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ABSTRACT
Silicon photonics has experienced significant ad-

vancements in recent years, driven by the increasing
demand for efficient and high-performance optical com-
ponents within integrated circuits. A crucial technique in
this realm is the inverse design method, which is instru-
mental in optimizing photonic devices. Inverse design
utilizes computational algorithms to identify the optimal
configuration of a device based on specific performance
criteria, making it a powerful tool for enhancing silicon
photonics. The integration of Automatic differentiation
into the inverse design process has further revolutionized
this approach by improving the precision and efficiency
of optimization. This technique enhances the ability to
fine-tune design parameters and achieve desired device
characteristics. The 1 × 2 Multi-Mode Interferometer
(MMI) plays a vital role in optical functions such as signal
splitting, combining, and routing. Its significance in var-
ious photonic applications underscores the importance
of precise design and optimization. Therefore, in this
study, we focus on applying automatic differentiation
(AD) to optimize the inverse design of a 1×2 MMI with a
function of 3dB splitting power, aiming for minimal size
to facilitate easy integration into optical systems

Keywords: Inverse design, Automatic differentiation,
3dB power splitting, Photonic integrate circuit, Silicon
photonics

1. INTRODUCTION
Silicon photonics plays a vital role in enabling the

next generation of optical transceivers as demand for
high-capacity communications grows, fueled by the
accelerating rise of generative artificial intelligence (AI)
and the resulting spike in data traffic. These de-
velopments will be critical in satisfying the demand
for multichannel, high-capacity communications that
exceed 1.6Tb/s, reinforcing silicon phonics’ role in the
ongoing growth of global data infrastructure [1]. Silicon
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photonics has now evolved as a crucial and mainstream
technology, particularly in the field of advanced optical
communications, with substantial implications for a wide
range of applications due to its integration with known
complementary-metal-oxidesemiconductor (CMOS) pro-
duction techniques [2–4]. This compatibility, combined
with the ability to scale silicon photonics integrated
circuits to large-volume production, has driven rapid
advancements in both the integration level and perfor-
mance of silicon photonic devices. As a result, silicon
photonics has become a key enabler in sectors such as
optical communication [5], sensing [6], computing [7, 8],
LiDAR [9], quantum technologies [10], and data centers
[1, 6].

Power splitters are essential components in silicon
photonic integrated circuits, frequently used in a wide
range of optoelectronic and photonic applications. They
divide energy from one input source to two or more
output ports at a specified or desired ratio. To obtain
arbitrary splitting ratios, researchers have used a variety
of approaches and structures, including directional cou-
plers (DC) [11], Y-branches [12], mode converters [13],
adibatic taper [14] and multi-mode interferometer (MMI)
[15].

In recent years, inverse design has emerged as a
promising technique for developing and discovering
novel photonic technologies [3, 16]. It has received
praise for its ability to apply optimization and learning
techniques to match required functionalities with high-
performance systems. This technique, which priori-
tizes specifying desired system functionality using a
performance metric, has been critical in setting new
performance benchmarks for nanophotonic devices [17],
meta-optics [18], and lens systems [19]. Furthermore,
comparable methodologies have been used in other
scientific domains, such as electrical circuits, materials
science, neural network architecture, quantum circuits,
biosystems, and pharmaceuticals, demonstrating the
wide range of applications for inverse design methods
[20].

The authors in [3] employed inverse design to cre-
ate a series of ultra-compact dual-band wavelength
demultiplexing power splitters (WSPS) that can per-
form both wavelength demultiplexing and 1:1 optical
power splitting. The design was implemented on a
standard silicon-on-insulator (SOI) platform using what
they describe as a groundbreaking two-step direct binary
search method. They also conducted a detailed analysis
of the effects of various hyperparameters related to
the physical structure and optimization process. Their
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inverse-designed WDPS, with a minimum feature size
of 130nm, achieved a 12.77 times reduction in footprint
and a slight performance improvement compared to the
forward-designed WDPS. Another study [23] presented
the inverse design of silicon (Si) waveguide reflectors and
their use as parts of Fabry-Perot resonators for wave-
length ranges between 1310 nm and 1550 nm. At 1310
nm and 1550 nm, respectively, the inversely constructed
waveguide reflectors showed remarkable performance,
with reflectance values of 0.99993 and 0.9955. Inverse
design has profited from deep learning (DL) algorithms,
since DL has grown rapidly in recent years, resulting in a
novel pattern of photon inverse design. Tahersima et al.
[21] demonstrated the potential of DL in predicting the
optical response of artificially engineered nanophotonic
devices. By leveraging a Deep Neural Network (DNN),
the authors successfully predicted both the forward
transmission response and inversely approximated de-
signs to achieve targeted optical outcomes. Another
study [22] introduced the asynchronous double deep
Q-learning (ADDQN) method for the inverse design of
multi-mode interference (MMI) power splitters with low
insertion loss and a wide bandwidth ranging from 1200 to
1650 nm. By employing A-DDQN to guide the placement
of hole etchings in the MMI’s interference region, the
authors successfully achieved the target splitting ratio
with significantly reduced computational time. However
DL excels in data-driven tasks where learning from large
datasets is necessary to perform complex predictions or
classifications.

Automatic differentiation (AD) has received a lot of
attention in a variety of fields, particularly for its appli-
cations in machine learning [24] and neural networks
[25]. AD is fundamental in optimizing and analyzing
functions, providing precise derivative information. Un-
like traditional symbolic and numerical differentiation
methods, which have performance and accuracy limita-
tions, AD provides a reliable alternative by efficiently
and correctly determining derivatives for complex com-
putations. The ability to reliably assess derivatives in
large-scale arithmetic expressions makes AD an effective
tool. In the study [26] took advantages of AD for
managing gradient derivation while utilizing existing,
reliable, yet blackbox photonic solvers for numerical
solutions. Another research [27] proposed accelerating
gradient calculations by using AD in structural material
distributions for shape optimization in inverse design,
where structures were parameterized using shape primi-
tives for low-dimensional, physically-guided designs. In
the field of optical inverse design, a finite difference
frequency domain (FDFD) simulation framework pow-
ered by automatic differentiation was proposed, utilizing
AD for flexible construction of optimization objective
functions and device parameterizations [28].

Motivated by the significant potential of integrating
the AD algorithm, we leverage AD to tackle the inverse
design of the MMI. Our objective is to finely tune the
design parameters to achieve a highly efficient 3dB power

splitter. By optimizing these parameters, we aim to
design the MMI with a small footprint and broadband
performance, demonstrating the effectiveness of the AD
method.

The remaining sections of the paper are organized
as follows. Section 2 ”PRINCIPLE DESIGN AND
METHOD” describes the device’s structure and inverse
design process. Section 3 ”SIMULATION RESULTS
ANDDISCUSSION” describes and analyzes device oper-
ation and characterization, along with a comparison with
other methods. Section 4 ”CONCLUSION” summaries
the results of this paper.

2. PRINCIPLE DESIGN AND METHOD

In this paper, our objective is to design a 1 × 2 MMI
with a 1:1 splitting ratio and an operating bandwidth of
100nm using the fundamental mode. The core material
of the MMI is silicon (Si), with SiO2 as the cladding for
oxide protection. The refractive indices of these two
materials are approximately 3.5 for silicon and 1.45 for
silicon dioxide. The proposed device can be fabricated
using modern techniques, such as electron-beam writing
or 193-nm deep ultraviolet (DUV) photolithography
incorporated with dry etching, for example, inductively
coupled plasma (ICP) etching. The initial structure
represented in Figure 1 has an input and output port
width of 𝑊0 = 0.4𝜇m, and the width and length of
the MMI are 𝑊 = 3.6𝜇m. The structure is designed
to work at the center wavelength of 1.55𝜇m using the
fundamental TE0 (Transverse Electric) mode. The TE0
mode is a preferred choice in silicon photonicwaveguides
due to its numerous advantages. It is highly compatible
with semiconductor diode lasers, offers maximum modal
momentum for optimal light confinement, and exhibits
minimal dispersion and loss. Furthermore, it maintains
exceptional stability, demonstrating resilience to mate-
rial imperfections.

Figure 2 shows the electric field distribution of the
initial structure, which does not meet our intended
design specifications. The electric field distribution sim-
ulation reveals significant deviations from the expected
behavior of a balanced 3dB power splitter, specifically
indicating mode interference that prevents proper power
splitting. The intensity pattern suggests inefficient
energy transfer and poor mode matching, leading to
an unequal distribution of optical power at the output
ports. This mismatch highlights the necessity for further
optimization of the waveguide geometry and refractive
index contrast to achieve the desired 3dB splitting ratio.

The diagram of the proposed method for designing a
1 × 2 MMI inverse design includes three main steps: (1)
parameterization, (2) solving Maxwell’s equations, and
(3) objective, as shown in Fig. 3. The first step involves a
design representation, 𝜌 which is a distribution of design
variables. It undergoes a blurring process to smooth out
the design space, followed by a nonlinear projection to
map the blurred design variables onto actual physical
properties, resulting in the permittivity distribution 𝜖𝑟.
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Fig. 1: Initial design structure.

Fig. 2: Simulation of the electric field of the initial design
structure.

In the second step, the computed permittivity 𝜖𝑟 and
the source are then input into Maxwell’s equations
(solved using the finite difference frequency domain
(FDFD) method) to compute the electromagnetic fields
within the optical device, represented here by Ez, the
z-component of the electric field. Finally, the resulting
fields are utilized to evaluate the device’s performance.
This evaluation involves applying a mask, calculating
the overlap integral, and computing the gradient of
the objective function using revere-mode differentiation.
The Adaptive Moment Estimation (Adam) optimizer is
then used to maximize this objective function, iteratively
adjusting the parameterization based on the gradient of
the objective function with respect to the parameters, as
computed via automatic differentiation.

2.1 Automatic differentiation
AD is a computational technique used to evaluate the

derivatives of functions efficiently and accurately. Unlike
symbolic differentiation, which manipulates mathemat-
ical expressions, and numerical differentiation, which
approximates derivatives using finite differences, AD
decomposes a function into elementary operations and
applies the chain rule to compute derivatives systemati-
cally. This method ensures precision and is particularly
useful in optimization problems and machine learning,
where gradients are essential for algorithms like gradient
descent [34]. In silicon photonics, AD enables the precise

Fig. 3: Method for splitter 3dB inverse design based on
automatic differentiation.

optimization of device parameters, such as those in the
design of 1 × 2 multi-mode interferometers (MMIs), by
facilitating the accurate calculation of gradients needed
for performance enhancement.

AD involves applying the adjoint variable method
to general computational graphs. In an AD-enabled
programming environment, the developer only needs
to define the forward computation, while the backward
computation is automatically generated either by tracing
the program’s execution or through prior source code
analysis. The core of an AD framework consists of
gradient-aware elementary functions, each of which can
be expressed as an individual adjoint variable problem,
similar to explicitly defined backward simulations in
optical inverse design. The primary benefit of AD,
however, is its ability to flexibly combine these ele-
mentary functions to construct much more complex
computations, while still maintaining end-to-end gradi-
ent support [29]. Numerous scientific AD frameworks
are readily accessible, including Hips/Autograd [30],
PyTorch [31], Tensor Flow [32], and JAX [33].

AD is a computer programming paradigm rather
than a purely mathematical concept. Unlike symbolic
differentiation, AD is fundamentally tied to an under-
lying computer program, which can be represented as
a computational graph, as depicted in Fig. 4 [29]. The
forward computation in the program is calculated as
follows:

X2 = f1(X1), (1)
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Fig. 4: An example of forward computation in a computer
program depicted as a computational graph.

X3 = f2(X2), (2)
X4 = f3(X2), (3)

and
X5 = f4(X3, X4), (4)

where the vectors X𝑖 contain all the inputs and outputs.
An AD library enables users to calculate the exact

Jacobian 𝑑𝑥𝑖/𝑑𝑥𝑗 for any 𝑖 and 𝑗 by applying differenti-
ation rules and leveraging the partial derivatives of each
operation (further discussion on this topic is provided
below). For instance, we have

𝑑𝑥5
𝑑𝑥1

= [
𝜕𝑥5
𝜕𝑥4

𝜕𝑥4
𝜕𝑥2

+ 𝜕𝑥5
𝜕𝑥3

𝜕𝑥3
𝜕𝑥2 ]

𝜕𝑥2
𝜕𝑥1

(5)

as shown in the computational graph illustrated in Fig. 4.

A key aspect of AD is that the tracing process
depends on the order in which the products in (5) are
computed the accumulation of the Jacobian, which also
influences the computational complexity of evaluating
(5). Forward mode processes from right to left, as the
Jacobian accumulation, illustrated in Figure 5, follows
the direction of the arrows in the original computational
graph shown in Figure 1a. This approach is conceptually
simple; for example, when outputs like 𝑥2 in Figure 1a
branch out, the derivative also branches, whereas inputs
such as 𝑥3 and 𝑥4 converge, resulting in the addition
of their derivatives. In a forward mode automatic
differentiation algorithm, both output variables and one
or more of their derivatives are computed together.

2.2 Finite-Difference Frequency-Domain
To solve Maxwell’s equations and analyze the electro-

magnetic fields, we use the Finite-Difference Frequency-
Domain (FDFD) method [35]. FDFD is a numerical
approach that discretizes the spatial domain into a grid
of points, converting Maxwell’s equations into finite
difference equations. This allows for precise calculation
and visualization of the electric and magnetic field distri-
butions in complex structures, facilitating the design and
optimization of advanced optical and telecommunication
devices. Specifically, in FDFD, the components of the
electric and magnetic fields are computed at different
grid points. In this work, forward-mode differentiation
is used to implement the FDFD method, providing the
core electromagnetic simulation tools needed for solving
Maxwell’s equations [28].

Fig. 5: Forward-mode automatic differentiation.

2.3 Reverse-mode differentiation

Reverse mode differentiation, also known as back-
propagation in machine learning, is a powerful technique
used to compute gradients efficiently. In this approach,
the gradient of an objective function is computed by
first performing a forward pass through the computation
graph to evaluate the function. Then, during the back-
ward pass, the algorithm traverses the graph in reverse to
propagate the gradients from the output back to the input
variables. This method is particularly advantageous for
functions with many inputs and fewer outputs, as it
scales well with complexmodels by efficiently computing
gradients with respect to all inputs [36].

In a reverse mode automatic differentiation algorithm,
the output variable of a function is computed first. As
the function is evaluated, all mathematical operations in-
volving the input variables are captured in an expression
tree. By traversing this tree from the top (with the output
variable as the root) to the bottom (where input variables
are the leaf nodes), the contribution of each branch to the
derivatives of the output with respect to the inputs can be
determined.

Reverse mode processes from left to right in (5), as
the computational graph ( Fig. 6) flows in the opposite
direction of the arrows in Fig. 4. In this scenario,
everything is reversed: branching of the outputs leads
to the addition of input derivatives (e.g., 𝜕𝑥5

(1)/𝜕𝑥2 and
𝜕𝑥5

(2)/𝜕𝑥2 in Fig. 6), while input convergence results
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Fig. 6: Reverse-mode automatic differentiation.

in the splitting of output derivatives (e.g., 𝜕𝑥5/𝜕𝑥4 and
𝜕𝑥5/𝜕𝑥3 in Fig. 6).

2.4 Adam optimizer
Adam is an optimization algorithm that adjusts model

parameters to minimize the objective function. After
gradients are computed using reverse-mode differenti-
ation, Adam uses this information to update the MMI
design parameters effectively. Adam not only adjusts the
learning rate adaptively but also incorporates first and
second moments of the gradients, which helps improve
convergence speed and stability of the optimization
process. This ensures that the design of the 1 × 2 MMI is
optimized for the best optical performance with minimal
size.

3. SIMULATION RESULTS AND DISCUSSION
3.1 Simulation

The simulations were conducted based on the method
described in Section 2 for the 1×2 MMI, following silicon
photonics principles. We employed the FDFDmethod for
electromagnetic simulations to model the MMI structure.
The FDFD solver computes the electric field distribution
within the MMI by solving Maxwell’s equations in the
frequency domain. Python was utilized for the opti-
mization and design process, enabling efficient parameter
tuning and finetuning of the device structure.

Fig. 7: Results of the inverse design of 1 × 2 MMI in silicon
photonics using automatic differentiation.

In this research, the optimization process utilizes the
Adam optimizer, with carefully selected hyperparam-
eters to ensure efficient convergence and highquality
results. Specifically, the process runs for 200 epochs, pro-
viding ample iterations for the algorithm to thoroughly
explore the design space. The learning rate is set to 0.001,
which governs the size of the parameter updates during
each optimization step. This value is small enough to
ensure stability and prevent overshooting of the optimum
design, while still allowing progress toward an optimal
solution. In addition, momentum decay is set to 0.95.
Momentum decay helps to smooth out the optimiza-
tion process by considering previous gradients, thus
accelerating convergence in the direction of the optimal
solution. This value of 0.95 strikes a balance between
utilizing past gradients effectively and preventing the
excessive influence of outdated gradients, enabling the
optimizer to adapt quickly to changing gradients during
the design process. These hyperparameters provide a
stable and efficient optimization process that is crucial
for designing 1×2MMI structureswith high precision and
performance.

In order to evaluate the performances of the device
for 3db splitter power, we consider to character of
transmission defined as:

𝑇𝑜𝑢𝑡𝑝𝑢𝑡 = 10log10
𝑃𝑜𝑢𝑡
𝑃𝑖𝑛

, (6)

where 𝑇𝑜𝑢𝑡𝑝𝑢𝑡 represents the transmission characteristics
of the respective output (either output 1 or output 2). 𝑃𝑖𝑛
is the normalized input power, and 𝑃𝑜𝑢𝑡𝑝𝑢𝑡 is the optical
power at the corresponding output port. Furthermore,
we consider return loss, a critical metric for evaluating
the efficiency of photonic components. Return loss
quantifies the amount of power reflected back. It is
calculated as follows:

𝑅 = 10log10
𝑃𝑟𝑒𝑓
𝑃𝑖𝑛

, (7)

where 𝑅 represents the return loss, 𝑃𝑖𝑛 is the normalized
input power, and 𝑃𝑟𝑒𝑓 is reflected power.
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Fig. 8: Electric field pattern simulated for 1 × 2 MMI in
silicon photonics using automatic differentiation..

Fig. 9: Transmission characteristics of the device over the
wavelength range from 1.53𝜇m to 1.63𝜇m.

3.2 Results and discussion

The results of the inverse design process using auto-
matic differentiation for a 1 × 2 MMI are shown in Fig.
7. Figure 7 shows the inverse design obtained by the AD
approach and Fig. 8 displays the electric field distribution
for the device’s TE0 mode at a 1.55𝜇m operational
wavelength. The simulation indicates that the TE0 mode
is strongly contained within the waveguide’s core, with
very little leakage into the cladding around it. The power
distribution within the waveguide structure is shown by
the color-coded intensity profile, which runs from 0.0
to 1.0. The field distribution in this mode shows that
the signal is effectively guided through the waveguide
structure with low loss, validating the waveguide de-
sign’s high efficiency. The pattern demonstrates that
the TE0 mode is well-confined within the core, ensuring
the signal’s integrity as it propagates. The simulation
results are consistent with projected device performance,
demonstrating the waveguide’s efficacy in directing
single-mode signals at the specified wavelength.

Figure 9 presents the transmission characteristics
spectra for the TE0 mode over the wavelength range
from 1.53𝜇m to 1.63𝜇m (covering the entire C+L bands
in telecom windows). The figure demonstrates that the
transmission at both output ports remains consistently
around 3dB across the entire wavelength range. This sta-
bility indicates the device’s effectiveness in maintaining
a 50:50 power split for the TE0 mode. The results reveal
a smooth transmission profile with minimal variation,
confirming the reliability of the waveguide structure in
handling single-mode signals over a broad wavelength
range of 100nm, with a return loss of less than -20 dB.The
performance is consistent, with the power distributed
evenly between the two outputs, showcasing the device’s
robustness in optical communication systems. This
characteristic is particularly valuable in applications
where maintaining equal power distribution between
channels is crucial. The efficient and stable behavior of
the device across the wavelength spectrum underscores
its suitability for use in integrated photonic circuits,
where precise control of signal splitting is essential.

The compact 3.6μm × 3.6μm footprint and stable
transmission qualities across a wide wavelength range
emphasize the importance of the AD technique in
the inverse design of 1 × 2 MMI. This demonstrates
AD’s capacity to accurately optimize design parameters,
providing dependable and constant performance under a
range of operational conditions. The efficiency of AD in
handling these intricate design specifications highlights
the importance of this tool in advancing photonic circuit
design. The design of a 1 × 2 MMI follows the
traditional method based on the Talbot effect [37]. In the
interferencemechanism [38], signal propagation through
the MMI is affected by changes in both the length of the
MMI and the positioning of the waveguide within it. A
1×2 MMI achieves equal power splitting when, and only
when, the length of the MMI is equal to 3𝐿𝑝𝑖/2, where
𝐿𝑝𝑖 is calculated using the following formula:

𝐿𝜋 =
4𝑛𝑒𝑓𝑓 𝑊 2

𝑒
3𝜆 , (8)

where

𝑊𝑒 = 𝑊𝑀𝑀𝐼 + 𝜆
𝜋 (𝑛2

𝑒𝑓𝑓 − 𝑛2
𝑐 )

−0.5
, (9)

𝑊𝑒 represents the effective width of the MMI region for
the TE mode, 𝜆 is the operating wavelength, 𝑛𝑒𝑓𝑓 is
the effective index, and nc is the refractive index of the
cladding layer. Therefore, in the traditional method, the
length of the 1×2 MMI depends on its width; additionally,
the MMI length is significantly larger compared to that of
inverse design.

Unlike traditional methods, AD provides exact deriva-
tives, allowing for fine-tuning of design parameters
with high accuracy. This precision ensures that the
design consistently achieves the desired 3dB power split,
even over a challenging wavelength range of 100nm.
Moreover, the smooth transmission profile and minimal
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Fig. 10: Numerically simulated width tolerance.

variation across the outputs highlight AD’s capability to
maintain device performance in photonic systems. The
ability to manage such broad operational bandwidths
with a compact device footprint is a testament to AD’s
effectiveness in exploring complex design spaces. This
makes it particularly well-suited for applications in
integrated photonic circuits.

Fabrication tolerances are crucial in the field of
photonic integrated circuits, particularly for designs
based on simulations. Both material and geometric
parameters have a significant impact on optical per-
formance, influenced by factors such as the quality of
the SOI wafer, surface roughness, and silicon crystal
purity. Additionally, the precision of the fabricated
product is heavily dependent on the accuracy of pat-
terning and etching processes. Simulation methods can
also introduce errors due to varying levels of accuracy
across different numerical algorithms. In this paper, we
examined geometric tolerances, focusing on variations in
waveguide width. Figure 10 shows width tolerances of
Δ𝑊0 for two outputs with width variations of ±5 nm.
The simulated results indicate minor power fluctuations
with a ratio of around -3dB, and a return loss of less
than -20dB. This relatively high tolerance in geometric
dimensions is achievable due to advancements in modern
fabrication techniques.

Compared to other methods, our proposed algo-
rithm, offers several notable advantages for efficiently
optimizing optical structures in silicon photonics. AD
enables accurate and fast gradient calculations, which is
crucial for reverse engineering problemswith continuous
and distinguishable objective functions. This allows
for rapid convergence and high accuracy in design
parameter optimization from the early stages of the
process. Moreover, AD is capable of handling complex
structures within a compact design space, ensuring
optimal performance, as demonstrated by the 1 × 2 MMI
power divider we optimized, which achieved optimal
power division efficiency and a wide bandwidth of up
to 100 nm. Another significant advantage of AD is its

ability to maintain high manufacturing tolerances, with
deviations as small as ±5 nm, enhancing both feasibility
and stability in practical production. In contrast, in [21],
the authors employ DNN to learn complex relationships
between design parameters and device performance,
solving problems that cannot be captured by traditional
mathematical models. However, DNN requires a large
amount of training data and computational resources. In
[22], the authors use A-DDQN to design a MMI power
divider, aiming to reduce insertion loss and expand the
bandwidth from 1200 to 1650 nm. While A-DDQN can
simplify the design by using fewer holes and still achieve
the desired splitting ratio with small reflection loss, the
method remains computationally timeconsuming.

4. CONCLUSIONS
This paper proposes an AD approach for the inverse

design of a 1 × 2 MMI, functioning as a 3dB power
splitter within a compact 3.6𝜇m ×3.6𝜇m footprint. Its
small size facilitates integration into photonic integrated
circuits. Leveraging AD’s precision and efficiency,
the design achieves optimal performance with effec-
tive power splitting and a wide operational bandwidth
from 1.53𝜇m to 1.63𝜇m, covering over 100 nm with
small return loss. Additionally, the device maintains
high tolerance in fabrication width, with a deviation
of ±5nm. Our results demonstrate the robustness
of this method and its potential for advanced silicon
photonics applications requiring high bandwidth and
performance. However, the study has certain limitations,
including its reliance on numerical simulations without
experimental validation. For future research, several
aspects could be addressed to enhance the findings of
this study. Experimental validation will be conducted to
complement the numerical simulations and verify their
accuracy. Additionally, exploring different materials,
testing conditions, and fabrication methods could offer
deeper insights and expand the device’s applicability.
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