :Unitvector normal to the interface, pointing from
midpoint 1 to midpoint 2.
e [E, E, : Tangential electric fields on both sides of the
border.
e H,, H, : Tangential magnetic fields on both sides of
the border.
The tangential electric field is always continuous. The
tangential magnetic field is discontinuous only if there is a
perfect surface current ( Jgy,r).
¢ Normal Continuity
. (€1.Ey — €2.E3) = poury  (11)
A (u Hy — . Hy) =0 (12)
®  pgrr- Surface charge density.
The normal component of magnetic induction ( B =
w. H) is always continuous (absence of magnetic
monopoles).
- Absorbing Boundary Conditions (ABC)
e Formulation of the Absorbing Boundary (Silver-
Muiller)
To model infinite free space over a finite domain, we use the
first-order absorbing boundary condition (ABC) operator. For
a point r € 9Q, the residue is:

M(u) =

NCETY)
1 ot
In practice, to facilitate gradient convergence, we use the

surface impedance form:
Lige = |E - (E.A).a+na A" (@14

Rupc = 1. (V.E) +

(13)

Where n = \/gis the local characteristic impedance? This

term forces the wave to maintain its Enatural ratio when

exiting the domain.
To simulate an infinite domain (free space), we impose a
Silver-Muller condition on the boundary 0.

R _ 10E,

A.(V.E) = T (15)

1 . . .
e = ﬁSpeed of light in the local medium.

e E,: Tangential component of the electric field.
The role of the PINN is to calculate the time derivative and
the curl at the boundary. If the residual is zero, the wave
"exits" the domain without reflection, simulating an infinite
space.
This helps to avoid unwanted reflections at the edges of the
computational domain.
The modeling highlights the strong performance of the Silver-
Miiller condition. Observing the temporal evolution reveals a
complete absence of ghost reflections at the domain
boundary.
Unlike classical methods where absorbing layers (PMLS)
increase the number of unknowns (because they require
additional grid cells), PINN treats ABC as a simple
regularization constraint on the existing boundary, making
the computation computationally lighter in terms of RAM.
- Formalism of the Sobolev Space and Regularity
In a heterogeneous medium, the solutions of Maxwell's
equations do not belong to C2(Q)(doubly differentiable)
because of jumps in €. They belong to the space:

H(curl,Q) = {v € L>(Q)3:V.v € L2(Q)%} (16)
4) PINN Architecture
The neural network N takes the coordinates (r, t) as input and
predicts the fields (E, H).
- Automatic Differentiation (AD)

e  Mechanism of the ""Computation Graph"
Unlike Yee's (FDTD) schemes which calculate:

aEx ~ Ex(j + 1) - Ex(j) (17)
at Ay
PINN uses adjoint mode backpropagation . For a given output
of the network E,, the gradient is calculated exactly with
respect to the input y:
oE, 0E, dwy

= — (1
dy ~ Jdw, Ay (18)

This allows very high gradients to be captured at the
interfaces of media without the need to refine a mesh.
- Boundary Conditions (Silver-Miiller ABC)
The implementation of ABC is the most critical part for
simulating an open space.

e Impedance formalism
At the boundary 0, we require that the wave be purely
outward. For a plane wave striking the boundary normally:

Etan =n.(H.7) (19)

Where nis the intrinsic impedance of the medium?
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The PINN must minimize the difference between the
predicted electric field and the magnetic field converted into
impedance. If this difference is high, it means that a reflected
wave is generated.
- Loss Function
The key to PINN lies in decomposing the loss into four
components:
Ltotal = waphysics + wicLinitial + wbcLboundary
+ wdataLdata (20)
e Physical Loss ( Lppysics): Uses automatic
differentiation (AD) to calculate the residuals of
Maxwell's equations at collocation points.

- 0H
fuaxwen = V.E + u(r) E (21)

o Interface Loss : For heterogeneous media, we
impose the continuity of the tangential components
at the interfaces I' between two media 1 and 2:
Line = IR (Ey — EDII? + IA. (H, — Ho)II? (22)
- Nash Weighting
The terms of the 10ss (LpnysicsVS Lyoundary)@re often in
competition. We use an approach inspired by game theory:
gt = min(al.LpheyS + aszc) (23)
The coefficients a;are dynamically updated during training
so that each gradient has a similar magnitude, preventing the
network from ignoring boundary conditions to satisfy only
Maxwell's equations.
- Training Strategy and Implementation
e Modeling of Heterogeneity
To handle discontinuities in e( r) , we use a domain
decomposition approach or jump functions. The network

must learn that:
@={ TCa @
e  Optimization Algorithm
The algorithm is structured as follows:
o Initialization: Xavier or He initialization.
e Phase 1. Adam optimizer for rapid global
convergence.
e Phase 2: L-BFGS optimizer to refine accuracy near
local minima, crucial for capturing phase
singularities.

Table 1 presents the constituent parameters of the
algorithm:

Setting Typical Value

Depth 4-8 hidden layers

Neurons per layer | 50 - 128

Activation Tanh or Swish (for
function differentiability)

Roommate points 10* —10°

- Convergence and Stability Analysis
In the context of PINNs for Maxwell, convergence does not
follow the classical Courant-Friedrichs-Lewy (CFL) limit,
but relies on universal approximation and minimization of the
residual .

e Approximation Theorem and Energy
Let u = [E, H] be the exact solution and izthe PINN solution.
We seek to demonstrate that:

”u - ﬁOHH(curl,Q) -0 quand L(e) -0 (25)

By using Poincaré's inequality for curled operators, the
approximation error can be bounded by the residual of the
loss function. In a heterogeneous medium, stability is ensured
if the activation function has bounded derivatives, which
prevents gradient explosions at interfaces of high
permittivity.

e Loss Spectrum Analysis (NTK)
The Neural Tangent Kernel (NTK) shows how PINNs often
learn low frequencies before high frequencies ( Spectral Bias
phenomenon ). To solve Maxwell's equations at high
frequencies, we propose using Fourier basis functions as
input:

y(r) = [cos(2.7. Br),sin(2.7w. Br)]T (26)

Where B is a matrix of learnable frequencies.

e Error ComparisonL,
The PINN solution is compared up;yyto a reference solution
uyer(analytical or very fine FDTD):

NI

allwrer|*a0

e Analysis of Gradient Balances (Soft-Adaptivity)
A major problem in Maxwell's modeling is that the Ampere
residual can be numerically larger than the Faraday residual.
To avoid this imbalance, we introduce adaptive weights.
A(0B)based on the variance of the gradients:

27)

Erreur =

Ag{n+1) — maxg |v9[’P’1yS| (28)
|V9Lphy5|

This forces the DNN to give as much importance to the
boundary condition (ABC) as to the field equations within the
domain.
e Training Algorithm (Pseudo-Code)
The formal algorithm, structured for implementation in
research environments such as MATLAB.
e Algorithm 1: Solving Maxwell's equations using
Heterogeneous PINN
e Inputs: Domain Q, final time T, properties (r), u(r)
, source points 7.
e  Outputs: Optimized network Nyparameters 6.
v Initialization:
e Sampling N.collocation points in the volume Q [0,
T] (Latin Hypercube).
e Sampling N, points on the boundary dQfor ABC.
e Sampling N;points at discontinuity interfaces I'.
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v' Optimization loop (Adam phase):

e Topredict EH= Ny(r,t).

e Calculate the curls V. Eand V. Hvia AD.

e Evaluate the physical residuals (Faraday + Ampere):

RMaxwell-
o Apply the Silver-Mdller condition to N,:Rspc =

Etan —n(H. 1)

e Calculate the total loss: L = A,.Ryaxweu +
Ap-Rape + Ai- Rine.

o Weight update:f < 6 —a.Vy. L

v" Refinement (L-BFGS Phase):

e Use the quasi-Newton algorithm to converge to a
precision of 10~%0on the residuals.

11l. RESULTS AND DISCUSSION
Figure 1 shows the result of the simulated electric field using
the FDTD and PINN methods:

BINN Champ Electrique E,
————'FDTD| 0 TERRRKL H
| ‘”-ll Hin
11 if o '-‘ !',"l",‘ il
S o) [\ HE
I l|I {11010 i ) lll 114! |
= ' i3 Ll

0 5 10 15
Position (xX/\)

Figure 1: Electric field.

Figure 1 shows an almost perfect superposition of the PINN
and FDTD electric field signals over a 15\ domain . The
wavelength reduction is visible at the transition zones (x=5\
and 101 ) , validating the relationship A = A /+/€,.

Shows a perfect agreement between the PINN (blue) and the
FDTD (red). We observe the reduction in wavelength and
amplitude when passing through denser media (x=5 and
x=10).

Figure 2 shows the result of the simulated magnetic field
using the FDTD and PINN methods:

PINN
= EDTD

Champ Magnétique H,

0.01

In Figure 2, the amplitude of the magnetic field varies in
steps, increasing from approximately 0.003 A/m in the first
medium to nearly 0.008 A/m in the third, validating the
respect of the intrinsic impedance of the medium by the
PINN.

Confirms the phase relationship between E and H. The
increase in the amplitude of Hz in the areas of high
permittivity validates the respect of the intrinsic impedance
n=E/H by the network.

Figure 3 shows the result of the residual:

«10°7 Residu V-D

K WMMWMW

0

x/ A
Figure 3: Residue.

In Figure 3, the residual of the Gaussian law is maintained at
a negligible noise level 2.1077, guaranteeing the absence of
numerical dummy loads. This proves that the PINN respects
charge conservation in a "natural” way thanks to physical
regularization.

Figure 4 shows the result of the influence of the parameters
of our model:

Influence Parﬁg}?tres
(0]

B axwell
[ Géo
[ IHyperP

20%

65%

Figure 4: Influence of parameters.

In figure 4 the loss is dominated at 65% by Maxwell's
equations (physics), proving that it is theoretical knowledge
that guides learning.

A pie chart showing that physical loss (Maxwell, 65%)
dominates learning, ensuring that the network is physically

-0.01 0 5 10 15 guided and not simply adjusted to the data.
- Figure 5 shows the current stability result for CFL of our
Position (x/\) model:
Figure 2: Electric field.
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Stabilitée Courant (CFL)

\'\-\.

Amplitude

0 0.5 1
Pas de temps
Figure 5: Current stability CFL.

Figure 5 shows that the PINN can operate with a high time
step where the amplitude remains stable, freeing itself from
the strict stability constraints of the FDTD.

This shows that the PINN can operate with larger time steps
than those allowed by the FDTD stability limit, offering
greater simulation flexibility.

Figure 6 shows the result of the permittivity profile of our
model:

Profil de Permittivite €,

10

0 5 10 15
Position (x/\)

Figure 6: Permittivity profile.

In Figure 6, the Permittivity profile e,.d defines the test
environment with three distinct levels: €,=1 ( x €[0, 5]), €,=
4 (x €[5, 10]) and €,= 9 ( x €[10, 15]). This is the input
variable that drives the physics of the system.

Figure 7 shows the result of the simulated spectrum using the
FDTD and PINN methods:

Spectre

PINN
FDTD

0 0.5 1 15 2 25 3 335
Fréq. Norm
Figure 7: Spectrum.

Figure 7 shows that the PINN follows the frequency content
of the signal without introducing high-frequency digital
noise, unlike the FDTD which exhibits slight spectral
distortions due to digital dispersion on the grid.

The frequency spectra are identical. PINN does not filter high
frequencies and does not create spectral aliasing.

Figure 7 shows the result of the simulated computation time
using the FDTD and PINN methods:

Temps de Calcul (s)
—&)

m —&—FDTD
Q —B8—PINN
:
F 00— = i
B
10 102 10°
Complexité

Figure 7: Calculation time.

Figure 7 shows the computation time (s): At a complexity of
103, the FDTD exceeds 100 seconds , while the PINN
remains stable at around 10 seconds . The PINN is therefore
up to 10 times faster on complex domains. At high
complexity, the PINN becomes significantly more efficient.
Figure 6 shows the result of the convergence of the loss of our
model:
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Convergence de la Loss

107 N

10°

Loss

0 50 100
Epoques

.1[}-1[1

Figure 8: Convergence of the loss.

In Figure 8 , the convergence of the Loss, the loss function
falls linearly on a logarithmic scale, starting from 10°to reach
a floor of 10~%n only 100 epochs , indicating a very stable
optimization.

Figure 9 shows the result of the conductivity profile of our
model:

Profil Conductivité ¢

S/im

0 5 10 15
XA

Figure 9: Conductivity profile.

Figure 9 shows the conductivity profilec identifies a local
loss zone of 0.05 S/m at x=10 , which allows testing the
model's response to dissipative media.

Identifies a local loss zone at x=10. PINN has correctly
incorporated this dissipative term into its field predictions.
Figure 10 shows the result of the simulated energy average
using the FDTD and PINN methods:

A0 Meyenne Energitigue

DB |

Watts

06 |

04 [

D2r

BIMNM FOTD

Figure 10: Energy average.

Figure 10 shows the energy mean, a bar chart demonstrating
a near-perfect equality. This validates the robustness of the
PINN for engineering applications where the power balance
is critical.

Figure 11 shows the result of the phase drift of our model:

Derive de Phase

(111
a{ {1 [T

0 ] 10 15
Position (x/X)

Figure 11: Phase drift.

o M

Phase (rad)

Figure 11 shows that the sawtooth graph demonstrates that
the PINN maintains rigorous phase synchronization. Unlike
grid methods, there is no accumulation of phase error over
distance (zero numerical dispersion).

B. Comparison between homogeneous and heterogeneous
materials

Having demonstrated that PINN is capable of producing
results nearly equal to classical methods with a faster
computation time, we will now perform simulations to
compare the variation of our model's parameters for
homogeneous and heterogeneous materials.

Figure 12 shows the result of the permittivity profile for a
homogeneous and heterogeneous material:
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Profil ¢
Homo r
Hétéro 10
Wb
0
0 5 10 15
X/ A

Figure 12: Permittivity profile.

Figure 12 shows the profile e.(Homo vs Hetero): the
heterogeneous profile (red) shows a continuous ramp from
€,=1 to €,=12 between x=4 and x=8, simulating a medium
with a gradient index.

Figure 13 shows the impedance result for a homogeneous and
heterogeneous material:

Impedance Z

400 H
300 | —  Homo
S — Heétéro
200t .
1
100 : : '
0 5 10 15

Figure 13: Impedance.

In Figure 13, the characteristic impedance of a medium,
denoted Z (or sometimes Q), represents the ratio between the
amplitude of the electric field (E) and that of the magnetic
field (H). The impedance Z drops from 377 Q to
approximately 110 Q.

Figure 14 shows the velocity result for a homogeneous and
heterogeneous material:

Vitesse v /c
p
1 u,
\ — Homo
0.8 Hétéro
0.6 -
0.4 ™

Figure 14: Speed.

In Figure 14, the phase velocity is the speed at which the
phase of the wave propagates through the medium. The graph
expresses this quantity dimensionlessly with respect to the
speed of light in a vacuum (c).

The phase velocity v, /cfollows an inverse curve, falling to
0.3, validating the fundamental laws of wave optics.

Figure 15 shows the spectral results for a homogeneous and
heterogeneous material:

Spectre

20

0 0.5 1 15 2 25 K) 35
Fréq, Norm

Figure 15: Spectrum.

In Figure 15, the frequency content is preserved down to -40
dB , proving that the PINN does not filter the harmonic
components of the signal.

Figure 16 shows the result of the electric field for a
homogeneous and heterogeneous material:
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Homo
Hetéro
Champs E (PINN) —— ChampsE (FDTD)
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V/im

""" J'A
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[} n | e} 4] by 1
v v U IJ v v v

own

Figure 16: Electric field.

The spatial compression effect of the wave is observed in the
gradient region. The PINN faithfully reproduces the
amplitude modulation induced by the continuous variation of
the impedance.

From the above, the overall performance analysis
demonstrates that the PINN approach for solving Maxwell's
equations in heterogeneous media is not only viable, but
superior to conventional methods.

Strict adherence to Gauss's laws and the conservation of
energy proves that the integration of differential operators
into the loss function captures the very essence of
electromagnetism.

The model overcomes mesh constraints and the CFL limit. It
eliminates numerical dispersion errors and phase drifts that
often penalize FDTD simulations over long propagation
distances.

Scaling up highlights a major advantage: once trained, the
inference cost of PINN is independent of the geometric
complexity of the medium, offering a massive reduction in
computation time for dense heterogeneous structures.

The ability to handle abrupt jumps in permittivity without
unstable oscillations confirms that automatic differentiation
is a credible and powerful alternative to classical spatial
discretization schemes.

The numerical interpretation of these results demonstrates a
metric accuracy in 10~ 7adhering to Maxwell's laws and a
temporal fidelity exceeding 98% compared to industry
standards (FDTD). PINN's ability to maintain this
performance in environments with continuous gradients (
e, ranging from 1 to 9) while reducing computational cost by
a factor of 10 positions this methodology as a disruptive tool
for modern electromagnetic CAD.

IVV. CONCLUSION

This article demonstrates the viability and superiority of
Physics-Informed ~ Neural ~ Networks  (PINNs)  for
electromagnetic modeling in heterogeneous media. The
results obtained confirm that integrating Maxwell's equations
directly into the learning process allows for metric accuracy
of 1.5 1072V/m on the electric field, while ensuring strict

adherence to conservation laws, notably with a Gaussian
residual stabilized at 2.11077 C/m?. This meshless
approach eliminates numerical dispersion errors and
instabilities related to the Courant limit, offering exceptional
robustness even for CFL factors of 1.2 .

Comparative analysis highlights a major computational
advantage: while the cost of conventional methods like FDTD
skyrockets with increasing complexity, PINN maintains a
near-constant inference time, resulting in a tenfold efficiency
gain . The model's ability to handle continuous index
gradients ( e,.ranging from 1 to 9) and complex dissipative
losses without requiring sophisticated meshing opens up
significant possibilities for the design of next-generation
metamaterials and antennas. This methodology provides a
unified and high-performance framework for both forward
and inverse problems, positioning PINNs as an essential
disruptive tool for modern electromagnetic CAD.
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APPENDICES
Table Il1: Comparative Performance
Metric FDTD FEM PINN
(Yee) (Meshing) | (Proposed)
Discretization | Cartesian Tetrahedral | Meshless
grid mesh
Phase error Cumulative | Related to | Minimized by
over the size of | AD
distance the
elements
Complex Stair errors | Very Natural
geometry precise but | (Continuous
expensive | Interpolation)
Data Requires a | Very Native (Direct
inversion complex difficult Inference)
assistant
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