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Abstract. This paper examines how systematic control of unit-cell topology governs dispersion characteristics
and bandwidth stability in configured periodic structures with numerical simulations. Distinct from the existing
literature, the study targets a negative refractive index over a broad frequency range, while neural network–
based optimization is used as a supporting tool to efficiently guide for bandwidth maximization. Comprehensive
analysis is employed to optimize bandwidth effectively and validate the applicability of the resulting low-dis-
persion periodic structures. For the optimized unit cell, the third photonic band spans a wavelength range
1388–1631 nm (after model enhancement 1429–1578 nm) covering the S, C, and L optical communication
bands, demonstrating broadband and stable dispersive behavior beyond a narrow resonance regime. The ob-
tained results are thus expected to enhance the performance of negative-index based photonic components used
in optical and photonic communication systems, compact antenna architectures, and advanced material engi-
neering.
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1 Introduction

The literature indicates that artificial intelligence has
increasingly been applied to photonic design over the past
decades [1–6]; however, an approach that optimizes the
operational bandwidth of the negative refractive index
has not yet been established. In conventional studies,
metamaterials have typically been investigated at a single
frequency, namely the resonance point. Pendry demon-
strated the super-resolution potential of a negative refrac-
tive index at the resonance frequency [7], while Shelby
and co-workers reported the first experimental verification
of this behavior [8]. In the years that followed, various
application-oriented designs have been presented in the lit-
erature [9–12]. Artificial neural networks (ANNs) constitute
an effective tool for meeting the requirement of guiding
light within specific frequency ranges in photonic crystals.
In this study, networks trained on diverse material proper-
ties are employed to rapidly and accurately predict the
effective refractive index and related parameters, thereby
enabling calculations that would otherwise require weeks
using conventional methods to be completed within a signif-
icantly shorter time frame.

The metamaterials considered in this study have gained
a prominent position in the field of photonics since the early
2000s and have exhibited extraordinary phenomena such as
invisibility, super-resolution, and advanced focusing,
enabled by electromagnetic properties not found in nature
[13–15]. These structures, formed by periodic arrangements
of meta-atoms at the micro- or macro-scale, can control
their interaction with electromagnetic waves through geo-
metric tuning. As no natural material possesses such char-
acteristics, the first experimental demonstration of
metamaterials was realized in 2000 by Smith and co-work-
ers using periodic arrays of split-ring resonators and metal-
lic subwavelength structures, following approximately four
decades of theoretical development [5]. Subsequent varia-
tions of this approach [16–18] have established metamate-
rial design as a broad and active research area.

The concept of a negative refractive index was first
introduced by Veselago in 1967 [19]. Materials exhibiting
a negative refractive index underpin a wide range of appli-
cations, including superlenses, optical camouflage (cloak-
ing) devices, advanced filters, and compact antennas
[20–25]. Nevertheless, existing studies have predominantly
focused on narrow frequency ranges, largely based on metal-
lic materials. In contrast, broadband metamaterials offer a
significantly wider range of applications compared to
single-frequency designs, providing substantial advantages* Corresponding author. iremoner@gazi.edu.tr
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in areas such as multi-wavelength imaging, adaptive optics,
broadband antennas, and telecommunication systems [26–
29]. Moreover, they deliver more stable performance in
applications involving variable operating frequencies,
including radar stealth and medical imaging.

Over the past few decades, inverse design techniques
and topology optimization have become increasingly promi-
nent in the field of photonics [30–40]. Compared with alter-
native optimization approaches [41–43], topological
optimization enables superior performance within restricted
device dimensions by analyzing relatively large input
parameter window. Surpassing the performance of the con-
ventional design, enhanced digital configuration capabilities
improve achievements on photonic device performance [44].

Regression and gradient-based methodology has begun
to be utilized as the basis for topology optimization in a
wide range of metamaterial applications [45–51]. As for
the topic of electromagnetic metamaterials, S. Nanda
et al. use an inverse artificial neural network on split ring
resonator structural and target parameter dataset [47].
Another inverse design focused on spectral prediction of
multi-layered graphene based photonic metamaterials [48].
E. Harper et al. [49] presented a research on all-dielectric
meta-surface. In this regard, meta-atom geometry engineer-
ing by dielectric materials show that they play a fundamen-
tal role on broadband metamaterial based devices.
Nevertheless, no data-driven model has been studied to
broaden the negative index spectrum of photonic crystals.

This study presents an original artificial-intelligence-
assisted methodology for the design of broadband nega-
tive-refractive-index photonic media, encompassing both
design and computational modeling processes. Optimiza-
tion techniques aimed at driving the effective refractive
index and group velocity into the negative regime are sup-
ported by deep neural networks (DNNs) [52], building upon
artificial neural network frameworks. The numerical analy-
sis is conducted using a block-iterative frequency-domain
method based on the plane-wave approximation. Further-
more, as conventional photonic design workflows are inher-
ently complex, iterative, and time-consuming, machine
learning is employed to significantly reduce the trial-and-
error process involved in material selection and photonic
crystal geometry determination. The proposed approach
is expected to facilitate the discovery of strong negative-
refractive-index behaviors that are difficult to achieve using
classical methods, thereby not only accelerating the design
process but also enabling more realistic implementations of
broadband superlenses and other advanced optical devices.

2 Methods of calculation

A variety of well-established analytical and computational
design methods based on electromagnetic theory are avail-
able for the analysis and design of photonic media, allowing
researchers to easily construct geometries and perform cal-
culations on structures with complex configurations.
Among the most widely used tools are MIT Photonic Bands
(MPB) and MIT Electromagnetic Equation Propagation
(MEEP), which have proven reliability in photonic simula-

tions [53, 54]. The design approaches employed in this con-
text can generally be categorized as combinations of basic
and advanced electromagnetic theory, finite-difference
time-domain (FDTD) simulations, frequency-domain simu-
lations, topological design strategies, optimization methods,
and hybrid frameworks integrating these techniques [55,
56].

Phenomena such as wave propagation in space, the cal-
culation of transmission and reflection coefficients, and the
analysis of wavefronts and field patterns can be accurately
evaluated using time-domain simulations. FDTD-based
simulation tools, which are widely available in the literature
[57], are particularly suited for this purpose. These tools are
commonly used to solve electromagnetic problems associ-
ated with periodic structures such as photonic crystals.
By solving Maxwell’s equations under periodic boundary
conditions, photonic band structures can be obtained. This
enables the determination of group and phase velocities,
photonic band gaps, light–matter interactions, and other
key optical, photonic, and electromagnetic properties in
periodic media.

Metamaterials can be analyzed using frequency-domain
simulations, focusing on their unit-cell properties, as well as
time-domain simulations that capture their dynamical
behavior. While metamaterial designs typically rely on
metallic unit cells with inherently resonant frequency
responses, it will be shown in the following sections that
broadband unit cells can exhibit similar characteristic
behavior.

In this context, machine learning tools will be developed
and employed to maximize the operational bandwidth
within the project. Using MATLAB [58] together with its
deep learning and artificial neural network modules, the rel-
evant algorithms will be trained on datasets containing
material properties to achieve a negative refractive index
over a broad bandwidth by designing the size, arrangement,
and geometric structure of meta-atoms in photonic crystals.
This approach enables accurate prediction of refractive
index values and other key parameters without the need
for extensive preliminary testing. The process is planned
to proceed through the following steps:

2.1 Target definition and data collection

The primary objective of the study is defined as achieving a
negative refractive index over a wide bandgap. Large data-
sets incorporating meta-atoms with varying sizes, arrange-
ments, and geometrical configurations will be generated.
At this stage, simulation tools such as MEEP and MPB will
be used to compute the relevant optical properties in line
with the optimization goal.

2.2 Identification of input and output features

Geometrical parameters, including size, arrangement, and
structural features, will be defined as input variables, while
the targeted optical properties and performance metrics will
serve as outputs. To improve model learning, data scaling
(ensuring that all features lie within a specific range) and
normalization (rescaling data to a common distribution or
magnitude) will be applied.
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2.3 Construction of the artificial neural network model

For the multi-parameter calculations involved, a deep neu-
ral network (DNN) model will be implemented in
MATLAB using the Deep Learning Toolbox [52]. The pres-
ence of hidden layers in addition to the input and output
layers qualifies the model as a deep learning framework.
Neurons within the hidden layers interact to process input
data from multiple perspectives, enabling the generation
of diverse and complex output responses.

2.4 Model training

The workflow will include separate training, validation, and
test stages. Initially, the model will be trained using the
train Network function. Subsequently, error metrics will
be evaluated, and multi-parameter optimization will be per-
formed if required.

2.5 Optimization procedure

The trained model will be tasked with predicting the meta-
atom parameters, geometries, dimensions, and spatial
arrangements required to achieve the specified target. Sim-
ulations will then be repeated using the predicted parame-
ters to validate the results, and the model will be
retrained using the newly generated data.

2.6 Design and analysis of results

The simulation outcomes of the designed structures will be
analyzed through graphical representations and physical
interpretation, and their consistency with the defined objec-
tives will be assessed.

3 Results and discussion

This study focuses on achieving a selected photonic band in
a dispersion less manner through artificial intelligence–as-
sisted design. A direct indicator of a negative refractive
index is the group velocity, given by: vg ¼ @x=@k. To
accommodate a larger number of design configurations, a
binary geometry, as illustrated in Figure 1, is considered.

Such a structure comprises 264 distinct design possibili-
ties. The relative dielectric permittivity of the material is
chosen as er ¼ 9. Following the execution of frequency-do-
main simulation tools for 10 000 randomly generated
unit-cell geometries, a dataset is constructed. This dataset
consists of 10 000 input samples, each containing 64 binary
indicators representing the presence or absence of material,
and output parameters including the effective refractive in-
dex (neff) and the bandwidth defined by (xmax � xmin). As
the predictive model, fitrgp command is employed. The
resulting model yields a coefficient of determination of R2

= 0.75 for both output parameters.
Considering Figure 2, although the group velocity

model generally produces accurate predictions, the narrow
range of the output values causes the R2 scores to deviate
significantly from unity. While the prediction–ground truth
plot captures the overall trend – particularly at low

absolute group velocities – the linear dependence of the
residuals on the predicted values constitutes a notable lim-
itation of the model. The right-skewed distribution ob-
served in the residual histogram confirms a tendency
toward underestimation, whereas the pronounced devia-
tions revealed by the ratio comparison indicate that a sim-
ple noise interpretation is insufficient. These observations
suggest that the model remains open to further improve-
ment. In Figure 3 as the second output parameter, namely
the bandwidth, the calculations are based on the spectral
region within ±10% deviation from the center of the spec-
trum exhibiting a negative effective refractive index.
Although the model successfully learns the overall trend,
all predictions systematically fall below the true values.
The clearly visible linear increase in the residual–prediction
plot indicates that the model errors are not random but in-
stead depend on the predicted values, implying that the
underlying true relationship is inherently nonlinear. Fur-
thermore, the asymmetry in the residual histogram and
the step-like pattern observed in the ratio comparison
demonstrate that the errors are not normally distributed
and that the model does not adequately capture the noise
characteristics. Consequently, while the model is capable
of capturing the trend, particularly for narrower band-
widths, it exhibits limitations in representing the nonlinear
relationship. This model is therefore also open to further
refinement, although it provides a reasonable level of ade-
quacy for predicting the outputs considered within the
scope of this study.

The model is tasked with identifying a geometry that
yields an effective refractive index of n ¼ �2:0 and a band-
width ratio of

�f ¼ xmax � xmin

xmaxþxminð Þ
2

h i ¼ 0:15; ð1Þ

while exhibiting a dispersion diagram that is maximally
isolated from the second and fourth bands within this fre-
quency interval. The geometry proposed by the model,
along with the corresponding dispersion diagram, is pre-
sented in Figure 4.

Figure 1. Each unit cell is defined by a randomly generated
8 � 8 square grid, where the black regions represent dielectric
material with relative permittivity er = 9, and the white regions
correspond to vacuum with er = 1.
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The geometry proposed by the model is tested using the
MPB program, and the effective refractive index is calcu-
lated as ðneff ¼ �2:3). The minimum and maximum nor-
malized frequency values are found to be 0.480 and 0.564,
respectively. Based on these simulation results, the center
frequency is defined as (fcen ¼ fmaxþ fmin

2 ), and the correspond-
ing bandwidth Df = 0.161 is then obtained. Herein, the
MEEP and MPB simulation frameworks employ dimen-
sionless units, the target index-related parameters

correspond to real-world wavelengths expressed in nanome-
ters in the present study. If target wavelength is kcen½ �target ¼
1500nm

kminðmaxÞ
� �

target ¼ kminðmaxÞ
� �

simulation

kcen½ �target
kcen½ �simulation

: ð2Þ

The wavelength range of 1388–1631 nm obtained using this
relation covers the region encompassing the S, C, and L

Figure 2. The input and output values used for group velocity predictions, along with the resulting prediction–actual, residual–
prediction, frequency–residual, and residual ratio comparison plots.

Figure 3. The input and output values used for bandwidth predictions, along with the resulting prediction–actual, residual–
prediction, frequency–residual, and residual ratio comparison plots.
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bands (1400–1600 nm). This result demonstrates that the
final performance criterion of achieving a low–refractive-
index electromagnetic medium over the optical communica-
tion bandwidth has been successfully satisfied.

An electromagnetic wave is incident at an angle of 45�
onto a structure formed by arranging the geometry shown
in Figure 5 in a square lattice (number of layers: 10) at a
normalized frequency of xa/2pc = 0.55. According to
Snell’s law, unlike the case of a positive-refractive-index
medium, the refracted wave is expected to transition from
Region III to Region I when passing from one medium to
another; however, it is clearly observed to propagate within
Region II.

The reason for this behavior is explained by the relation:

sgnðn1Þ sinðh2Þ ¼ sinðsgnðn1Þh2Þ ¼ n1j j sin h1ð Þ
n2

; ð3Þ

which indicates that, depending on the sign of the refractive
index of Medium 1, sgn(n1), the sign of the angle formed
between the wave in Medium 2 and the surface normal is

reversed. Consequently, the attainment of a negative refrac-
tive index is confirmed by the condition sgn(n1) < 0.

In periodic structures such as all dielectric photonic
crystals, the scattering response of each individual meta-
atom typically corresponds to a positive effective refractive
index. However, the collective behavior emerging from
Bloch-wave solutions [53] in the frequency domain, as well
as from time-domain simulations of electromagnetic wave
propagation (combination of destructive/constructive
interferences), can exhibit characteristics consistent with
an effective negative refractive index. In other words, the
phase velocity and group velocity become oppositely direc-
ted. Such behavior is generally expected to arise in higher-
order bands, where the dispersion relation significantly
deviates from a simple plane-wave character (e.g., third
band and above). In the present study, this phenomenon
is observed in the third band.

It has been demonstrated that a negative effective
refractive index can be achieved through photonic medium
design. As a general methodology, models were developed
by learning the input parameters using different

Figure 5. The steady-state electromagnetic wave distribution in the periodic square lattice pattern of the optimized unit cell.

Figure 4. For the optimized result, the normalized frequencies obtained from the Bloch wave solutions are plotted as a function of
the wave vector. For the best-performing geometry, the mode profile of the third band corresponding to the normalized frequency
xa⁄2pc = 0.55 is illustrated.
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approaches, the adequacy of these models was evaluated,
and inverse design was employed to predict input configura-
tions capable of yielding the desired output parameters.
However, as noted in the previous section, certain aspects
remain open to further improvement, one of which is the
enhancement of the R2 performance.

For this reason, the investigation of negative refrac-
tive index generation was extended in the final part of the
study. In this stage, rather than considering a single inci-
dence angle, wave-vector–normalized-frequency solutions

corresponding to waves incident at multiple angles (0–
45�) were computed using 10 000 randomly generated
parameter sets to construct a new dataset. The geometry
was kept identical to the binary geometry presented in
the previous section, while deep learning models were
employed for data processing and analysis.

Using this approach, the R2 values for both output
parameters were increased beyond 0.98 when evaluated
on the training dataset. The improvements achieved for
both output types are illustrated in Figures 6 and 7.

Figure 6. The input and output values associated with post-training group velocity predictions obtained using deep learning models,
together with the resulting prediction–actual, residual–prediction, frequency–residual, and residual ratio comparison plots.

Figure 7. The input and output values associated with post-training bandwidth predictions obtained using deep learning models,
together with the resulting prediction–actual, residual–prediction, frequency–residual, and residual ratio comparison plots.
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The group velocity model exhibits strong performance
when enhanced by deep learning. The predicted versus
actual relationship closely follows a linear trend, and no sys-
tematic bias is observed. In the residual–prediction plot, the
data points are largely distributed around zero. Although
the residuals are concentrated within a narrow range, a
spread toward extreme values is also observed, which may
increase the error margin in predicting group velocities
closer to �1.

The residual histogram forms an almost symmetric bell-
shaped distribution. The ratio comparison of the residuals
follows the reference line over a broad range, with devia-
tions appearing only in the extreme regions. Overall, deep
learning demonstrates a balanced and statistically consis-
tent performance in group velocity prediction by accurately
scaling a low-variance variable.

The deep learning model developed for bandwidth pre-
diction successfully captures the overall trend, similar to
the case of group velocity. In the predicted versus actual
plot, the data points lie close to the ideal 45� line, indicating
that the model accurately scales the output. In the residual–
prediction plot, the residuals are distributed around zero
without forming a pronounced pattern, suggesting the
absence of systematic error. The residual histogram exhibits
an approximately normal distribution with a mean close to
zero, providing further evidence of the model’s effectiveness.
Aside from minor deviations observed in the ratio compar-
ison, the majority of the residuals closely follow the refer-
ence line, indicating statistically consistent performance.
Overall, this model produces significantly more balanced,
scale-independent, and highly accurate predictions com-
pared to the previous GPR model.

Figures 8 and 9 present the dispersion diagrams of the
first four bands for waves incident at two different angles
(a tanð0:0Þ ¼ 0� and a tanð0:5Þ � 26:6�). While generat-
ing these plots, the deep learning model was constrained
to yield the following target values in the third band:
vg ¼ �0:5, neff ¼ �2:0. The magnitude of the wave vector
(kmag) and the third-band frequency are first considered in
order to identify the data point closest to the target fre-
quency. By selecting the immediate neighboring points
before and after this point, the changes in angular frequency
(dx) and wave vector (dk) are computed, yielding an
approximate derivative given by: dx/dk. As a result, the

approximate values of k and x at the target point are
reported. Using equation (2), the resulting bandwidth Df
for normal incidence (0�) corresponds to the wavelength
range of 1429–1578 nm, which encompasses the S, C, and
L bands. This outcome further confirms that the final per-
formance criterion – achieving a low-refractive-index elec-
tromagnetic medium over the optical communication
bandwidth – has been successfully satisfied.

3.1 Fine tuning: robustness and feasibility

In this subsection we give remarks on target material prop-
erties and present robustness and feasibility of previous
geometries. In this manner, an alternative design with an
improved methodology is proposed.

Let us begin with the target relative permittivity
(er = 9) of the previous analyses in which zinc-blende
Gallium Phosphide (GaP) emerges as one of the most fab-
rication-compatible materials. GaP exhibits negligible
absorption in the 1400–1600 nm wavelength range at high
material purity, while its refractive index remains nearly
constant at n � 3:05 [59, 60]. Nanophotonic devices based
on GaP have also been successfully fabricated recently
using topology-optimization design methodologies [61], fur-
ther supporting its technological viability. Nevertheless it is
challenging to obtain vertically thick (that corresponds to
out of plane direction in 2D simulations) blocks and fabri-
cated device may cause out of plane losses and modal devi-
ations due to limited thickness and sidewall tapering.
Besides telecommunication band, same relative permittivity
coincides with that of Alumina (Al2O3) which shows low
loss tangent and no remarkable dispersion within 1–20
GHz [62]. In this case, none of the abovementioned issues
will be encountered and negative index refraction is
expected to show similar behavior between computations
and experimental results.

On the other hand Silicon (Si) corresponds to target
er ¼ 12:1 relative permittivity. 1550 nm optical communi-
cation wavelength is already the most suitable region where
Si almost does not present dispersion such that refractive
index varies from 3.46 to 3.44 between 1400 and 1600 nm.
It also has extinction coefficient less then 1:6 � 10�12

in the same region. Accordingly, this subsection presents
the results obtained for an alternative geometry based on

Figure 8. The dispersion distribution for an incident wave with
an angle of 0� [arctan(0.0)].

Figure 9. The dispersion distribution for an incident wave with
an angle of 26.6� [arctan(0.5)].
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Si as the target material. Dielectric constants were always
kept fixed for all optimizations, if the target material is
not dispersionless then this condition should be considered
in simulations or should be analyzed as post-optimization
process. Moreover, if the material has non-negligible extinc-
tion coefficient, then total loss due to absorption of a finite-
size device should be analyzed in time-domain simulations
via transmission efficiency calculations.

Another concern on a realistic design covers manufac-
turing errors. In topology-optimization-based fabrication
processes, one of the most common error sources is under-
etching and over-etching [63]. These deviations typically
manifest as systematic, unidirectional fabrication errors
that depend on the specific etching process, leading to lat-
eral feature growth or shrinkage on the order of ±10 nm.

Additional factors such as material impurities or tem-
perature variations may induce changes in the dielectric
constant. However, both GaP and Si is known to be rela-
tively robust against temperature-induced variations. In
particular, at 1550 nm the thermo-optic coefficient is quite

small, approximately 1:2� 10�4 n
T

�C�1
� �

and 1:8�
10�4 n

T
�C�1

� �
for GaP and Si [64, 65], respectively. These

results directly indicate weak temperature sensitivity in the
telecom band.

Considering all these factors, it is reasonable to expect
that in realistic, fabrication-inclusive implementations, per-
formance degradation will not primarily originate from
material dispersion or absorption. Instead, it is more likely
to stem from impurity-induced variations in the dielectric
constant and from geometric deviations introduced during
fabrication.

Keeping in mind all the factors above, unlike previous
optimization studies, a 4�4 lattice exhibiting repeating
symmetry was considered in this work. The geometry is
formed by uniformly sized square blocks. A total of 2500
randomly generated until cells were simulated. Dielectric
constant of the material was selected as er ¼ 12:1 to ensure
compatibility with Si in the telecommunications frequency
range. Furthermore, the design process focused on identify-
ing a geometry that mitigates the impact of systematic fab-
rication-induced deviations, thereby enhancing robustness
against manufacturing tolerances. Repeating pattern of

the meta-atoms is given as subsets in Figure 10 (Black:
Si, White: Vacuum, 1a = 500 nm).

To evaluate the practical feasibility and robustness of
the design, we first performed simulations covering system-
atic fabrication error. The variation in group refractive
index induced by under- and over-etching is shown in
Figure 10a. Then material parameter sweep over the range
11:5 � er � 12:5 was done, and the results are presented in
Figure 10b. Figures show that lateral expansion, namely
overgrowth (�s > 0) causes a similar orientation on index
deviation as that of increasing permittivity and vice versa.
This can be explained by filling ratio of background and
effective medium theories. Final geometry is tolerant to
both error types such that even the worst cases have oper-
ating bandwidths greater than 60 nm within the target
operation band (1500–1600 nm).

In a negative refractive index (NRI) medium, the wave
vector k, the electric field E, and the magnetic field H
follow a left-handed orientation. Physically, this implies
that the direction of phase propagation is opposite to the
direction of energy flow. In practice, this behavior can be
verified through two main conditions: (i) the dot product
between the group velocity and the wave vector must be
negative (vg � k < 0), indicating that energy flows opposite
to the phase velocity; and (ii) the Poynting vector (which
represents the direction of energy transport) must be in
opposite direction with respect to the wave vector. When
both conditions are satisfied, the medium does not merely
exhibit a backward Bloch mode, but genuinely demon-
strates left-handed behavior with an effective negative
refractive index.

(i) vg � k < 0 is satisfied automatically since vg ¼ @x
@k < 0

and k > 0 within operation bandwidth.
(ii) Poynting vector field within a single unitcell should

be analyzed as well. P � k < 0 should also be satisfied
for any (w, k) within operation bandwidth. See Sx
Poynting distribution and Poynting Vector Field dis-
tributions for varying wave vector and diagram
bands. P � k < 0 condition is satisfied under band-3
within k � 125� 10�3 such that k > 0 while P < 0.

Extensive studies on broadband negative refractive index
(NRI) metamaterials have been reported in the literature

Figure 10. (a) Variation of the group index distributions due to under/over-etching in Band 3. (b) Sensitivity of the response to
relative permittivity variations (11:5 � er � 12:5). The results demonstrate the robustness of the optimized 4 � 4 symmetric geometry
against systematic fabrication-induced deviations across the considered wavelength range.
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[66–71]. Nguyen et al. [66] aimed to achieve broadband neg-
ative permittivity by combining fishnet dimer-type geome-
tries with copper layers. For the fishnet dimer
configuration, they experimentally demonstrated an opera-
tional bandwidth of approximately 10%. In [67], the
authors experimentally fabricated a curved fishnet metama-
terial integrated into a rolled-up tube (RUT) structure, con-
sisting of eight alternating layers of gold (Au) and silicon
dioxide (SiO2). They showed that the negative-index region
can be precisely tailored by adjusting the dimensions of the
perforated holes defining the metamaterial geometry.

Islam et al. [68] reported a negative real refractive index
peak exceeding 3 GHz across the C- to X-band frequency
range. In another study [69], thermo-sensitive VO2 films
were employed to investigate temperature-tunable split-
ring-resonator-based metamaterials operating in the THz
regime. For low-loss performance, the ratio of the real part
of the refractive index to its imaginary part was adopted as
a key figure of merit (FOM). A similar performance crite-
rion was also considered in the THz study presented in
[70], where the design was based on asymmetrically aligned
paired cut metal wires positioned on the front and back
sides of a dielectric substrate. Rasad et al. [71], on the other
hand, demonstrated a single-layer periodic circular silver
structure fabricated on a PET substrate, achieving a nega-
tive refractive index peak value as low as �57 within the
2.00–3.55 GHz frequency range.

In contrast to these previous studies, which primarily
aimed at achieving or enhancing negative refractive index
behavior without explicitly stabilizing it at a fixed negative
value, the present work focuses on maintaining the negative

refractive index as constant as possible over an extended
bandwidth. Moreover, since most conventional approaches
rely on metallic layers, the performance metric is typically
defined by the ratio between the negative real part and
the imaginary part of the refractive index to ensure low-loss
operation. However, the designs considered in this study are
based entirely on dielectric materials – such as Si, GaP, and
(in the microwave regime) Al2O3 – which exhibit near-zero
absorption within their respective operational wavelength
ranges. Consequently, the proposed structures inherently
satisfy the low-loss criterion at the highest level without
requiring additional optimization of the real-to-imaginary
index ratio.

4 Conclusions

The numerical results demonstrate that the proposed AI-
assisted framework can successfully identify photonic
geometries exhibiting a negative effective refractive index
over a broad and practically relevant frequency interval.
For the optimized unit cell, the third photonic band exhi-
bits a normalized frequency range from 0.480 to 0.564, cor-
responding to a wavelength interval of approximately
1388–1631 nm (after model enhancement 1429–1578 nm).
This range fully covers the S, C, and L optical communica-
tion bands, indicating that the designed structure operates
well beyond a narrow resonance regime and maintains
stable dispersive behavior across a wide bandwidth.

The dispersion analysis further confirms that the tar-
geted band remains well isolated from adjacent bands,

Figure 11. Spatial distribution of the real part of the Poynting vector (top row) and the corresponding in-plane Poynting vector field
(bottom row) for the optimized 4 � 4 symmetric geometry. The colormap illustrates the magnitude and sign of the power flow, while
the arrow plots indicate the local energy propagation direction across the unit cell. The results highlight the symmetry-induced field
distribution and energy transport characteristics of the structure. k��M ¼ 125� 10�3; band : 1; k��M ¼ 5:00� 10�3; band : 3;ð
k��M ¼ 125� 10�3; band : 3Þ
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ensuring low inter-band coupling and reduced dispersion.
Full-field electromagnetic simulations reveal clear back-
ward-wave propagation and negative refraction consistent
with the extracted group velocity and effective refractive
index values. These observations provide direct physical
validation of the numerical predictions and confirm that
the negative-index response originates from the engineered
photonic dispersion rather than from resonant or metallic
effects.

From a design perspective, the results highlight the orig-
inality of the proposed approach: instead of tuning geomet-
ric parameters through trial and error, the negative
refractive index and bandwidth are achieved through
inverse design guided by data-driven models. The strong
agreement between predicted and simulated results shows
that the method reliably captures the nonlinear relationship
between geometry and dispersion. This establishes the
framework as a practical and scalable tool for the system-
atic design of broadband negative-index photonic media.
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