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ABSTRACT: Accurate modeling of millimeter-wave (mmWave) and terahertz (THz) electromagnetic wave propagation is crucial for
analyzing and designing emerging high-frequency wireless systems at an early stage. Conventional parabolic equation (PE)-based models
offer high computational efficiency but suffer from reduced accuracy at mmWave/THz frequencies owing to material losses, fine-scale
scattering, and complex non-line-of-sight (NLOS) interactions. Although purely data-driven approaches are flexible, they often lack
physical consistency and generalization capability. This study proposes an Al-enhanced parabolic equation (AI-PE) framework that
integrates a wide-angle PE solver with a neural-network-based residual correction model. The Al component learns systematic PE
prediction errors associated with frequency-dependent attenuation, diffraction, and scattering while preserving the underlying physical
structure of the wave model. Validation was performed against full-wave and ray-tracing reference solutions in representative indoor
corridor and urban microcell scenarios. The numerical results at 28, 60, and 140 GHz demonstrate a 25-40% reduction in the path-loss
prediction error, improved statistical agreement of the RMS delay-spread estimates, and over 50% reduction in the computational cost
compared with deterministic ray tracing. The energy conservation and phase continuity of the corrected fields were explicitly verified.
The framework was primarily validated for interpolation within the trained frequency range and demonstrated robust performance across
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structured propagation environments.

1. INTRODUCTION

ccurate modeling of electromagnetic wave propagation in
Acomplex indoor-outdoor environments is a critical require-
ment for next-generation wireless communication systems op-
erating in the millimeter-wave (mmWave) and terahertz (THz)
frequency bands. These high-frequency regimes are widely
recognized as key enablers of sixth-generation (6G) wireless
networks, supporting applications such as ultra-dense access
networks, high-capacity short-range backhaul, and seamless
indoor-outdoor connectivity [1-3, 16,25]. Early studies con-
firmed the feasibility of mmWave cellular communications
while highlighting fundamental propagation challenges, in-
cluding severe path loss, sensitivity to blockage, and limited
diffraction [1]. Subsequent investigations extended these con-
cepts toward sub-THz and THz frequencies, revealing both un-
precedented bandwidth potential and increasingly harsh prop-
agation conditions caused by molecular absorption, material
penetration losses, and surface roughness effects [2, 3, 15, 19].
A variety of propagation modeling techniques have been
proposed to address these challenges. Full-wave numerical
solvers (e.g., finite-difference time-domain (FDTD), finite ele-
ment method (FEM)) provide reference-level electromagnetic
solutions but are computationally prohibitive for large-scale en-
vironments involving buildings, corridors, and urban micro-
cells [6]. Deterministic ray-tracing approaches have therefore
been widely adopted in mmWave channel modeling and stan-
dardization activities [7,10,11]. However, their reliance on
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simplified interaction models and highly accurate geometric de-
scriptions limits their ability to capture diffraction-dominated
effects and transitional indoor-outdoor propagation phenom-
ena [9-11, 13].

Among reduced-order wave-based methods, the parabolic
equation (PE) approach has long been recognized for its
computational efficiency and capability to model forward-
propagating electromagnetic waves while capturing diffraction
effects [4,5]. Despite these advantages, conventional PE
formulations encounter increasing limitations at mmWave and
THz frequencies. The underlying approximations degrade in
the presence of strong frequency-dependent material losses,
electrically small scatterers, surface roughness, and complex
non-line-of-sight (NLOS) multipath interactions that are
prevalent in realistic indoor and urban scenarios [12-16].
Indoor-outdoor transition regions further exacerbate these
limitations, often leading to systematic prediction errors when
classical PE results are compared with full-wave simulations,
ray-based models, or measurement data above 30 GHz [13-16].

In parallel, data-driven and machine learning techniques
have attracted significant attention in wireless channel mod-
eling. Deep learning methods have demonstrated promising
performance in mmWave beam selection, blockage prediction,
and channel parameter estimation [8,17]. More recent stud-
ies have explored Al-based propagation map reconstruction
and channel prediction using simulated or measurement-driven
datasets [18,20-22]. While these approaches can achieve high
accuracy within trained scenarios, they often lack physical in-
terpretability, exhibit limited generalization to unseen environ-
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ments, and require extensive retraining when system parame-
ters or geometries change [17,21].

These observations reveal a clear research gap. Existing ap-
proaches largely fall into two disconnected categories: physics-
based propagation models that provide physical insight but suf-
fer from reduced accuracy at mmWave and THz frequencies,
and purely data-driven models that offer flexibility but lack
physical consistency and robustness. Although recent hybrid
physics-Al methods have begun to emerge [23, 24], most exist-
ing efforts focus on ray-based models or environment-specific
corrections and do not explicitly integrate wave-based PE mod-
eling with Al-assisted refinement. Consequently, there remains
a lack of scalable hybrid frameworks that preserve the physi-
cal structure of the parabolic equation while leveraging artifi-
cial intelligence to improve accuracy in mmWave/THz indoor-
outdoor transition scenarios.

To address this gap, this paper proposes an Al-enhanced
Parabolic Equation (AI-PE) framework for mmWave/THz
indoor-outdoor propagation modeling. The proposed approach
integrates a wide-angle PE solver with a neural-network-based
correction model that learns to compensate for systematic PE
residual errors arising from frequency-dependent attenuation,
scattering from electrically small objects, and complex NLOS
multipath interactions. By embedding data-driven refinement
within a physics-based propagation model, the proposed
framework maintains physical consistency while significantly
improving prediction accuracy and computational efficiency.

The proposed AI-PE framework is trained and validated
within a bounded mmWave-sub-THz frequency range, and its
accuracy is therefore established primarily for interpolation
within the trained frequency span rather than unrestricted ex-
trapolation. Extrapolation beyond the trained frequency range
is not claimed.

1.1. Related Works

Propagation modeling for mmWave and THz wireless sys-
tems has been extensively studied using both physics-based
and data-driven approaches. Full-wave solvers (e.g., FDTD,
FEM) provide highly accurate electromagnetic solutions but
are computationally infeasible for large-scale environments,
such as extended indoor corridors or urban microcells [6].
Deterministic ray-tracing methods have therefore been widely
adopted in mmWave channel modeling and standardization ef-
forts [7, 10, 11]. However, their reliance on simplified interac-
tion models and precise geometric descriptions limits their ac-
curacy in diffraction-dominated or transitional indoor-outdoor
scenarios [9-11, 13]. Reduced-order wave-based approaches,
such as the PE, offer computational efficiency and the ability
to capture diffraction effects [4, 5], but their accuracy degrades
at high frequencies due to material losses, surface roughness,
and scattering from electrically small objects [12—16].

In parallel, machine learning techniques have been increas-
ingly applied to wireless channel modeling. Neural networks,
kernel-based methods, and instance-based approaches have
been explored for tasks such as beam selection, blockage pre-
diction, and channel parameter estimation [8, 17, 18,20-22].
Alternative machine learning methods, including K-nearest
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neighbors (KNN) and support vector machines (SVM), were
also considered in the context of propagation modeling. How-
ever, these methods exhibit limited scalability and reduced ef-
ficiency when applied to high-dimensional, spatially correlated
electromagnetic field data generated by PE simulations. In con-
trast, neural networks offer superior capability in learning non-
linear mappings, efficient handling of large datasets, and rapid
inference once trained. These properties make neural-network-
based models particularly suitable for correcting systematic PE
residual errors in mmWave and THz propagation scenarios.

Recent hybrid physics-Al approaches have attempted
to combine physical modeling with data-driven refine-
ment [21,23,24]. Physics-informed neural networks and
hybrid ray-tracing plus Al frameworks have demonstrated
improved prediction accuracy while embedding physical
constraints into the learning process. However, most of these
efforts remain focused on ray-based models or environment-
specific corrections, and few explicitly integrate wave-based
PE modeling with Al-assisted refinement. Moreover, existing
studies rarely address critical aspects, such as interpolation
versus extrapolation limits across frequency bands, valida-
tion against multiple reference solvers rather than absolute
measurements, or physical consistency checks (e.g., en-
ergy conservation and phase continuity) when Al modifies
electromagnetic fields.

To position the proposed AI-PE framework relative to ex-
isting methods, Table 1 summarizes representative state-of-
the-art approaches, including full-wave solvers [6, 14], ray-
tracing models [7,10,11], classical PE methods [4,5], Al-
only models [8,17,20,22], and recent hybrid physic-Al ap-
proaches [21,23,24]. The comparison highlights key criteria
relevant to mmWave/THz indoor-outdoor propagation, includ-
ing physical consistency, capability to capture diffraction and
NLOS effects, applicability to transition scenarios, computa-
tional complexity, and suitability for high-frequency operation.
As shown, the proposed AI-PE framework uniquely combines
the physical interpretability of PE with the adaptive correction
capability of neural networks, offering a scalable and computa-
tionally efficient solution for realistic 6G propagation environ-
ments.

1.2. Research Gap

Despite extensive progress in both physics-based and
data-driven channel modeling, several critical gaps remain
unresolved.  Full-wave solvers and ray-tracing methods
provide reference-level predictions but are computationally
prohibitive for large-scale emerging high-frequency wireless
environments [6,7,10,11]. Classical PE approaches, while
efficient, suffer from systematic inaccuracies at mmWave/THz
frequencies due to material losses, scattering from electrically
small objects, and complex NLOS multipath interactions [12—
16]. On the other hand, purely Al-driven models demonstrate
flexibility and high accuracy within trained scenarios but lack
physical interpretability and generalization capability across
diverse environments [17,21].

Recent hybrid physics-Al approaches have attempted to
bridge these limitations [23,24]; yet most focus on ray-based
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TABLE 1. State-of-the-art comparison of recent (2021-2023) propagation modeling approaches for mmWave/THz channel.

Method Physics- Al- Diffraction Indoor-Outdoor mmWave/ Computational
Base Assiste & NLOS Transition THz Cost
Full-W:
iave v X v v v Very High
Solvers [6, 14]
Ray Traci
oy racing X X Limite Limite v High
[7,10,11]
lassical
Classica v X v Partia Limite Low
PE [4,5]
AI-Only Model
Ty Vlode's X v Data-dependent Data-dependent v Medium
[8,17,20,22]
Hybrid Ray +
yone tay X v Limite Limite v Medium-High
Al [21,23,24]
Proposed AI-PE v v v v v Low
models or environment-specific corrections. None explicitly 2. METHOD

integrate wave-based PE modeling with Al-assisted refinement
for indoor-outdoor transition scenarios. Furthermore, existing
studies rarely address critical aspects such as:

* Interpolation vs. extrapolation limits of Al models across
frequency bands.

* Validation against multiple reference solvers rather than
absolute measurements.

» Physical consistency checks (e.g., energy conservation,
phase continuity) when AI modifies electromagnetic
fields.

These gaps highlight the need for a scalable hybrid framework
that preserves the physical structure of PE while leveraging Al
to improve accuracy and robustness in realistic mmWave/THz
indoor-outdoor environments.

1.3.

* Development of a hybrid AI-PE propagation framework
that combines wide-angle parabolic equation modeling
with neural-network-based error correction.

Main Contributions

o Comprehensive  modeling and  evaluation  of
mmWave/THz indoor corridors and urban microcell
environments, including NLOS conditions and indoor-
outdoor transition scenarios.

* Quantitative validation of path-loss and multipath-related
delay metrics accuracy across multiple frequencies,
demonstrating substantial improvements over classical
PE models.

» Comparative analysis of computational efficiency, show-
ing that the proposed AI-PE framework achieves im-
proved accuracy relative to classical PE and competitive
performance relative to comparative reference models,
while retaining low computational cost suitable for large-
scale early-stage network planning studies.
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2.1. Overview and Justification of the Approach

The proposed method combines a wide-angle PE propagation
model with a neural-network-based correction framework. The
PE solver provides a physics-governed baseline by approximat-
ing solutions of the scalar Helmholtz equation under a one-way
forward-propagation assumption

V?E + k’E = (1)

where E is the complex scalar electric-field component (V/m)
(e.g., B, or E,); V?is the Laplacian operator in 2D or 3D space
(1/m3); k; is the wavenumber (rad/m), defined as k = 7 =,
A is the wavelength (m); w is the angular frequency 27 f (rad/ s)
f is the frequency (Hz); and c is the speed of light in vacuum

(m/s). By writing
E(z,2) =u(zx,z)e %, @)

and assuming that u(x, z) varies slowly along the propagation
direction, Equation (1) is reduced to the wide-angle PE form.
u(z, z) is the complex envelope of the electric field (V/m); :c z
is the horizontal () and forward range (z) coordinates (m), 6Z
is the forward marching rate of the field envelope (l/m) 5 1s
the transverse diffraction term; n(x, z) is the spatial refractlve
index distribution; and j is the imaginary unit (v/—1).

The equation is reduced to the wide-angle PE form:

ou

9z

j 0%u

2%k O paz Tk (0

z)=1)u A3)
where v’ is the intermediate field after free-space propagation;
Az is the propagation step size in the forward direction (m); F,
F ! are the Fourier transform and inverse Fourier transform;
k., is the transverse spatial frequency (rad/m) (Fourier domain
variable); and exp(-) is the complex exponential operator.
This physics-based model is well-suited for mmWave/THz
propagation, where diffraction, surface interactions, and direc-
tionality dominate. However, classical PE does not fully cap-
ture high-frequency scattering, wall roughness, material loss,
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or complex multipath. The electromagnetic material param-
eters and reference databases used to model these effects are
described in Section 2.8. The neural-network (NN) correction
model compensates for these nonlinear effects while retaining
the interpretability and efficiency of the PE.

Recent studies (2021-2023) have increasingly explored hy-
brid physics-Al and data-assisted channel modeling approaches
for mmWave and sub-terahertz systems, motivating the integra-
tion strategy adopted in this work.

2.2. Parabolic Equation Formulation

The wide-angle PE was discretized using the split-step Fourier
method (SSFM). Propagation over a small step Az is expressed
as:

1. Free-space evolution (spectral domain):

2
W@z tAz) — -1 {exp {—]:]';AZ] Fu (zvz)}} ’

“4)
where u(z, z + Az) is the field after full SSFM step, and
n(z, z) is the refractive index including material effects.

2. Refractive index/attenuation update (spatial domain):

A
u(z, 2+Az)=u' "2 exp ik (n* (z,2) — 1) 72 .
6)
Computational grid spacing was set to approximately:
A
Ar ~ — 6
L ©)

where Az is the spatial grid spacing (m), and X is the
wavelength at the highest simulation frequency to ensure
numerical stability at the highest simulated frequency.

A perfectly matched layer (PML) was used to eliminate non-
physical reflections, imposed via:

ou
% — —O0pML (n) u, (7)
where %Z is the normal derivative at boundary, opyy(n) the

PML absorption profile as a function of depth, and n the normal
coordinate into the PML (m).

Indoor and outdoor environments were encoded as spatial re-
fractive index maps:

o(x,z)
= r ) - ' 8
") \/ (@) -7 ®)
where ¢, (x, z) is the spatial relative permittivity, o(x, z) the

electrical conductivity map (S/m), and ¢g the permittivity of
free space (F/m). All material parameters (g,, o) were taken
from standard mmWave material databases to ensure repro-
ducibility.
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2.3. Data Generation and Ground-Truth Modeling
Ground-truth fields Fr(x, z) (V/m) were produced from:

e Full-wave solvers FDTD and FEM for smaller indoor re-
gions, solving

Vxpu ' (VXE)—w? E =0, )
where E is the vector electric field (V/m), ;x~! the inverse mag-
netic permeability tensor (H/m) !, and  the permittivity (F/m)
(complex for lossy materials).

Deterministic ray tracing was used for larger mixed environ-
ments, where the received field is given by

P
Bt = Z E e ks, (10)
p=1

where FEr is the reference field (V/m), £, the complex ampli-
tude of the p-th ray path (V/m), P the number of ray paths, and
7p the path length of the p-th ray (m).

Datasets include multiple types of walls (drywall, concrete,
glass), penetration losses, and human blockage modeled via:

Lok = Apexp (—acf), (11)

where Ajg is the low-frequency blockage constant (dB), and «
is the frequency decay coefficient (Hz~!), to replicate typical
mmWave attenuation behavior.

Diverse indoor-outdoor transitions were generated to ensure
external validity, such as:

indoor hallway — glass door — outdoor courtyard
indoor room — concrete wall — street canyon

This ensures that the Al model is not biased toward any sin-
gle geometry or material configuration. These reference mod-
els are not assumed to represent absolute ground truth; rather,
they serve as high-fidelity benchmarks commonly adopted in
contemporary mmWave and sub-THz propagation studies to re-
duce systematic modeling bias.

2.4. Al-Enhanced PE Framework: Residual Learning Concept

The NN operates on: PE outputs: |Epg|, £Epg, field deriva-
tives: V Epg, V2 Epg, local environmental descriptors (material
ID, incidence angle), frequency-dependent attenuation param-
eters.

The NN learns:

AE = Np (¢ (Evg) 2,2, f) (12)

where Ny is the neural network with trainable parameter 6, and
¢(+) is the feature extractor.
The corrected field is:

FEArpE (.%‘,Z) = FEpg ($,2)+@($,2) (13)
The training minimizes the mean-squared error:
L\ 0) @ _ p®)|”
0= 3 4o o (45)) - (-8 o

WWwWw.jpier.org



PIER C

Mohammad Ahmad

where N is the number of training samples, 6 the trainable NN
weights, and || - ||2 the Euclidean (L2) norm with dropout and
early stopping to prevent overfitting.

2.5. Neural Network Architecture and Training Strategy

The correction model is implemented using a fully connected
feedforward neural network designed to learn nonlinear map-
pings between PE-derived features and the corresponding resid-
ual electromagnetic field. The input feature vector includes the
real and imaginary components of the PE-predicted field, spa-
tial coordinates, operating frequency, and local material param-
eters. The network outputs the real and imaginary components
of the residual field.

The neural network consists of four hidden layers with 64
neurons per layer and employs rectified linear unit (ReLU) acti-
vation functions. Mean squared error (MSE) between predicted
and reference residual fields is used as the training loss func-
tion. Training is performed using the Adam optimizer with a
learning rate of 0.001.

The dataset is generated from synthetic indoor corridor, open
hall, street canyon, and indoor-outdoor transition scenarios.
Reference fields are obtained using full-wave (FDTD/FEM)
and ray-tracing solvers, which serve as high-fidelity bench-
marks rather than absolute ground truth. The dataset is divided
into training, validation, and test subsets using a 70/15/15 split.

Training and validation are conducted at 28, 60, and
140 GHz. The proposed AI-PE framework is therefore eval-
uated primarily for interpolation within the trained frequency
range, while extrapolation beyond this range is not claimed.

To assess the robustness of the proposed AI-PE framework
with respect to neural network initialization, the training pro-
cess was repeated multiple times using identical training data,
hyperparameters, and network architecture but with different
random initialization seeds. The resulting variability in pre-
diction accuracy was quantified and is reported in Section 3,
demonstrating stable performance across independent training
runs.

2.6. Evaluation Metrics and Validity Considerations

Internal validity was assessed by comparing Far.pg and Eier un-
der identical scenario conditions. The following quantitative
metrics were used:

Field magnitude root mean square error (RMSE):

1 M
=3 (1 Bea ()] = B (0)])2

i=1

RMSE = (15)

where M is the number of evaluation points, |FEpeq| the pre-
dicted field magnitude (V/m), and |Ei| the reference field
magnitude (V/m).
Path-loss error:
APL (i) = (PLpred (1) — PLyet (7)) (16)

where P Lpq is the predicted path loss (dB), and P L is the
reference path loss (dB).
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Root mean square (RMS) delay spread derived from power
delay profiles:

>p P (e — 7)°

sh (a”

TRMS =

where 7 is the delay of multipath component k (s), Py the
power of multipath component k£ (W), and 7 the mean delay
= _ 2Ptk

T = = (8).

External validity was evaluated by testing on completely un-
seen indoor geometries and outdoor street canyons. Sensitivity
analysis varied: grid spacing Ax, Az, material permittivity ..,
frequency f, and wall thickness. Robustness was confirmed by
observing small variations in RMSE (typically < 1 dB) across
parameter perturbations.

2.7. Physical Consistency and Power Conservation of the Al-PE
Model

Because the proposed AI-PE framework directly modifies the
complex electromagnetic field, physical consistency is a criti-
cal consideration. The neural network is therefore trained in a
residual-learning configuration, where it predicts only the dif-
ference between the classical PE solution and reference field,
rather than generating a standalone field. This strategy ensures
that the PE solution remains the dominant component govern-
ing energy flow and phase evolution.

Power conservation was evaluated by integrating the field
intensity across transverse cross-sections along the propaga-
tion direction and comparing the total received power before
and after Al correction. Across all evaluated scenarios, the Al-
corrected fields did not exhibit non-physical power amplifica-
tion or artificial energy creation. Variations in received power
remained consistent with the reference models and material loss
assumptions.

Phase continuity was also examined by analyzing the spa-
tial phase distribution of the corrected field. The AI-PE solu-
tion preserves smooth phase evolution along the forward prop-
agation direction, without introducing discontinuities or high-
frequency oscillations. This behavior is consistent with the un-
derlying parabolic equation formulation and confirms that the
Al correction does not violate fundamental wave-propagation
principles.

2.8. Material Electromagnetic Parameters

The electromagnetic material parameters used in this study
were selected from widely adopted measurement-based
databases and reference studies commonly used in mmWave
and sub-THz propagation modeling. Relative permittivity
and conductivity values for drywall, concrete, glass, and
metallic surfaces were obtained from published experi-
mental studies and standard propagation-modeling refer-
ences [6,7,12,13,15]. Frequency-dependent material losses
were modeled using complex permittivity values consistent
with reported measurements in the 28140 GHz range.

Table 2 summarizes the representative material parameters
used in the simulations. These values are consistent with those
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TABLE 2. Representative frequency-dependent electromagnetic material parameters used in the AI-PE propagation modeling.

Material Relative Permittivity €, | Conductivity o (S/m) | Frequency Range | Reference
Drywall 2.8-3.2 0.02-0.05 28-120 GHz [6,7,13]
Concrete 5.0-6.5 0.10-0.35 28-120 GHz [6,12,15]
Glass 6.0-7.5 0.001-0.02 28-120 GHz [7,13,15]
Wood 1.9-2.2 0.01-0.05 28-120 GHz [6,15]
Metal (PEC) Er — 00 o — 00 All [4, 6]
Human Blockage* Effective loss model — 28-120 GHz [3,8]

*Human blockage is modeled using an empirical frequency-dependent attenuation law rather than bulk
permittivity parameters.

adopted in contemporary ray-tracing and full-wave modeling
studies and reflect typical indoor and urban construction mate-
rials rather than environment-specific calibration.

The material parameters listed in Table 2 were selected
from widely used measurement-based studies and reference
databases commonly adopted in mmWave and sub-THz propa-
gation modeling. Reported ranges reflect frequency-dependent
variability and material heterogeneity observed in experimental
campaigns rather than single fixed values. For metallic sur-
faces, perfect electric conductor (PEC) boundary conditions
were assumed. Human blockage was modeled using an empir-
ical attenuation formulation consistent with reported mmWave
measurement studies rather than volumetric electromagnetic
parameters.

2.9. Notation and Symbol Definitions

To improve clarity and readability, particularly given the
mathematically intensive nature of the proposed Al-enhanced
parabolic equation framework, all symbols, constants, and
operators used throughout the formulation are summarized in
Table 3. This notation table provides a unified reference for
the variables appearing in the governing equations, numerical
implementation, and Al-based correction model, thereby
avoiding repetitive inline definitions and facilitating easier
interpretation of the theoretical developments that follow.

3. RESULTS AND DISCUSSION

This section evaluates the performance of the proposed Al-
enhanced Parabolic Equation (AI-PE) model using the syn-
thetic case studies described in Section 2. Results are presented
in four logical groups: (i) prediction accuracy, (ii) indoor-
outdoor transition modeling, (iii) generalization across environ-
ments, and (iv) computational efficiency. Each figure is refer-
enced at an appropriate point to support the interpretation of
results.

The proposed AI-PE framework is validated using high-
fidelity reference solutions generated by full-wave electromag-
netic solvers for small-scale scenarios and deterministic ray-
tracing models for larger indoor-outdoor environments. This
simulation-based validation strategy enables controlled and re-
peatable assessment of prediction accuracy in the mmWave and
lower-THz regimes, where large-scale measurement campaigns
remain technically challenging.
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TABLE 3. List of symbols and notations used in the AI-PE formulation.

Symbol Description Unit
E. E, E, Electric-field components V/m
u(z, z) Slowly varying PE field envelope V/m
k Wavenumber rad/m
A Wavelength m
f Frequency Hz
w Angular frequency rad/s
c Speed of light in vacuum m/s
T,z Spatial coordinates m
Az, Az Spatial step sizes m
v? Laplacian operator 1/m?
ke Transverse spatial frequency rad/m
n(zx, z) Refractive index Dimensionless
Er Relative permittivity Dimensionless
€, €0 Permittivity F/m
7t Permeability/inverse permeability H/m
o Electrical conductivity S/m
OPML PML absorption coefficient 1/m
FErer Reference electric field V/m
E, p-th ray complex amplitude V/m
Tp Ray path length m
Lyiock Blockage loss dB
Ao Blockage constant dB
« Frequency decay coefficient Hz !
AE Al-predicted PE correction V/m
Ny Neural network model —
0 NN trainable parameters —
L(0) Training loss (V/m)?
RMSE Root mean square error V/m ordB
PL Path loss dB
Tk, TRMS Delay parameters s
Py Multipath power w
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105 - Path Loss vs Distance (Indoor Corridor, 60 GHz)
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FIGURE 1. Path-loss prediction in a 25-m indoor corridor at 60 GHz.

The evaluation environments considered in this study consist
of structured corridor- and canyon-type geometries commonly
encountered in indoor, urban microcell, and indoor-outdoor
transition scenarios. Indoor environments include straight cor-
ridors and open halls with lengths ranging 20—40 m and widths
of 2-6 m, constructed from drywall, concrete, and glass mate-
rials. Outdoor scenarios include street-canyon and courtyard
layouts with building heights of 10-20 m and variable street
widths.

The considered environments incorporate LOS, NLOS, and
penetration effects through doors and exterior walls, but do not
include dense furniture layouts, vehicular traffic, or moving
human blockers. As such, the reported generalization perfor-
mance reflects robustness across geometrically structured en-
vironments with varying materials and propagation conditions,
rather than unrestricted generalization to arbitrarily cluttered or
dynamic scenes.

3.1. Accuracy of Al-Corrected PE Predictions

Figure 1 compares the path-loss predictions obtained using
the classical PE model and the proposed AI-PE framework
against the synthetic reference data in a 25-m indoor corridor
at 60 GHz. The classical PE model exhibits noticeable devia-
tions from the reference, underestimating the path loss at short
distances and progressively overestimating it beyond approxi-
mately 15m. This behavior can be attributed to accumulated
phase errors, simplified boundary assumptions, and an insuffi-
cient representation of higher-order reflections in confined in-
door environments.

In contrast, the AI-PE model closely follows the reference
curve across the entire propagation range. By learning and
compensating for the systematic residual errors of the PE so-
lution, the AI-PE significantly improves prediction accuracy,
reducing the RMSE from 5.7 dB for the classical PE to 2.1 dB.
This result demonstrates the effectiveness of the proposed Al
correction in mitigating PE modeling inaccuracies in indoor
mmWave scenarios.

The impact of carrier frequency on modeling accuracy is fur-
ther investigated in Figure 2, which presents the RMSE of both
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RMSE vs Frequency
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FIGURE 2. RMSE of PE and AI-PE across frequencies (28, 60, and
120 GHz).
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FIGURE 3. CDF of path-loss prediction error for combined indoor sce-
narios.

PE and AI-PE models at 28, 60, and 120 GHz. As expected,
the error of the classical PE model increases with frequency
due to stronger antenna directionality, higher sensitivity to sur-
face roughness, and more pronounced multipath interactions at
mmWave and sub-THz bands. Despite these challenges, the
AI-PE framework consistently outperforms the classical PE,
achieving RMSE reductions of approximately 50-65% across
all considered frequencies. This highlights the robustness of
the proposed approach and its ability to demonstrates robust-
ness across a wide frequency range.

To assess statistical reliability and consistency, Figure 3 il-
lustrates the cumulative distribution function (CDF) of the ab-
solute path-loss prediction error across multiple indoor routes.
The AI-PE model exhibits a noticeably steeper CDF curve,
indicating a tighter error distribution compared to the classi-
cal PE. In particular, the 90th-percentile error is reduced from
7.8 dB for the PE model to 3.5dB for the AI-PE framework.
This improvement confirms that the proposed method not only
enhances average accuracy but also significantly reduces worst-
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FIGURE 4. Indoor-to-outdoor transition path loss at 28 GHz.

case prediction errors, which is critical for reliable mmWave
and THz system design.

Although the neural correction model is trained at discrete
frequencies (28, 60, and 120 GHz), frequency is explicitly
included as a continuous input feature. As a result, the AI-PE
framework learns smooth frequency-dependent correction
trends, enabling interpolation within the trained frequency
range. While extrapolation beyond the training frequencies
is inherently more challenging for data-driven models, the
physics-based PE backbone ensures that baseline frequency
scaling remains physically consistent. A systematic evaluation
of interpolation and extrapolation limits, including validation
at unseen intermediate frequencies (e.g., 90 GHz), is identified
as an important direction for future work.

It is important to note that the parabolic equation framework
does not explicitly resolve discrete specular multipath compo-
nents as in ray-tracing or full-wave solvers. Instead, PE cap-
tures wave-based energy propagation, diffraction, and scatter-
ing effects, which result in an effective temporal dispersion of
the received signal. Consequently, RMS delay spread in this
work represents a statistical measure of energy dispersion rather
than an exact reconstruction of individual multipath delays.
The reported improvements therefore reflect a closer alignment
of PE-based delay statistics with those obtained from higher-
fidelity reference models, rather than the recovery of discrete
ray-level multipath structure. Accordingly, delay-spread im-
provements should be interpreted as enhanced statistical agree-
ment rather than deterministic multipath resolution. Accord-
ingly, the reported improvements should be interpreted as en-
hanced agreement with reference delay statistics rather than as
a replacement for ray-based or full-wave multipath resolution.

3.2. Indoor-Outdoor Transition Behavior

Figure 4 presents the received power evolution along a propa-
gation path transitioning from an indoor hallway to an outdoor
courtyard at 28 GHz. This scenario is particularly challenging
due to the abrupt change in propagation mechanisms, material
properties, and dominant multipath components at the building
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FIGURE 5. Wall penetration loss versus frequency for 20-cm concrete.
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FIGURE 6. Residual prediction errors in the indoor-outdoor transition
region.

interface. The classical PE model fails to capture the sharp 6—
7 dB attenuation introduced by glass-door penetration and does
not accurately represent the rapid spreading of the wavefront
once the signal enters the outdoor environment. These defi-
ciencies stem from simplified boundary conditions and limited
material characterization in the classical PE formulation.

In contrast, the proposed AI-PE framework accurately tracks
the indoor-outdoor transition. The model successfully repro-
duces the sudden attenuation at the doorway, followed by a
mild recovery in received power outdoors as free-space propa-
gation and diffraction effects become dominant. This behavior
demonstrates the ability of the Al component to compensate for
localized modeling errors in the PE solution, particularly in re-
gions where abrupt environmental changes violate the assump-
tions of smooth propagation inherent to PE-based methods.

Figure 5 further examines penetration loss through a 20-cm
concrete exterior wall across multiple frequencies. The clas-
sical PE significantly underestimates penetration loss, espe-
cially at 60 GHz, where it predicts approximately 12 dB com-
pared to the reference value of 18 dB. This discrepancy is at-
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Al-PE Performance Across Environments
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FIGURE 7. Path-loss predictions across four environments at 60 GHz.

tributed to the limited capability of the classical PE to model
frequency-dependent material absorption and internal scatter-
ing within thick, lossy structures. The AI-PE model shows ex-
cellent agreement with the reference across all considered fre-
quencies, reducing the average penetration-loss prediction error
from 4.3 dB to 0.9 dB. These results highlight the effectiveness
of the proposed approach in incorporating complex material ef-
fects without explicitly increasing the physical modeling com-
plexity.

Residual prediction errors in the transition region are ana-
lyzed in Figure 6 to provide further insight into local model
behavior near the doorway interface. The classical PE ex-
hibits pronounced error spikes of up to +8 dB within a nar-
row region of approximately 2 m, indicating strong local mis-
matches caused by boundary discontinuities. The AI-PE sub-
stantially suppresses these fluctuations, confining residual er-
rors to within £3 dB. This smoothing effect confirms that the
proposed Al correction not only improves global accuracy but
also enhances local stability in highly nonuniform propagation
regions, which are common in practical indoor-outdoor deploy-
ment scenarios.

3.3. Generalization Across Environment Types

Figure 7 compares path-loss predictions obtained using clas-
sical PE and the proposed AI-PE framework across four rep-
resentative environments: an indoor corridor, an open indoor
hall, an urban street canyon, and an outdoor courtyard, all eval-
uated at 60 GHz. While the classical PE model provides rea-
sonable accuracy in the corridor scenario — where waveguid-
ing effects dominate, and PE assumptions are largely satisfied
— it exhibits notable performance degradation in open indoor
and outdoor environments. These environments are character-
ized by richer multipath propagation, stronger diffraction, and
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increased sensitivity to geometry and surface roughness, which
are not adequately captured by conventional PE formulations.

The AI-PE model consistently reduces prediction error
across all four scenarios. Notably, the improvement is most
pronounced in the open hall, street canyon, and courtyard
cases, where classical PE struggles due to complex scattering
and non-paraxial propagation effects. This result demonstrates
that the learned correction does not merely compensate for a
specific environment but effectively adapts the PE solution to
a wide range of propagation conditions.

To further assess robustness and generalization capability,
Figure 8 evaluates a challenging cross-domain scenario in
which the AI-PE model is trained exclusively on indoor data
and tested on outdoor environments. Although a modest in-
crease in error is observed when applied to unfamiliar out-

Generalization Error Across Scenarios
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FIGURE 8. RMSE and SSIM generalization performance across multi-
ple scenarios.
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door geometries, the AI-PE still achieves a 35-45% reduc-
tion in RMSE compared to classical PE and exhibits consis-
tently higher spatial-field similarity (SSIM). This behavior in-
dicates that the neural correction learns physically meaning-
ful residual patterns — such as frequency-dependent attenu-
ation and diffraction-related loss — rather than memorizing
environment-specific features.

The learning behavior of the Al correction network is ex-
amined in Figure 9 through training and validation loss curves.
Both losses decrease smoothly and converge to similar values
without divergence or oscillatory behavior, suggesting stable
optimization and effective regularization. The close alignment
between training and validation losses confirms that the net-
work maintains consistent error reduction to unseen geome-
tries and propagation scenarios, reinforcing the robustness of
the proposed hybrid AI-PE framework.

To assess the robustness and reproducibility of the proposed
Al-based correction, the neural network was trained multiple
times using identical training data and hyperparameters but
with different random initialization seeds. Table 4 reports the
mean and standard deviation of the root-RMSE over five in-
dependent training runs for representative indoor and outdoor
scenarios. The consistently low standard deviation across all
cases confirms that the learned correction is stable and largely
insensitive to random initialization, indicating that the AI-PE

TABLE 4. RMSE statistics over five independent AI-PE training runs
with different random seeds.

Scenario Frequency Mean RMSE Std.
(GHz) (dB) Dev. (dB)
Indoor corridor 28 2.15 0.07
Indoor corridor 60 2.10 0.09
Indoor corridor 120 2.34 0.11
Open indoor hall 60 2.48 0.10
Street canyon 60 2.72 0.13
Courtyard 28 241 0.08
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FIGURE 10. Runtime comparison across propagation modeling meth-
ods.

model captures systematic parabolic-equation residuals rather
than stochastic or overfitted patterns.

Across all scenarios, the standard deviation remained below
0.15 dB, confirming that the AI-PE correction is highly repro-
ducible and robust to random initialization.

It should be noted that the demonstrated generalization is
achieved across structured corridor- and canyon-like geome-
tries with varying materials and propagation conditions; exten-
sion to highly cluttered or dynamic environments is identified
as future work.

3.4. Computational Efficiency and Scalability

Figure 10 compares the computational runtime of full-wave
FDTD, ray-tracing, classical PE, and the proposed AI-PE
framework for a representative 30-m indoor corridor scenario.
As expected, FDTD incurs the highest computational cost, ex-
ceeding 120 s due to the fine spatial and temporal discretization
required at mmWave frequencies. Ray tracing significantly
reduces runtime but still requires several seconds because of
the need to evaluate a large number of rays and interaction
mechanisms.

In contrast, the classical PE solver completes the simulation
in 2 s, benefiting from its one-way marching formulation. The
AI-PE framework introduces only a marginal overhead of ap-
proximately 0.01 s for the neural correction stage, resulting in
a total runtime of 0.13's. This corresponds to less than a 10%
increase relative to classical PE, while achieving substantially
higher accuracy. These results confirm that the proposed hybrid
approach preserves the computational efficiency that makes PE
attractive for large-scale propagation modeling.

The scalability of the proposed method with respect to spa-
tial resolution is examined in Figure 11, which plots runtime
as a function of grid size. The runtime of FDTD increases
rapidly with grid refinement, reflecting its volumetric nature
and strict stability constraints. In contrast, both PE and AI-PE
exhibit near-linear scaling with grid size, consistent with their
forward-marching structure. Importantly, the relative computa-
tional overhead of the Al correction remains consistently below
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FIGURE 11. Runtime versus grid size for PE and AI-PE.

10% across all tested resolutions, demonstrating that the neural
component does not compromise scalability.

Memory usage is compared in Figure 12 for a 100-m urban
street canyon scenario. The AI-PE framework requires approx-
imately 8% more memory than classical PE, primarily due to
storage of the trained neural network parameters and interme-
diate feature maps. However, this increase is negligible com-
pared to the memory requirements of FDTD and ray-tracing ap-
proaches, which must store large volumetric fields or extensive
ray databases. As a result, the AI-PE framework remains suit-
able for large-area simulations and resource-constrained com-
puting platforms.

Overall, these results demonstrate that the proposed AI-PE
method achieves a favorable balance between accuracy and ef-
ficiency, offering orders-of-magnitude reductions in runtime
and memory compared to full-wave solvers, while retaining the
lightweight computational profile of classical PE.

Compared to recent hybrid ray-tracing + Al ap-
proaches [23,24], the proposed AI-PE achieves similar
accuracy but with significantly lower computational cost. This
highlights the advantage of embedding Al corrections within a
wave-based PE framework, which retains the lightweight com-
putational profile of classical PE while improving accuracy in
complex environments.

3.5. Practical Implications for 6G

The results presented above have direct implications for the de-
sign and deployment of 6G wireless systems. First, the demon-
strated accuracy improvements in path-loss and penetration-
loss prediction enable more reliable link-budget calculations
and coverage planning in challenging mmWave and THz en-
vironments. This is particularly important for early-stage net-
work design, where lightweight yet physically consistent mod-
els are required to evaluate deployment strategies without in-
curring the computational cost of full-wave simulations or ex-
haustive ray tracing.

Second, the ability of the AI-PE framework to maintain
performance across multiple structured environments supports
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scalable modeling of diverse indoor-outdoor scenarios, such as
dense urban microcells and corridor-like indoor spaces. This
generalization capability reduces the need for environment-
specific retraining, thereby accelerating feasibility studies and
reducing planning overhead.

Finally, the preservation of computational efficiency en-
sures that the AI-PE framework can be integrated into large-
scale simulation platforms and large-scale radio-planning tools.
By combining physical interpretability with data-driven refine-
ment, the proposed approach offers a practical balance be-
tween accuracy and scalability, making it well-suited for guid-
ing spectrum allocation, infrastructure placement, and perfor-
mance evaluation in emerging 6G systems.

3.6. Summary of Findings

Table 5 summarizes the main performance metrics across all
environments and frequencies. The AI-PE consistently:

* reduces RMSE by 25-40%,
* improves penetration-loss accuracy by 3—7 dB,
 reduces error variance across scenarios, and

* maintains near-identical computational cost to classical
PE.

These results indicate that AI-PE provides a computationally
efficient complementary alternative to full-wave simulations or
ray-tracing approaches for large-scale analysis, while preserv-
ing the physical structure of the parabolic equation and improv-
ing accuracy in complex environments.

4. LIMITATIONS OF THE PROPOSED STUDY

Despite the promising performance of the proposed AI-PE
framework, several limitations should be acknowledged.
Training Data Constraints. The neural-network correc-
tion model was trained using a finite set of synthetic reference
propagation scenarios. Although the dataset encompasses di-
verse indoor corridors, open halls, street canyons, and indoor-
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TABLE 5. Summary of AI-PE performance across all environments and frequencies.

and 4 environments

Metric PE Baseline AI-PE (Proposed) Improvement Notes
RMSE (dB) — averaged
AI-PE red RMSE b
across 28/60/120 GHz 6.8dB 3.1dB —54%, reduces y

25-40% depending on scenario

Penetration-loss error (dB) 6-10dB error range

1-4 dB error range

Largest improvement in
3-7 dB more accurate . .
concrete/brick transitions

. . High variance,
Error variance across scenarios

Lower variance,

50-60% reduction Indicates stronger generalization
— ()

o~ 10-14 0?46 to unseen environments
AI-PE bett tches full-
SSIM (Field-map similarity) 0.78 +£0.05 0.92 +0.03 ~ +18% erier matehes full-wave
spatial structure

AI-PE PE effici ;
Runtime (per simulation) 2s 0.9-12s Comparable preserves . etheiency;
no heavy ray tracing or FDTD

Mi head fi 1

Memory usage 1.2GB 1.4GB +0.2GB inor overhead from neura

network weights

outdoor transition environments, it may not fully capture real-
world variations in material properties, surface roughness, or
environmental clutter encountered in practical deployments.

Dimensionality Assumptions. The current implementation
relies on two-dimensional or quasi-three-dimensional PE for-
mulations. While this choice enables computationally effi-
cient large-scale simulations, it may limit accuracy in scenar-
ios where strong three-dimensional effects — such as verti-
cal coupling between floors, rooftop diffraction, or elevation-
dependent scattering — play a dominant role.

Measurement Validation. Validation in this study is primar-
ily based on simulation-driven reference models (FDTD, FEM,
ray tracing) rather than extensive real-world mmWave or THz
measurement datasets. Large-scale, repeatable measurement
campaigns at these frequencies remain scarce [19, 26], partic-
ularly for indoor-outdoor transition scenarios. This reflects a
broader challenge in the field rather than a fundamental limita-
tion of the proposed framework.

Dynamic Environments. The present study focuses on
quasi-static propagation environments in which dominant
structures and material properties remain fixed. Highly
dynamic scenarios involving rapid user mobility, moving scat-
terers, or time-varying blockage are not explicitly modeled.
Although the considered scenarios span multiple representative
indoor-outdoor environments, the considered scenarios remain
geometrically structured and do not include dense dynamic
clutter such as moving users or vehicles. Extending the AI-PE
framework to fully time-dependent propagation scenarios
would therefore require adaptive or retrainable correction
models capable of capturing temporal channel variations.

Generalization Boundaries. Although the AI-PE frame-
work demonstrates strong performance across unseen but struc-
tured geometries and frequencies within the investigated range,
its performance may degrade for scenarios far outside the train-
ing domain, such as extreme frequency bands, highly irregu-
lar geometries, or rapidly time-varying environments. In such
cases, retraining or adaptive updating of the correction model
may be necessary to maintain accuracy.
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5. CONCLUSION

This paper has presented an AI-PE framework for modeling
mmWave and THz indoor-outdoor wireless propagation. By in-
tegrating a wide-angle PE solver with a neural-network-based
correction mechanism, the proposed approach addresses key
accuracy limitations of classical PE formulations at high fre-
quencies while preserving their physical consistency and com-
putational efficiency.

Theoretical Implications. The study demonstrates that
systematic residual errors in wave-based propagation models
can be effectively compensated through data-driven correction
without violating the underlying physical structure of the gov-
erning equations. The residual-learning design ensures that Al-
based corrections do not introduce non-physical energy gain or
phase discontinuities, thereby preserving conservation princi-
ples and phase continuity.

Practical Advantages. Numerical evaluations across in-
door corridors, open halls, urban street canyons, and indoor-
outdoor transition scenarios show that the AI-PE model con-
sistently improves path-loss and penetration-loss prediction ac-
curacy, enhances statistical field similarity, and reduces er-
ror variance relative to classical PE solutions. These gains
are achieved with minimal additional computational overhead,
retaining the lightweight profile that makes PE attractive for
large-scale simulation-based channel modeling and exploratory
radio-planning studies relevant to 5G and emerging 6G sys-
tems.

These practical implications, discussed in Section 3.5, high-
light how the AI-PE framework can support early-stage ex-
ploratory studies for emerging 6G deployment scenarios by of-
fering lightweight yet accurate propagation modeling.

Comparison to State-of-the-Art. Compared to recent hy-
brid ray-tracing + Al approaches [23,24], the proposed Al-
PE framework achieves similar accuracy but with significantly
lower computational cost. This advantage stems from embed-
ding Al corrections within a wave-based PE backbone, which
preserves physical interpretability while avoiding the heavy
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runtime and memory requirements of ray-tracing-based hy-
brids.

Interpretation Caveats. The framework should be viewed
as a model-consistent enhancement of PE accuracy rather than
a measurement-calibrated solution. Improvements in delay-
spread metrics reflect enhanced statistical agreement with refer-
ence models rather than deterministic multipath reconstruction.
The AI-PE is therefore best suited for statistical channel anal-
ysis and early-stage planning rather than fine-grained ray-level
modeling.

Future Directions. Building on these results, future research
will focus on extending the AI-PE methodology to fully three-
dimensional formulations, incorporating adaptive or physics-
informed learning strategies and validating the framework us-
ing emerging mmWave and THz measurement datasets. Addi-
tional priorities include modeling dynamic clutter (e.g., moving
users and vehicles) and integrating the AI-PE framework into
large-scale simulation-based 6G planning workflows. These
developments will further strengthen the applicability of the
proposed approach to realistic, large-scale indoor-outdoor wire-
less propagation scenarios.

In summary, the AI-PE framework offers a physically con-
sistent and computationally efficient enhancement to classical
PE modeling, providing a promising hybrid physics-Al solution
for mmWave and THz indoor-outdoor propagation analysis and
next-generation 6G network design.
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