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ABSTRACT: Integrating Reconfigurable Intelligent Surfaces (RIS) with wideband systems, such as millimeter-wave (mm-wave) and
terahertz (THz) systems, has shown great potential for improving communication system performance. However, accurate circuit-level
modeling of the RIS unit cell remains to date a significant challenge. This is because the unit cell in wideband systems faces a strongly
coupled electromagnetic behavior that cannot be accurately captured using conventional circuit models. To address this challenge, this
study introduces a novel hybrid modeling framework that combines Artificial Neural Networks (ANN) with discrete transfer functions
H(z) for accurately modeling the unit cell in wideband systems. Specifically, the proposed framework allows a direct prediction of
the H(z) coefficients from the S12 data obtained from a full-wave Computer Simulation Technology (CST) simulation. The proposed
framework aims to bridge the electromagnetic theory and circuit theory, which are considered to be complex, by representing the unit
cell behavior using computationally efficientH(z) modeling. The results show that the proposed framework can accurately capture the
sharp resonant characteristics of the RIS unit cell. The proposed hybrid framework achieves a performance improvement of 6 dB in Root
Mean Square Error (RMSE) in comparison with the basic fitting model over all the Ka-band frequencies (30–40GHz).

1. INTRODUCTION

The significant increase in data traffic has pushed the move
towards higher frequency bands, such as millimeter wave

(mm-wave) and terahertz (THz) frequencies, to compensate for
the spectrum scarcity [1]. However, network deployment with
such high frequencies brings several challenges required to be
overcome. In particular, higher frequencies face significant
propagation loss [2]. To address this propagation loss of high
frequencies, researchers have proposed the use of Reconfig-
urable Intelligent Surfaces (RISs) [3–6]. However, RIS needs
unit cell characterization to complete the design [6]. Therefore,
developing the accurate modeling of the RIS unit cell becomes
crucial [7]. This challenge is because RIS unit cells in wideband
applications experience highly dispersive and strongly coupled
electromagnetic behavior, which indeed cannot be captured by
conventional circuit models [8].
However, when dealing with complex unit cell structures

and their frequency-dependent behaviors, the traditional cir-
cuit models, including the simulation program with integrated
circuit emphasis (SPICE) [9] and advanced design system
(ADS) [10], encounter several limitations [10].
One major issue related to these conventional models is that

they yield an infinite number of possible solutions and hence
become challenging to identify the correct representation. Fur-

* Corresponding author: Taha Ahmed Elwi (taelwi82@nahrainuniv.edu.iq).

thermore, they face a considerable challenge to accurately fit
multi-resonant responses across bandwidths and hence leading
to poor prediction performance, particularly at wideband fre-
quencies. Another limitation is that they rely on static lumped-
element assumptions based on RLC networks, which are valid
only for a narrow bandwidth. More presciently, the RLC-
based approach cannot fully account for dispersion effects and
the time-varying behaviors that occur in real-word scenarios.
Therefore, given the above limitations, there is a need to de-
velop an efficient modeling approach that has the capability to
accurately capture the complex multi-resonance characteristics
of RIS unit cells.
To achieve this goal, this study proposes a new hybrid ap-

proach that combines the artificial neural networks (ANNs)
with Digital Signal Processing (DSP)-based discrete z-transfer
function H(z) modeling. In particular, the proposed approach
uses an ANN to predictH(z) coefficients directly using the S12

parameter obtained from the Computer Simulation Technol-
ogy (CST) simulation. It enables robust parameter extraction
even for structures exhibiting many transmission nulls across
Ka-band [11]. In contrast to traditional models, the proposed
hybrid model can handle highly nonlinear, multi-dimensional
data [10]. The proposed framework establishes a rigorous
bridge between the complex electromagnetic theory and circuit
theory. It is achieved by taking the advantages of the RIS unit
cell behavior to effectively representH(z) in the frequency do-
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FIGURE 1. Illustration of the proposed RIS unit cell design where (a) denotes the simulation environment and (b) represents the unit cell dimensions.

main. Furthermore, the proposed ANN with a DSP-based z-
transform approach treats the unit cell structure as a discrete-
time dynamic system, which enables direct analysis in the z-
domain, where poles, zeros, stability, and frequency responses
can be evaluated across a wide band rather than at a single static
operating point. This approach allows a deeper insight into sig-
nal propagation, phase, and group delay while also enabling op-
timization and digital filtering-based compensation strategies
that traditional circuit models cannot provide.
The results show that the proposed approach can accurately

capture the multi-resonant characteristics of the RIS unit cell.
In addition, the results demonstrate that the proposed approach
provides excellent agreement between hybrid predictions and
CST full-wave simulations with less than 1.2 dB in Root Mean
Square Error (RMSE). Furthermore, the results demonstrate
that the proposed hybrid approach achieves a performance im-
provement of 6 dB in RMSE in comparison with the basic
fitting H(z) model across the considered Ka-band frequency
range. Overall, the proposed approach provides a systematic
bridge between full-wave electromagnetic analysis and practi-
cal circuit-level implementations, thereby significantly clarify-
ing the essential requirements for an effective RIS design.
The remainder of this study is organized as follows. Sec-

tion 2 describes the methodology used in this study, with the
unit cell design. In addition, the proposed hybrid z-transform-
based ANN approach is also provided. Section 3 discusses the
results of the direct H(z) and the proposed hybrid models. Fi-
nally, Section 4 concludes the study.

2. METHODOLOGY AND MODELING
This section provides the methodology developed in this study
as follows.

2.1. Unit Cell Design and Full-Wave Simulation

In this study, a unit cell with a multi-order Minkowski fractal
geometry [12, 13] is designed to operate in the Ka-band. The
structure of the proposed unit cell is shown in Fig. 1, where
Fig. 1(a) denotes the simulation environment, and Fig. 1(b)
represents the dimensions of the unit cell. The proposed de-
sign uses a series of space-filling modifications applied along
the current path to increase the electrical length of the unit cell
while maintaining physical size compactness. In particular, the

unit cell is composed of four symmetrically arranged fractal
arms that are connected to provide a continuous current flow
across the structure. In addition, each arm of the unit cell con-
sists of three connected segments with a distinctive indentation
introduced at each stage. These fractal indentations drive the
surface currents to take a longer meandering path while also
acting as capacitive discontinuities. As a result, the effective
inductance of the resonator increases without increasing the
size of the structure. The compact coupling structure guar-
antees that energy is distributed equally to all fractals at the
center of the unit cell. Furthermore, the lower part of the unit
cell contains the feeding region and consists of two rectangular
stubs separated by a narrow gap. A T-shape is placed below
the four fractal arms and between the two rectangular stubs to
increase the electric field concentration, thereby increasing the
effective capacitance and enhancing the efficiency of energy
transfer. Overall, despite the electrically compact dimensions
of the structure, resonance in the Ka-band is achieved through
the combination of symmetric current loops, strong capacitive
gaps, and Minkowski fractal loading. The proposed unit cell
is suitable for RIS filters and small resonant sensors because it
exhibits sharp notch features and can provide high-quality res-
onances.
A full-wave CST simulation was used to simulate the pro-

posed unit cell. The electric and magnetic fields were dis-
tributed appropriately along the x and z axes, respectively. The
two waveguide ports placed along the y-axis allow electromag-
netic waves to propagate. The proposed unit cell was com-
posed of a metallic layer with a Roger AD 430 substrate of
7 × 6 × 0.508mm3 dimensions. The substrate features a di-
electric constant of 4.3 and a low loss tangent of 0.003, making
it suitable for high-frequency band applications.
Figure 2 shows the magnitude and phase responses of theS12

parameter of the unit cell obtained from the CST simulation.
Fig. 2(a) clearly illustrates that the unit cell exhibits multiple
transmission nulls. Fig. 2(b) shows the continuous phase in de-
grees as a function of the Ka-bands operating frequency range.

2.2. The Proposed Hybrid z-Transform Based ANN Approach

This study proposes a hybrid approach based on ANN and
DSP z-transform to obtain an explicit and straightforward so-
lution for RIS unit cell characterization. That current study
focuses on establishing the theoretical framework and compu-
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FIGURE 2. Magnitude and phase responses of S12 parameter obtained from the CST simulation. (a) Magnitude response of the S12 parameter. (b)
Phase response of the S12 parameter.

tational validation of the hybrid modeling approach based on
ANN and H(z). However, circuit modeling of RIS unit cells
is typically validated through electromagnetic simulations, e.g.,
CST, before fabrication. The main contribution of the present
study is based on demonstrating that the hybrid approach of
ANN for predicting theH(z) coefficient is feasible. Moreover,
the proposed hybrid framework is accurate in comparison with
the conventional fitting methods, especially when dealing with
multi-resonance designs over wide frequency ranges.
The methodology of the proposed framework comprises the

following main stages: (1) data generation and collection, (2)
pre-processing and ANN implementation, (3) discrete transfer
function fitting, and (4) pole-zero analyses. The frequency-
sampled S12 data obtained from the CST simulation was 1001
points over the frequency range of 30–40GHz. For the ANN
architecture, this study considers a single hidden layer with
32 feedforward network neurons. Besides, the Levenberg-
Marquardt backpropagation training algorithm was considered.
The frequency was normalized to be between [0, 1] range. The
methodology of this study is illustrated in Fig. 3.

2.2.1. Data Generation and Collection

S-parameters provide a general framework for characterizing
electromagnetic behavior, enabling seamless post-processing
and integration into various designs. A key advantage is that
electromagnetic simulation tools, such as CST, routinely gen-
erate S-parameters that can be directly validated against exper-
imental measurements, facilitating model verification. These
capabilities have established frequency-domain S-parameter
analysis as a fundamental approach for electrical link char-
acterization and system-level performance evaluation. The
frequency-domain approach has been adopted for high-speed
digital analysis and signal integrity characterization. However,
for comprehensive design validation, S-parameters must often
be transformed into the time domain to enable direct compar-
ison with time-domain metrics, such as eye diagrams and bit
error rates (BER). These S-parameters must be transformed ei-
ther using inverse fast Fourier transform (IFFT) techniques [14]
or through a rational function approximation using equivalent
circuit synthesis. Vector fitting algorithms and pole-residue de-
composition methods were used for this purpose. Regardless of
the transformation method employed, the accuracy and quality
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FIGURE 3. Flowchart of the proposed hybrid model based on ANN and
z-transformation for RIS unit cells characterization.

of the measured or simulated S-parameters are essential and
must satisfy criteria such as passivity and stability.
Full-wave electromagnetic simulations of the RIS unit

cell were performed in CST Microwave Studio over the 30–
40GHz band, producing complex S12 transmission coefficient

143 www.jpier.org



Naser et al.

TABLE 1. Examining different sets of poles and zeros orders.

n m Passivity Stability (Max pole raduis) RMSE (dB) Status
4 3 ✓ ✓(0.9625) 6.224 Underfitting
4 4 ✓ ✓(0.9572) 6.242 Underfitting
8 7 ✓ x (1.0061) 2.992 Unstable
8 8 ✓ ✓(0.9949) 2.026 Not optimal
10 9 ✓ ✓(0.9797) 1.417 Optimal
10 10 ✓ ✓(0.9797) 1.548 Overfitting

data. This discrete sampling inherently produces a discrete-
frequency representation of the electromagnetic response,
which can be accurately described by a rational transfer
function H(z) that relates the input and output responses in
the Z-domain. However, the raw CST output often contains
numerical noise and small fluctuations arising from mesh
discretization and broadband solver limitations. To address
this issue, an ANN is applied. Further discussion regarding
ANN implementation is provided in the following subsection.

2.2.2. Preprocessing and ANN Implementation

In this study, the complex S12 transmission coefficient is used
as the input data for the ANNmodel, which was collected from
electromagnetic CST simulations as mentioned above. In par-
ticular, an ANN is used to suppress noise through learned non-
linear smoothing and rapid prediction of clean S12 responses.
By learning the underlying physical trend of the transmission
behavior, the ANN can generate a smooth, noise-free approxi-
mation of S12, which is crucial for an accurate z-domain map-
ping and least-squares H(z) fitting. This preprocessing step
prevents the emergence of unstable or nonphysical poles, im-
proves passivity compliance, and ensures that the extracted res-
onances are physically meaningful. Consequently, the ANN
significantly enhanced the reliability of the pole-zero analyses
and accelerated the overall RIS characterization process.
Frequency normalization was applied before feeding the data

into the ANN to improve the training stability and accuracy.
Typically, neural networks learn patterns more effectively when
the input values are scaled to a consistent range [0–1]. By nor-
malizing the frequency, the ANN trains faster, avoids numeri-
cal issues, and produces smoother andmore reliableS12 predic-
tions. To this end, a feedforward neural network with 32 hidden
neurons was used to predictS12 real and imaginary components
from the normalized frequency. It created a smooth and con-
tinuous model of the S12 response.

2.2.3. Transfer Function H(z) Fitting

The discrete transfer function H(z) is a useful mathematical
tool for digital signal processing and control systems because
it can be efficiently used for analyzing and modeling discrete-
time linear systems [15]. This stage of the methodology was
used to convert the ANN prediction to a discrete transfer func-
tionH(z). H(z) can model the frequency-dependent behavior

of a system with poles and zeros. Noting that the digital fre-
quency is mapped to [0, π] for Z-domain representation.
This study considers a system identification approach based

on the z-transform. The frequency-sampled S12 data from the
CST simulation was fitted to a discrete-time rational transfer
function so that the generalH(z) is given in [16]

H(z) =
B(x)

A(z)
=

∑m
k=0 bkz

−k

1 +
∑n

k=1 akz
−k

, (1)

where b and a are the numerator and denominator coefficients
of the transfer function H(z), respectively; parameter m de-
notes the number of zeros (numerator order); and n denotes the
number of poles (denominator order). Furthermore, the fitted
H(z) is evaluated across all frequency ranges to visualize how
well the fitted model matched the original CST simulation data.

2.2.4. Poles and Zeros Analyses

This is the final stage, where the poles (roots of the denomina-
tor) and zeros (roots of the numerator) of H(z) are extracted.
The frequency-dependent behavior of a system with poles and
zeros was modeled using H(z), which directly corresponds to
the S12 data. The fittedH(z) is validated for stability and pas-
sivity, where the system is considered to be stable if all poles
satisfy |poles| < 1. The passivity was evaluated and verified
by ensuring that |H|-fit ≤ 1.05 over the frequency bands con-
sidered. The fitting accuracy was quantified using the RMSE
in the dB domain. For resonant structures, the number of poles
(n = poles) typically corresponds to the number of expected
resonances in the frequency band and the number of zeros (m =
zeros). This study starts with lower orders and incrementally
increases poles and zeros while monitoring RMSE and condi-
tion number. The proposed approach is validated using multi-
ple criteria approaches, such as stability, passivity, and RMSE,
as discussed above. The RMSE formulation is given as [17]

RMSE =

√√√√ 1

n

n∑
i=1

(
yi − ŷi

)2
. (2)

Noting that the number of poles n and zerosm selection for
theH(z)was determined based on the unit cell structure, which
is based on several resonances. Therefore, the ranges of n and
m were selected within the interval [4, 10]. The values inside
the range were tested across different sets of n andm orders, as
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FIGURE 4. Comparison of S12 magnitude as a function of frequency for data obtained from CST withH(z) considering different values of n andm.
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demonstrated in Table 1. Besides, a least-squares fitting prob-
lem was used to obtain the values and locations of these orders,
which are denoted by numerator coefficients (b) and denom-
inator coefficients (a) that best match the original CST data.
On the other hand, the pole corresponded to a natural resonant
frequency. It relates to maximizing interchange between the
electric and magnetic energy.
As shown in the table, the selection of n and m is based on

finding the best trade-off among model accuracy, stability, and
complexity. Lower-order models exhibit underfitting behavior,
as the limited number of poles and zeros is insufficient to cap-
ture the underlying system dynamics, resulting in higher RMSE
values despite stable pole locations. It is also important to note
that models with higher orders would overfit the data and in-
crease the RMSE. This is because it will fit noise instead of
the signal. Therefore, the selection of an optimal configura-
tion would be based on finding stable dynamics with the poles
that are located within the unit circle and also have the lowest
RMSE. It implies obtaining an accurate system representation
and ensuring reliable communication performance by avoiding
both underfitting and overfitting effects.
The locations of the poles determine the system stability:

poles located inside the unit circle in the z-domain indicate
a stable system in which dissipative mechanisms dominate.
The poles are precisely placed on the unit circle. This im-
plies marginal stability, in which the energy stored and energy
dissipated are balanced. On the other hand, if the poles are
placed outside the unit circle, it implies that there is instabil-
ity, which indicates that the stored reactive energy exceeds the
system losses, hence would lead to unbounded growth in the
oscillations. Therefore, the placement of the poles provides a

framework for illustrating the stability characteristics, energy
exchange, and resonance behavior, hence making them valu-
able for analyzing unit cell structures.

3. RESULTS AND DISCUSSION
This section presents the performance evaluation using the di-
rect H(z) method and the proposed hybrid approach.

3.1. Results of Direct H(z) Method
Figures 4 and 5 show a comparison of S12 magnitude and
RMSE as a function of frequency for data obtained from CST
with H(z) considering different values of n and m, respec-
tively. The results showed that increasing the order numbers
n and m increased the RMSE and failed to achieve the de-
sired fitting model. The results demonstrate that direct H(z)
fitting creates an RMSE of more than 7 dB. This is because di-
rect H(z) fitting methods are constrained by model order se-
lection and fail for complex unit cell structures, yielding high
RMSE values. In particular, for multi-resonant designs, the S12

data from the CST are too complex for simple fitting models.
Specifically, the transfer function H(z) obtained through di-
rect fitting failed to estimate the S12 data. This is due to the
complexity characteristic of the unit cell that has multiple trans-
mission nulls at high frequencies. As such, incorrect amplitude
and phase values can be provided by RIS. As a consequence, it
will lead to inaccurate beamforming and steering capability and
hence degrade the communication system performance. There-
fore, there is still a need to find a feasible model to address the
above issues.

145 www.jpier.org



Naser et al.

30 32 34 36 38 40

Frequency (GHz)

-50

-40

-30

-20

-10

0

10

M
a
g
n
it
u
d
e
 (

d
B

) 

CST

ANN

H(z)

FIGURE 6. Comparison of S12 magnitude of data obtained from CST,
ANN, andH(z) n = 10 poles,m = 9 zeros.

30 32 34 36 38 40

Frequency (GHz)

-600

-500

-400

-300

-200

-100

0

P
h
a
s
e
 (

d
e
g
)

CST

ANN

H(z)

FIGURE 7. Comparison of the magnitude and phase responses of data
obtained from CST, ANN, andH(z).

3.2. Performance Evaluation of the Proposed Hybrid Method

An accurate characterization of the transmission coefficient and
phase of electromagnetic unit cells is essential for designing
broadband metasurfaces, frequency-selective surfaces (FSS),
and RIS [7].
To accurately capture the multiple closely spaced resonances

and notches observed in the unit-cell S12 spectrum, a higher-
order rational fit (n = 10 poles, m = 9 zeros) was used. The
proposed hybrid model provides an excellent fit. In particu-
lar, the extracted H(z) achieved an RMSE of less than 1.2 dB
relative to CST simulation, demonstrating frequency domain
accuracy.
Figure 6 shows a comparison of the magnitude and phase re-

sponses from CST, ANN, andH(z). In particular, Fig. 6 shows
a comparison of S12 magnitude data obtained from CST, ANN
prediction model, and H(z) at n = 10 poles andm = 9 zeros.
The results show that the magnitude response exhibits five dis-
tinct resonances centered at 31, 33, 35.8, 36.2, and 39GHz. The
deep nulls are approximately 31 and 35GHz, and peaks near
0 dB at approximately 34GHz, and 37–38.5GHz. The results
showed excellent agreement among all three models across the
frequency range. The curves were nearly identical, with all
three tracking the same pattern of peaks and deep notches. The
results show that the ANN model can effectively predict the
H(z) transfer function coefficients of the frequency response
with high accuracy compared with the full-wave CST electro-
magnetic simulation.
Figure 7 shows the S12 phase response comparison among

the CST simulation, ANN model, and H(z) transfer function
across 30–40GHz. The results demonstrated excellent agree-
ment among the three methods. The phase decreased almost
linearly from approximately 0◦ at 30GHz to approximately
−600◦ at 40GHz. The results confirm that the hybrid model
accurately captures not only the magnitude but also the phase
characteristics of the system, thus validating its effectiveness
for unit cell modeling.
Figure 8 shows the results of the group delay as a function of

frequency. The group delay of a system is defined as the neg-
ative derivative of the phase response with respect to angular
frequency. The results show that there is group delay variation
over the frequency range considered of about −5 ns at 31GHz
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FIGURE 8. Illustration of the group delay time in nano seconds (ns)
based on the fitting modelH(z).

and 35.7GHz. These results correspond to the sharp transmis-
sion nulls, which are observed in the S12 magnitude response.
In addition, a positive peak of approximately 3 ns occurred near
36GHz, resulting in a peak-to-peak excursion exceeding 7 ns.
Such extreme Group Delay Variation (GDV) causes significant
signal distortion in wideband systems. Compared to typical
symbol periods (approximately 1 ns at 1Gbaud), this level of
GDV introduces substantial inter-symbol interference (ISI).
Figure 9 shows results for both the passivity and pole/zero

distributions. Specifically, the results in Fig. 9(a) demonstrate
that the proposed hybrid model achieves passivity based on the
number of poles and zeros.
Moreover, Fig. 9(b) shows the mapping of poles and zeros of

the fittedH(z) in the z-domain. This map can be considered a
fundamental tool for frequency response characteristics, hence
analyzing discrete/time system stability. The results show that
the unit circle can serve as a stability boundary. To this end, the
systems are considered to be stable if all poles are located in-
side this circle so that |poles| < 1. These presented results con-
firm the system stability. Besides, the results also demonstrate
that there are several poles located near the unit circle bound-
ary with |poles| ≈ 0.95–0.99. It implies a high-quality factor
(high-Q) resonances, which corresponds to the sharp resonant
characteristics observed in the S12, at approximately 31GHz
and 36GHz. The results show a distribution of 10 poles and 8
out of 9 zeros. This is due to the results of a polynomial withm
coefficients, which have a degree ofm− 1, resulting inm− 1
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FIGURE 9. Illustration of the transfer function passivity and poles, zeros distribution. (a) System passivity as a function of frequency in GHz. (b)
Distribution of the poles and zeros of the transfer function in the z-plane.

TABLE 2. Comparison of the proposed approach with the related works.

Ref. Method Modeling approach Frequency range Input data RMSE (dB) Time consuming

[18] ADS
Equivalent circuit
model and ADS

3.5GHz S-parameters NP Slow

[19]
Equivalent
RLC circuit

Analytical formulas 26–40GHz
Geometry with
EM simulation

NP Medium

[17] Machine learning
CNN-ResNet

surrogate model
6.0–16.0GHz Binary element 3 Fast

[20] ADS RLC circuit optimization
Wideband

(10–40GHz)
S-parameters NP Slow

This
study

Proposed
(ANN-H(z))

Hybrid (ANN and DSP) 30–40GHz S-parameters 1.417 Fast

roots zeros that were positioned inside and on a unit circle. The
distribution of poles and zeros reflects the bandpass filtering
characteristics of the RIS unit cell over all the Ka-band consid-
ered.
Ten poles were selected for the circuit modeling based on

the behavior of the imaginary part of mutual impedance Z12.
Specifically, the points along the frequency axis are observed,
where the imaginary component of Z12 crosses zero, each of
which indicates the presence of a resonant mechanism in the
unit cell. Because pole locations in the rational model corre-
spond directly to the physical resonances of the electromagnetic
structure, identifying all such zero-crossing regions ensures that
the model captures every significant resonant response. The
number of poles quantifies the sharpness of the resonances. Ta-
ble 2 provides a comparison of the proposed approach with re-
lated works.

4. CONCLUSION
This study proposed a hybrid approach combining ANN with
z-transformation to address the limitations associated with con-
ventional circuit modeling for analyzing the RIS unit cell. The
proposed hybrid approach achieved the direct prediction of
H(z) coefficients using an ANN model. The S12 data, which
were used as the input for the ANN, were obtained from a full-
waveCST simulation. The results showed that the proposed hy-

brid approach accurately captured the sharp resonant character-
istics of the RIS unit cell and achieved a performance improve-
ment of 6 dB in RMSE compared with the basic fitting H(z)
model across the Ka-band frequency range (30–40GHz). The
proposed hybrid ANN and DSP-based z-transform technique
enabled direct analysis in the z-domain, where poles, zeros,
stability, and frequency responses can be accurately evaluated
across a wide band rather than at a single static operating point.
The proposed approach provides a deeper insight into signal
propagation, phase delay, group delay, dispersion effects, and
radiation performance, which traditional circuit models can-
not provide. Consequently, the proposed approach delivers a
higher resolution, stronger physical interpretation of wave be-
havior, and a more reliable framework for modeling real-world
RIS structures. While the current study aimed to establish a
computational framework through simulation validation, future
work could focus on considering experimental validation using
fabricated RIS unit cell prototypes.
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