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Abstract-

In this work, a compact dual-band terahertz (THz) metamaterial absorber
integrated with graphene is presented for high-performance biosensing
applications. The structure is composed of four concentric octagonal rings,
where two are metallic and two are graphene-based, supported on a SiO2
substrate backed by a gold ground plane. The dual-resonant response is
achieved through the metallic rings, while the graphene layers enhance
absorption and tunability by improving impedance matching with free
space. The absorber demonstrates near-unity absorption at 0.9623 THz
and 1.4079 THz, with maximum sensitivities of 1.7435 THz/RIU and 1.475
THz/RIU, and corresponding high figures of merit and quality factors,
making it highly suitable for precise biosensing. A detailed parametric
analysis confirms the influence of structural dimensions on absorption
efficiency, while the equivalent circuit model validates the underlying
resonance mechanismis. Furthermore, machine learning models are
employed to predict absorption characteristics and support biosensing
tasks such as virus detection, thereby reducing the need for repeated full-
wave simulations. The proposed design effectively combines compact
geometry, high sensitivity, excellent selectivity, and ML-assisted
optimization, positioning it as a versatile candidate for next-generation
THz biosensing and biomedical diagnostics.

Keywords: Metamaterial, Absorber, Sensitivity, Machine Learning,
Biosensor.

I. Introduction

The terahertz (THz) frequency range, spanning approximately 0.1-10 THz,
has attracted significant attention due to its unique potential in fields such
as medical diagnostics, security screening, high-speed communications,
and non-destructive testing [1], [2], [3]. Devices operating in this spectrum
can exploit the ability of THz waves to penetrate non-conductive materials
while also being sensitive to molecular vibrations and rotational



transitions. Despite these advantages, practical THz systems face
challenges such as the lack of compact, efficient components for the
generation, detection, and manipulation of THz radiation [4], [5], [6], [7].
Among the emerging solutions, absorbers play a crucial role by
suppressing unwanted reflections and enhancing device performance in
sensing, imaging, and stealth applications. Conventional absorbers,
however, are often limited by their thickness, narrowband response, and
lack of tunability. To overcome these drawbacks, metamaterial-based
absorbers have been introduced, leveraging artificially engineered
subwavelength unit cells to achieve tailored electromagnetic responses
not found in natural materials. Metamaterials provide precise control over
effective permittivity and permeability, enabling perfect absorption at
designed frequencies through impedance matching with free space [8],
[9], [10], [11]. By carefully designing resonant structures, these absorbers
can be made compact, lightweight, and capable of achieving multi-band or
broadband operation. Furthermore, the integration of tunable materials
such as graphene into metamaterial designs introduces dynamic control
over resonance frequency and absorption strength, making them highly
suitable for next-generation THz applications, including biosensing,
communication, and reconfigurable photonic systems [12], [13], [14], [15].

Several researchers have investigated advanced materials to enhance the
tunability of metamaterial absorbers. Graphene has been widely employed
due to its electrically controllable surface conductivity, enabling dynamic
adjustment of absorption characteristics across the terahertz band.
Vanadium dioxide (VO:) has also been explored, as it exhibits a
temperature-driven insulator-to-metal phase transition that allows
switching between transparent and conductive states, making it suitable
for reconfigurable absorber designs [16], [17], [18], [19]. More recently,
MXenes, a family of two-dimensional transition metal carbides and
nitrides, have attracted attention because of their excellent electrical
conductivity, chemical stability, and wide tunability through surface
functionalization [8], [20], [21]. These materials provide versatile
platforms for designing adaptive absorbers, where the resonance
behaviour can be tailored in real time for applications such as sensing,
switching, and communication. Building on these material innovations,
such as graphene, vanadium dioxide, and MXenes that offer tunability and
adaptability, researchers have also focused on tailoring absorber designs
to achieve desired operational characteristics [22], [23], [24]. While single-
band absorbers provide efficient performance at one resonance, they fall
short in multifunctional scenarios. This has led to growing interest in dual-
band absorbers, which, by supporting two distinct resonances, extend the
operational flexibility of devices and enable broader applications in THz
sensing, imaging, and communications [24], [25], [26], [27].



Some of the researchers have developed dual-band absorbers [28], [29],
[30], [31], [32], [33], [34], [35], [36], [37]. In recent years, several
researchers have focused on the development of dual-band terahertz
metamaterial absorbers for biosensing applications, aiming to enhance
sensitivity and diagnostic accuracy. For example, the work reported in [28]
introduced a dual-band metamaterial sensor based on a gold octagonal
loop, designed specifically for cancer detection. The device achieved
perfect absorption at resonance frequencies near 1.994 THz and 2.7 THz,
with absorption levels of 100% and 88%, respectively. Notably, the sensor
exhibited remarkable refractive index sensitivities of 600 GHz/RIU and
800 GHz/RIU, along with quality factors of 12.24 and 8.9. This
performance enabled reliable detection of various cancer cell types, such
as breast, cervical, and MCF-7, demonstrating its strong biomedical
relevance. Similarly, a tunable stereo metamaterial biosensor was
reported in [29], where a double-layer configuration combining electric
and magnetic resonances enabled independently adjustable dual
resonances across the 0.5-1.8 THz range. This design not only addressed
the limitations of single-frequency sensors but also achieved a maximum
sensitivity of 930.4 GHz/RIU with a high Q factor of 23.7 and a FOM of
12.53. The ability to fine-tune resonant modes significantly enhances its
adaptability for detecting biomolecules with varying spectral responses,
making it a versatile platform for practical terahertz biosensing.
Furthermore, the study in [30] demonstrated an extremely compact dual-
band biosensor optimised for non-melanoma skin cancer diagnostics. The
proposed metamaterial absorber achieved near-perfect absorption
(>99.5%) at 0.78 THz and 0.904 THz, supported by sensitivities of 0.0515
and 0.076 THz/RIU, quality factors of 12.5 and 13.5, and FOM values of
0.86 and 1.16. Owing to the strong interaction of THz waves with polar
biomolecules, this compact absorber shows promise for early and accurate
identification of basal cell carcinomas. Building upon these advancements,
subsequent works have further diversified the designs of dual-band
metamaterial absorbers and sensors across different frequency regimes.
For instance, the study in [31] introduced a split metal stacking ring
resonator (SMSRR)-based terahertz sensor, which achieved dual
resonances at 0.97 THz and 2.88 THz. The design demonstrated multi-
point frequency matching with analytes, thereby improving sensing
reliability. Sensitivities of 304 GHz/RIU and 912 GHz/RIU were reported,
highlighting the effectiveness of such structures in enhancing the
detection of low-concentration biomolecules.

In [32], a compact dual-band absorber was presented, relying on LC
resonance and dipolar responses to achieve near-unity absorption at 7.51
THz and 8.08 THz. Unlike more complex metamaterial geometries, this
design emphasised ease of fabrication while maintaining strong



performance. However, the polarisation sensitivity of the structure was
noted, which may limit its universality in practical applications. Graphene-
based tunable absorbers have also gained attention, as demonstrated in
[33]. Here, a dual-band absorber operating at 5.1 THz and 11.7 THz was
designed with chemical potential-dependent tunability. By leveraging
graphene plasmon resonances, the structure achieved sharp and narrow
absorption peaks with near-perfect absorption, even under oblique
incidence up to 8°. The reported sensitivity of 4.72 THz/RIU, along with
high FOM and Q values (14 and 32.49), underlines the potential of
graphene integration for adaptive biosensing platforms.

While most designs target terahertz frequencies, efforts have also
extended to the visible spectrum. The work in [34] proposed a dual-
frequency absorber inspired by the geometry of ancient Chinese coins,
integrating Au/SiO2/Au layers. This structure achieved near-perfect
absorption (99.9%) at two distinct visible wavelengths and demonstrated
tunability through geometric parameter adjustments, opening possibilities
for photonic and optoelectronic device integration. Additionally, in [35], a
dual-band metamaterial absorber was developed for electromagnetic
interference (EMI) shielding in communication sysiems, particularly GSM
(1.8 GHz) and sub-6 GHz 5G (3.5 GHz). The design achieved absorption
peaks of 98.7% and 99.7% with excellent angular stability up to 60°.
Equivalent circuit modelling confirmed the absorption mechanisms, and
the fabricated prototype exhibited strong agreement with simulations.
Importantly, the absorber demonstrated high shielding effectiveness of
40.12 dB and 36.81 dB at the respective bands, underscoring its suitability
for practical EMI control in modern wireless technologies.

Even though the above-mentioned designs have demonstrated promising
absorption characteristics and valuable application potential, they still
present certain limitations that restrict their overall efficiency in practical
scenarios. Many of the reported structures suffer from relatively low
sensitivity, which reduces their ability to precisely detect minute
variations in the analyte refractive index. In addition, several of these
designs rely on complex geometries or multi-layered configurations, which
not only increase fabrication challenges but also make the structures less
compact. Another drawback lies in the limited quality factor observed in
some absorbers, where broader resonance peaks reduce spectral
selectivity and thereby compromise sensing accuracy. Furthermore,
polarization dependence and angular instability in certain designs restrict
their adaptability to real-world environments where incident waves may
not always be ideally aligned.

These limitations are effectively addressed in the proposed design, which
achieves a compact and easily realizable structure without sacrificing



performance. By carefully optimizing the resonator configuration and
introducing graphene layers for tunability, the design attains significantly
enhanced sensitivity, sharper resonances with higher quality factors, and
near-unity absorption. The dual-band operation not only broadens
functionality but also ensures precise detection across multiple frequency
points. Moreover, the simplicity of the structure reduces design complexity
while maintaining robustness, thereby overcoming the major
shortcomings of earlier works and making it more suitable for advanced
terahertz sensing and absorption applications. Additionally, the proposed
design goes a step further by integrating machine learning (ML) models,
which not only analyze and predict absorption characteristics with high
precision but also enable intelligent detection of target biomarkers,
including viruses, for biosensing applications. By training ML algorithms
on absorption spectra and resonance behavior, the system can rapidly
identify subtle variations in the frequency response that are often difficult
to distinguish through conventional methods. This integration enhances
detection accuracy, reduces analysis time, and supports real-time
decision-making, thereby extending the utility of the absorber beyond
conventional sensing to advanced biomedical diagnostics.

II. Design Procedure

Fig. 1(a) illustrates the periodic structure of the proposed absorber. The
design is based on a unit cell with diinensions of 80 pm X 80 pm, arranged
in a periodic array to achieve dual-band absorption characteristics. The
incoming terahertz wave interacts with the periodic unit cell, where the
carefully engineered muliilayer configuration ensures strong confinement
and resonance. The bottom gold layer, with a high conductivity of 4.561 X
107 S/m, serves as a perfect reflector, eliminating transmission and
ensuring maximum absorption within the designed frequency band. Fig.
1(b) shows the front view of the absorber, where a SiO: substrate with
permittivity € = 2.25 and thickness tgjo2 is placed between the patterned
resonator and the ground plane. Graphene tunability is realized through
an electrostatic field-effect configuration, as illustrated in the updated Fig.
1(b). A top metal gate is placed above a thin ion-gel or high-k dielectric
layer, forming a capacitor with the graphene sheet. By applying a gate
voltage (Vy) of a few volts, the carrier density of graphene can be
modulated, enabling variation of its chemical potential (11c) from 0.1 eV to
1.0 eV. This modification alters the surface conductivity derived using the
Kubo formalism, thereby tuning the absorption response. The lateral
positioning of the gate contact and dielectric ensures that the analyte
directly interacts with graphene, while remaining electrically isolated from
the bias electrodes, making the structure compatible with biosensing
applications. The resonator consists of four concentric octagonal rings,



strategically designed to support multiple resonance modes. Among these,
Rings 1 and 2 are made of gold, while Rings 3 and 4 are composed of
graphene. The graphene rings are modeled with an initial chemical
potential of 0.1 eV, a temperature of 300 K, and a relaxation time of 1 ps.
This hybrid use of gold and graphene provides tunability and strong
plasmonic response, enabling efficient dual-band absorption. Fig. 1(c)
presents the unit cell view of the absorber, highlighting the arrangement
of the four octagonal rings. The varying radii of these rings ensure
coupling at different frequencies, thereby producing distinct resonant
modes. The geometric symmetry contributes to polarization insensitivity,
while the material combination ensures both high-quality resonance and
tunability across the terahertz spectrum. Fig. 1(d) depicts the equivalent
circuit (EC) model of the structure. Each ring is modeled using a
combination of inductors (L) and capacitors (C) to represent its
electromagnetic behaviour. The gold rings (Rings 1 and 2) are modeled
with corresponding LC resonators (L:C: and L2C:), while the graphene
rings (Rings 3 and 4) are represented by tunable resonant branches (LsCs
and L4Ca4), capturing the graphene-induced plasmonic effects. The parallel
connection of these resonators’ mimics the overall absorber behaviour,
where the combined impedance is engineered to match free space
impedance (Zo = 377 Q). This equivalent circuit model not only validates
the electromagnetic simulation but also provides physical insight into the
resonance mechanism.
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Fig. 1. Proposed Absorber: (a) Periodic structure, (b) Front View, (c) Unit Cell, (d)
Equivalent Circuit (EC), and (e) Frequency Response.

Fig. 1(e) shows the frequency response of the proposed absorber,
comparing the absorption spectrum with the simulated Si: (CST) and Su1
(Equivalent Circuit) resulis. The absorption peaks in the terahertz range
closely align with the dips in Si1, confirming excellent agreement between
CST simulations and the circuit model. The strong absorption indicates
that the structure achieves near-perfect impedance matching, while the
multi-resonant nature of the design arises from the hybrid gold-graphene
ring configuration. To ensure accuracy, the design optimization was
carried out using CST Microwave Studio with the frequency-domain solver
(FDS). A mesh resolution of 122 cells per wavelength was applied,
resulting in 199,657 tetrahedrons for precise computation. This fine
meshing ensured convergence of results and minimized numerical errors,
validating the structural performance. To better understand the physical
mechanism behind the dual-band absorption, the design is interpreted
using an equivalent circuit model (EC). The four-ring metamaterial is
modeled as four parallel branches interacting with the incoming THz wave.
Each gold ring (rings 1 and 2) is represented by a series R-L-C resonator,
since metallic rings store energy in both magnetic (inductive) and electric
(capacitive) forms, while also exhibiting finite ohmic and radiative losses.
Each graphene ring (rings 3 and 4) is represented as a series R-L branch,
dominated by conductive response with kinetic inductance. The graphene



branches are placed in parallel with the respective gold resonators they
couple to. Physically, the gold rings determine the two resonance
frequencies (dual-band operation), whereas the graphene primarily
enhances dissipative loss near those resonances, improving impedance
matching with free space and increasing absorption toward unity. Because
the resistance of graphene ([Jg) is much larger than the resistance of gold
(), the resonance frequencies remain governed by the gold RLC rings.
Tthe substrate is represented by a parallel branch composed of a
capacitance Cg and a resistance Rs. The capacitance arises due to dielectric
loading, and can be approximated by the parallel-plate expression:

€0EA

Cs = (1)

tsio2

where gg is the vacuum permittivity, e,.=2.25 is the relative permittivity of
SiO2, A=80umx80um is the unit cell area, and ts is the substrate
thickness. For ts=9 pm, this yields Cs=63 fF. The corresponding dielectric
loss is modeled as:

1
wCstan b

Rs = (2)

with tan 6=0.001 for SiO2 at THz frequencies, giving Rs = 2.5kQ. This
large resistance indicates the substrate introduces negligible loss
compared to metal and graphene.

At the same time, the graphene branches introduce additional frequency-
dependent admittance that suppresses reflection without significantly
shifting the resonance positions. This behavior is quantitatively described
by the branch impedances:

For a gold branch (series R-L-C):

The complex impedance of a gold branch (series R-L-C) is given by
equation (3):

Zgold(jw) = R+ jwL + 1/jwC (3)

The complex impedance of the graphene branch (Series R-L) is given by
equation (4) [38]:

Zgraphene(jw) = Rg +jw|—g (4)

The complex impedance of the substrate branch is given by:

1

jwCq " Rs

Zsub(jw) =



The total admittance seen by the incoming wave is

Yeor(jw) = /Zl + 1/Zz + 1/Zg3 + 1/Zg4 + 1/Zsub (5)

The equivalent input impedance is Zgq(jw) = 1/Yeor(jw).

The reflection coefficient with respect to free-space impedance
(Zo=377 Q) is

_ Zeq(w)-Zo
Mw) = 2 oz (6)

Finally, since the absorber employs a metallic ground plane to eliminate
transmission, absorption is given by:

Alw) =1 -|M(w)]? (7)

For the target dual-frequency operation at 0.9623 THz and 1.4079 THz,
the circuit parameters were optimized. The gold rings were modeled with
inductances and capacitances of L;=40pH, C;=0.7017fF (lower
frequency), and L,=30pH, C,=0.4459 fF (higher frequency). The series
resistances representing ohmic and radiative losses were set as R1=0.8 Q
and R;=0.9 Q. The graphene rings were modeled with higher resistances
and small kinetic inductances: Rg3=150Q, Ly3=8 pH (enhancing the first
resonance) and Rg=180 (), Lj4=6 pH (enhancing the second resonance).
These values ensure that the gold rings set the resonant frequencies, while
the graphene branches introduce controlled dissipative loading. The
resulting equivalent circuit improves free-space impedance matching,
thereby pushing the absorption peaks close to unity. This agreement
between the physical design and circuit-level interpretation validates the
absorber’s dual-band performance.

ITII.Evolution of the absorber

The performance of the proposed absorber was systematically studied by
incrementally adding metallic and graphene rings to understand their
contributions to absorption enhancement. Figure 2 illustrates this step-by-
step evolution. Figure 2(a) shows the response of the absorber when only
a single gold ring (Ring 1) is present. In this case, the structure resonates
at 0.9787 THz with a peak absorption of 0.9625. This indicates that a single
metallic resonator is capable of supporting a fundamental resonance, but
the absorption is not yet maximized.

When a second gold ring (Ring 2) is introduced, as shown in Figure 2(b),
the absorber begins to exhibit a dual-band response. Resonances are



observed at 1.434 THz with a peak absorption of 0.9637. The introduction
of Ring 2 introduces additional capacitive and inductive coupling, enabling
the absorber to operate over multiple resonant frequencies. However, the
absorption strength at both resonances remains slightly limited due to
insufficient impedance matching with free space.

The incorporation of graphene Ring 3, shown in Figure 2(c), significantly
enhances the absorption characteristics. With this addition, the absorber
demonstrates improved impedance matching due to the resistive and
kinetic inductive contribution of graphene. The resulting peak absorption
values increase to 0.9848 at 0.9758 THz and 0.9995 at 1.4224 THz. This
improvement clearly highlights the role of graphene in introducing
controlled dissipative losses that optimize absorption without shifting the
resonance positions dominated by the gold rings.

Finally, the proposed configuration, shown in Figure 2(d), includes both
gold rings (Rings 1 and 2) and both graphene rings (Rings 3 and 4). This
optimized design exhibits nearly perfect absorption, achieving 0.9998 at
0.9623 THz and 0.9995 at 1.4079 THz. The presence of the second
graphene ring further strengthens admittance at both resonant
frequencies, pushing the absorption peaks very close to unity and ensuring
excellent impedance matching.

An additional advantage of introducing graphene is its tunability via the
chemical potential (pc). By varying 1, through electrostatic gating or
chemical doping, the surface conductivity of graphene can be dynamically
controlled. This, in turn, adjusts the effective admittance of the graphene
branches, allowing post-fabrication tuning of absorption strength and
bandwidth. Such = tunability provides flexibility for real-time
reconfiguration of the absorber, making it highly suitable for practical
terahertz sensing and communication applications.

Thus, the stepwise evolution from a single metallic resonator to the final
hybrid gold-graphene configuration clearly demonstrates the role of gold
in defining the resonant bands and graphene in enhancing and tuning
absorption, culminating in the proposed absorber with near-unity
performance at dual frequencies.
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(Proposed).

IV. Parametric Variation

To optimize the absorber, a systematic parametric study was performed
where only one parameter was varied at a time while keeping others
constant. Each case also includes the electric fieid distribution, which
validates the observed absorption behavior as depicted in Figure 3. The
analysis provides insight into the physical mechanisms behind the
observed resonances and helps identify the best dimensions for near-unity
absorption. Initially, the substrate thickness (tsi2) was varied from 7 pm
to 11 pm in steps of 1 pym as shown in Figure 3(a). At tsio2 = 9 um, the
absorber achieves nearly perfect absorption of 0.99986 at 0.9623 THz and
0.99992 at 1.4079 THz. The electric field distribution shows strong
confinement at this thickness, indicating excellent impedance matching
with free space. At smaller (7 pm, 8 ym) or larger values (10 pm, 11 pm),
the absorption slightly decreases because the effective optical path length
shifts the resonance condition, leading to minor impedance mismatch.
Next parameter considered was the outer radius of Ring 1, ry1, varied from
29 pm to 31 pm. The best performance occurs at ro; = 30 pym, where the
structure exhibits maximum absorption at both resonances as depicted in
Figure 3(b). This is because the outer radius directly governs the
inductive-capacitive balance of the fundamental resonance. Any deviation
from 30 pm either reduces the coupling efficiency or shifts the resonance
away from the designed band, lowering the absorption. Similarly, the inner
radius of Ring 1, rj;, was varied between 27 pym and 29 pm, with the
optimum at 28 pm as shown in Figure 3(c). At this value, the field
distribution confirms stronger confinement inside the ring, which
enhances absorption. When the value is smaller or larger than 28 pm, the
geometric symmetry and effective capacitance are altered, leading to less
efficient resonance coupling and reduced absorption.



In the following case, the outer radius of Ring 2, ry;, was varied from 21
pm to 23 pm. The maximum absorption is achieved at 22 pym, where the
resonance condition aligns perfectly with the target bands as depicted in
Figure 3(d). At 21 pm or 23 pm, slight detuning reduces absorption
strength because the stored electric and magnetic energies do not balance
optimally. The next parameter studied was the inner radius of Ring 2, rj,
varied between 19 pm and 21 pm as depicted in Figure 3(e). The highest
absorption occurs at 20 pym, which provides the correct capacitive gap and
inductive loop size for strong resonance. At other values, either the ring
becomes too narrow, increasing resistance and lowering the Q-factor, or
too wide, shifting capacitance and resonance frequency, leading to weaker
absorption.

Continuing with Ring 3, its outer radius r,3 was adjusted from 13 ym to 15
pm, with the optimum value being 14 pm as depicted in Figure 3(f). This
dimension ensures strong coupling between the gold and graphene rings,
thereby enhancing absorption at both bands. At 13 pym or 15 pm, the
resonance becomes slightly misaligned due to changes in the loop
inductance, which results in lower confinement and reduced absorption.
Following this, the inner radius of Ring 3, i3, was varied between 11 pm
and 13 pm, with the optimum performance cbserved at 12 pm as depicted
in Figure 3(g). At this point, the resonance condition is satisfied precisely,
giving near-unity absorption. Smeller values increase capacitance and
shift the resonance away, while larger values reduce field confinement,
both cases leading to weaker absorption efficiency.
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Next, the outer radius of Ring 4, ro4, was varied between 5 pm and 7 pm,
with the best result at 6 pym as depicted in Figure 3(h). At this size, the
absorber shows strong localized electric fields in the graphene ring,
boosting absorption at both resonances. At smaller or larger values,
detuning occurs due to mismatched inductive loading, which slightly
decreases the absorption strength. Finally, the inner radius of Ring 4, ria,
was varied from 3 pm to 5 pym, where the optimum occurs at 4 pym as
depicted in Figure 3(i). The electric field distribution at this value shows
maximum concentration in the graphene region, confirming strong
coupling. At 3 pm or 5 yum, the capacitance is disturbed, which reduces the
absorption performance.

In all cases, the optimum parameter set (tsio2 = 9 pym, ro1 = 30 pm, rj; =
28 ym, rop = 22 pym, rjp = 20 uym, ro3 = 14 pym, ri3 = 12 uym, ros = 6 pm, 1y



= 4 pm) ensures strong field confinement and excellent impedance
matching with free space, giving rise to near-unity absorption. In contrast,
deviations from these values disturb the resonant balance of inductance
and capacitance, causing slight impedance mismatch and reduced
absorption efficiency.

V. Stability Analysis and Tunability

The absorber exhibits polarization-independent behavior due to the
inherent symmetry of its geometry. As shown in Fig. 4(a), the absorption
spectra under both TE and TM polarizations demonstrate nearly identical
responses, ensuring robustness against variations in polarization states of
the incident wave. This characteristic is particularly beneficial for
practical applications, where incident waves often encounter arbitrary
polarization. Further analysis of angular stability is presented in Fig. 4(b)
and Fig. 4(c) for TE and TM incidences, respectively. Under TE incidence,
the absorber maintains an absorption above 90% for incidence angles up
to approximately 70°, after which the performance shows a gradual
decline. Similarly, under TM incidence, the structure sustains an
absorption above 90% for angles up to 60°, beyond which the efficiency
decreases. These results confirm that the designed absorber maintains a
strong and stable resonance response over a wide angular range. The
combination of polarization insensitivity and high angular tolerance
underscores the robustness of the proposed design, making it highly
suitable for terahertz sensing and communication applications where
signals often impinge from multiple directions and polarization states.
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Fig. 4. Polarization and angular response: (a) Absorption under TE and TM
polarizations. Angular Stability for (b) TE incidence, (c) TM Incidence, and (d)
Graphene's Tunability.

Graphene is a two-dimensional sheet of carbon atoms arranged in a
honeycomb lattice, exhibiting exceptional electrical and optical properties
that make it a promising material for terahertz and infrared applications.
In this work, graphene is modeled in CST using the surface impedance
approach derived from the Kubo formalism, where its interaction with
electromagnetic waves is governed by its surface conductivity (o). For
numerical stability in the solver, an equivalent thickness of 1 nm is
assigned. This value does not represent a physical volumetric thickness,
but serves as a computational layer that preserves graphene’s intrinsic 2D
conductive behavior. Accordingly, the graphene rings in the proposed
structure are defined geometrically by width for layout purposes, yet they
function electrically as thin conductive sheets characterized by surface
impedance, rather than as bulk micrometer-thick metallic conductors [39],
[40], [41]. Graphene’s surface conductivity, og(w), is commonly modeled



through the Kubo formalism as the sum of intraband and interband
contributions:

OG(w) = Ointra(w) + 0'inter((")) (8)

The intraband (Drude) term is given by:

_ 2e2kpT [ Mc ]
O; W) =—=="b h
|ntra( ) ey i/ )In 2C0Ss 2T (9)

The interband contribution is expressed by:

hw-2pc| i (hw+2p)?

2kgT | 2" (hw-2pc)2 +(2kpT)?

_ €’
ointer(w) ~ an

(10)

Here, the parameters are defined as follows: e is the elementary charge, h
is Planck’s constant divided by 2m, and kg represents the Boltzmann
constant.

At THz frequencies, the intraband contribution is typically dominant,
reflecting the strong free-carrier response of graphene. In contrast, the
interband term becomes increasingly important at higher frequencies due
to interband transitions. By varying the chemical potential p., one can
actively tune the balance between these twc contributions. This tunability
allows precise adjustment of absorption strength, bandwidth, and
resonance position, thereby making graphene an excellent platform for
reconfigurable absorbers and multifunctional devices in the THz regime.
Figure 4(d) illustrates the tunable absorption characteristics of the
proposed absorber by varying the chemical potential (u.) of graphene from
0.1 eV to 1.0 eV. A clear trend is observed: as . increases, the resonance
peaks shift progressively towards lower frequencies. This behaviour arises
from the fundamental electronic properties of graphene, where the surface
conductivity is strongly dependent on its chemical potential. An increase
in 1. enhances the carrier concentration in graphene, thereby increasing
its plasmonic activity. This results in stronger light-matter interaction and
modifies the effective refractive index experienced by the incident
terahertz waves. Consequently, the resonance condition is satisfied at
longer wavelengths (lower frequencies), leading to a redshift in the
absorption spectrum. This dynamic tunability highlights one of the most
compelling advantages of integrating graphene into metamaterial
absorbers. Unlike conventional materials with fixed electromagnetic
properties, graphene allows real-time control over the resonance
characteristics through external biasing. Such reconfigurability enables
the absorber to adapt to varying operational requirements, making it
highly suitable for multifunctional terahertz sensing, modulation, and
communication systems.

1 1
3 + Earctan(




VI. Field Distribution

The surface current distribution of the proposed absorber at the two
operating frequencies is illustrated in Fig. 5. At 0.95 THz, as shown in Fig.
5(a), the current vectors on the bottom gold layer form a distinct circular
loop beneath the region corresponding to the outer metallic ring. This
strong inductive circulation indicates that the first resonant mode is
primarily governed by the excitation of the outer gold ring (Ring 1). A
similar observation is made in Fig. 5(b), where the surface current density
is concentrated along the periphery of the outer ring. The strong
confinement of current around Ring 1 confirms that the absorption peak
at 0.95 THz originates from this resonator. Furthermore, the adjacent
graphene ring (Ring 3) contributes additional loss, which improves
impedance matching and elevates the absorption peak. At the second
resonant frequency of 1.376 THz, the surface currents display a different
distribution, as depicted in Figs. 5(c) and 5(d). On the bottom gold sheet
(Fig. 5(c)), the current loops are observed to be more localised towards
the centre of the structure, corresponding to the position of the inner
metallic ring (Ring 2). This indicates that the resonance at 1.376 THz is
mainly associated with the excitation of Ring 2. In Fig. 5(d), the surface
current density is concentrated predominantly along Ring 2, with
complementary contributions from the adjacent graphene ring (Ring 4).
This configuration results in tighter field confinement near the central
region of the unit cell, thereby enhancing the absorption peak. Thus, the
surface current distributions validate that the two resonant frequencies
are attributed to distinct resonating elements, i.e., the outer ring pair (gold
+ graphene) at 0.95 THz and the inner ring pair at 1.376 THz. While the
gold rings govern the primary resonances, the graphene rings act as
auxiliary lossy components that suppress reflections and improve
impedance matching, ultimately leading to near-unity absorption at both
bands.
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Fig. 5. Surface current distribution at (a, b) 0.95 THz and (c, d) 1.376 THz, showing
currents on the bottom gold plane (a, c¢) and the top resonator plane (b, d).

VII. Machine Learning Models

Machine learning (ML) has emerged as a powerful tool to accelerate both
the design and optimisation of THz absorbers and biosensors. Instead of
relying solely on computationally expensive full-wave simulations, ML
models trained on simulated or experimental datasets can efficiently
forecast critical performance indicators such as absorption, sensitivity,
and figure of merit. In the context of biosensing, ML algorithms are
particularly advantageous, as theyv can identify subtle spectral shifts
induced by biomolecular interactions with a higher degree of accuracy.
This capability not only improves detection reliability but also facilitates
adaptive control of device behaviour for either broadband or narrowband
operation, depending on tiie application. Building on these strengths, the
present work integrates ML-driven prediction and optimization with a
compact, tunable, and switchable absorber configuration, enabling
multifunctional THz biosensing with superior efficiency [42], [43], [44],
[45], [46], [47]. ML techniques are broadly classified into supervised
learning, where models learn from labelled data to predict outcomes,
unsupervised learning, which uncovers hidden structures in unlabelled
data, and reinforcement learning, where agents optimize decisions
through feedback from dynamic environments. In this work, four
supervised machine learning algorithms were employed to model and
predict the absorption response: Linear Regression (LR), Random Forest
(RF), Gradient Boosting (GB), and Support Vector Regressor (SVR). Each
of these models operates on a distinct mathematical principle, providing
complementary insights into the relationship between structural
parameters and absorption.

LR served as the baseline model. It assumes that the target variable can

be expressed as a linear combination of the input features x;, following the
formulation



Y =Bo + ZiL1Bixi + € (11)

Here B; are the regression coefficients and € is the error term. While LR is
easy to interpret and computationally efficient, its inherent assumption of
linearity limits its capacity to capture the highly non-linear dependencies
in electromagnetic absorption, as reflected in its low R? score.

RF, an ensemble method, mitigates the Ilimitations of linearity by
aggregating the outputs of multiple decision trees. Each tree is trained on
a random subset of the training data and features, and the final prediction
is obtained through averaging:

Y = 1/T3{_1 he(x) (12)

where 7 denotes the number of trees and /A:(x) is the prediction of the tth
tree. This randomization strategy reduces variance and prevents
overfitting while allowing the model to capture complex feature
interactions, leading to significantly improved performance.

GB further refines ensemble learning by building trees sequentially, with
each learner trained to minimise the residual errors of its predecessors.
The additive model is expressed as

Fm(X) = Fm_1(x) +nhy(x) (13)

where F(x) is the boosted model after m iterations, h,(x) is the weak
learner, and n is the learning rate. By focusing on error correction in each
stage, GB progressively impiroves accuracy and generalisation. In this
study, GB achieved the highest predictive performance, reflecting its
ability to capture iniricate non-linear dependencies within the dataset.

Support Vector Regressor (SVR) represents a kernel-based approach that
attempts to fit a regression function within a margin of tolerance €. Its
regression function can be expressed as

f(x) = (o -« [)Kx x) +b (14)

where « j, ocT are Lagrange multipliers, K(x; x) is the kernel function
(radial basis function in this case), and b is the bias term. SVR is
particularly effective in modelling non-linear relationships by projecting
the data into a higher-dimensional space. However, compared to tree-
based ensembles, its performance here was moderate, suggesting that the
dataset’s structure favoured ensemble learning methods.

The predictive performance of the four machine learning models is
summarised in Table 1, where R?, RMSE, and MAE were considered as
evaluation metrics. A clear distinction can be observed between the
outcomes of linear and non-linear approaches. The Linear Regression (LR)



model resulted in a very low R? value of around 0.11, with relatively high
error values. This indicates that absorption behaviour cannot be
sufficiently explained through a simple linear relationship between the
structural parameters and the output. Such poor performance is expected,
since electromagnetic absorption is inherently governed by highly non-
linear and multi-parametric interactions that linear models are not
designed to capture. By contrast, the Random Forest (RF) model provided
a significant improvement, achieving an R? value of about 0.86 along with
much lower RMSE and MAE. The ensemble averaging mechanism in RF
allows it to capture complex nonlinear dependencies and interactions
between features, leading to robust predictions. This result demonstrates
the effectiveness of tree-based methods for non-linear datasets, although
RF can sometimes be prone to overfitting.

The Gradient Boosting (GB) model further advanced predictive
capability, delivering the best performance among the tested algorithms.
It reached an R? of nearly 0.89 with the lowest RMSE and MAE values.
Gradient Boosting’s strength lies in its sequential learning process, where
each new model focuses on correcting the errors made by the previous
ones. This iterative refinement enables the algorithm to identify subtle
feature contributions and capture intricate variations in the data. The
superior performance of GB highlights its suitability for modelling complex
absorption mechanisms. The Suppoirt Vector Regressor (SVR) achieved
moderate results, with an R? of about 0.65 and higher errors compared to
the ensemble methods. While SVR is effective in handling non-linear
relationships through the use of kernel functions, its performance in this
case suggests that it was not as well-suited to capturing the broader range
of feature interactions present in the dataset. Nevertheless, SVR still
performed better than the purely linear model, confirming its ability to
model at least part of the non-linearity. Taken together, these results
confirm that tree-based ensemble methods, particularly Gradient
Boosting, offer the most reliable and accurate predictive framework for
absorption modelling. Linear models are insufficient due to the intrinsic
non-linearity of the problem, while kernel methods such as SVR provide
intermediate accuracy but do not outperform ensembles in this case. The
findings strongly support the application of advanced ensemble techniques
in predictive modelling of electromagnetic absorption phenomena.

Table 1. ML Models predictive performance

Model R2 RMSE MAE
Linear Regression 0.109675 | 0.251581 | 0.202766
Random Forest 0.862688 0.0988 0.04995
Gradient Boosting 0.865328 | 0.097846 | 0.049121

Support Vector 0.655201 | 0.156562 | 0.119818
Regressor
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Fig. 6. Absorption: True vs Predicted.

As depicted in Fig. 5, the scatter plots illustrate the relationship between
predicted and true absorption values for the four ML models employed.
The red dashed line represents the ideal fit, where predicted values
perfectly match the true observations. For Linear Regression, the data
points show a wide scatter away from the ideal line, indicating that the
model is unable to capture the non-linear behaviour of the absorption
response. Predictions cluster around lower values, reflecting the
limitations of the linear assumption and explaining the low R? score. In the
case of the Support Vector Regressor, the distribution of points shows an
improved alignment with the ideal line compared to Linear Regression, but
significant deviations remain, especially at higher absorption values. This
suggests that while SVR is capable of modelling some non-linear
relationships, it does not fully capture the complex dependencies in the
dataset.

The Random Forest and Gradient Boosting models, on the other hand,
show a much closer alignment with the ideal fit. In both cases, the majority
of points are densely distributed around the diagonal line, demonstrating



strong agreement between predicted and true values. Gradient Boosting
in particular exhibits the tightest clustering, with minimal scatter, which
is consistent with its superior quantitative performance metrics.

VIII. Refractive Index Sensing

The refractive index (RI) sensing performance of the proposed absorber
was investigated to demonstrate its applicability for biosensing
applications. Owing to its dual-band absorption characteristics with
narrow full-width at half maximum (FWHM) values of 0.0682 THz and
0.083 THz, the structure provides strong frequency selectivity, which is
essential for the precise detection of small RI variations. As shown in Fig.
7(a), the analyte layer of thickness t,, is deposited on top of the device,
directly interacting with both the graphene and gold resonating elements.
This top-layer placement ensures that even minor changes in the dielectric
properties of the analyte strongly perturb the local electromagnetic fields,
thereby shifting the resonance positions.

To examine the influence of analyte thickness on sensing performance,
Fig. 7(b) presents the frequency shift (FS) for two representative refractive
indices, N = 1.4 and n = 1.8, for both resonant bands. The results show
that the FS increases steadily as the analyte thickness t;, grows, since a
thicker analyte layer enables a larger portion of the resonant near-field to
overlap with the sensing region. HHowever, once the thickness reaches
approximately t,, = 1 um , the FS approaches saturation. This behavior
indicates that the dominant evanescent field responsible for refractive-
index sensing is effectively confined within the first micron above the
absorber surface

The frequency shift is calculated as:

'fr

ftan ef
FS = " foor X 100%where f;_.is the resonance frequency for a given
re

analyte thickness and f..fis the reference frequency without the analyte.
The saturation trend confirms that increasing the analyte thickness

beyond ~ 1 um does not significantly alter the resonance behavior.

Therefore, t,, = 1 um is sufficient to achieve optimal sensing performance
in the proposed dual-band absorber.
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Fig. 7. (a) Analyte, (b) FS vs t,y, and (c) Frequency Response.

To evaluate the sensing capability, the refractive index of the analyte was
varied systematically from RI = 1.0 to RI = 2.0 in steps of 0.2. The resulting
absorption spectra are plotted in Fig. 7(c). It is observed that the resonant
peaks undergo a progressive shift towards higher frequencies (blue shift)
as the RI of the analyie increases. This frequency shift occurs because a
higher refractive index enhances the effective permittivity in the vicinity
of the resonators, altering the resonance condition and thereby displacing
the absorption bands. Importantly, the dual-band response remains clearly
distinguishable for all RI values, reflecting the stability and robustness of
the absorber design. The sensitivity of the structure is inherently tied to
the strong field confinement within the resonant rings, which makes the
device highly responsive to variations in the surrounding dielectric
medium. The combination of sharp resonances (narrow FWHM), high
absorption efficiency, and consistent frequency shifts demonstrates that
the proposed absorber is well-suited for biosensing and chemical detection
applications. In particular, the ability to track changes in resonant
frequencies with different refractive indices confirms its potential as a
reliable platform for detecting different viruses, biological analytes,
including pathogens and biochemical solutions.

This behavior contrasts with the typical redshift in conventional dielectric-
loaded THz resonators and originates from the graphene-metal hybrid



region, where the analyte-induced variation reduces effective capacitive
loading, producing a net increase in resonance frequency.

Fig. 8(a) illustrates the resonance frequency shift (Af) and the
corresponding sensitivity (S) as functions of the refractive index (RI). The
resonance shift, defined as the difference between the present and
previous resonance frequencies (Af = fi - fi-1), indicates the absorber’s
responsiveness to RI variation. The shift in Band 1 between RI = 1.2 and
RI = 1.4 increases from 0.0067 THz to 0.0487 THz, while Band 2 shows a
corresponding change from 8.0x10-* THz to 0.0028 THz. These subtle
variations become visually compressed in the full-scale plot of Fig. 8, but
the extracted values clearly confirm that both resonances respond to
changes in refractive index.

Sensitivity (S), calculated using S = Af / ARI, increases for both bands as
the RI rises, highlighting effective sensing behaviour. However, Band 1
consistently exhibits higher sensitivity than Band 2, achieving a maximum
value of 1.7435 THz/RIU at RI = 2.0, whereas Band 2 records 1.2057
THz/RIU. This confirms that Band 1 is more reactive to RI perturbations,
making it suitable for high-resolution detecticn. Fig. 8(b) shows the
variation of full width at half maximum (FWHM) and the figure of merit
(FOM) with RI. The FOM, determined as FOM = S / FWHM, quantifies the
sensing precision by relating sensitivity to resonance sharpness. The
nearly stable FWHM across RI values ensures that the resonance peaks
remain well-defined and undistorted. As RI increases, the FOM rises
steadily, reaching a maximum of 25.60 RIU-! for Band 1 and 15.19 RIU*
for Band 2 at RI = 2.0, confirming the superior sensing accuracy of Band
1.

Fig. 8(c) presents the quality factor (Q), defined by Q = f- / FWHM, where
fr is the resonance frequency. Both bands exhibit increasing Q values with
RI, indicating progressively sharper resonances. The maximum Q values
reach 19.23 for Band 1 and 19.65 for Band 2 at RI = 2.0. Interestingly,
although Band 2 has lower sensitivity and FOM, it achieves a slightly
higher Q, implying cleaner and narrower resonance peaks — beneficial for
stable and repeatable sensing. Therefore, the proposed dual-band
absorber demonstrates excellent sensing performance. Band 1 offers the
highest sensitivity (1.7435 THz/RIU) and FOM (25.60 RIU-!), while Band
2 provides the highest Q (19.65). This combination of high sensitivity, large
FOM, and sharp resonance validates the structure’s strong dual-band
biosensing capability, enabling accurate, stable, and reliable analyte
detection in the terahertz regime.
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Table 2 presents the semnsing performance parameters of the proposed
dual-band terahertz absorber for detecting different viruses and cancerous
cells. The proposed sensor maintains high and stable performance across
various biological analytes. The sensitivity values vary depending on the
virus type and refractive index, with the first band exhibiting higher
sensitivity in most cases. For example, the breast cancer cell sample shows
the maximum sensitivity of 0.1220 THz/RIU in the first band, while the
second band achieves a comparable value of 0.1405 THz/RIU for the
cervical cancer cell. This demonstrates the absorber’s strong dual-band
operation and high detection precision for subtle RI variations. The FWHM
values remain nearly constant across all analytes, ranging between 0.068-
0.0865 THz, which indicates stable and well-confined resonance peaks
with minimal spectral distortion. Consequently, the FOM values are
consistently high, reaching up to 1.794 RIU-! for the first band (breast
cancer cell) and 1.624 RIU! for the second band (cervical cancer cell).
These results confirm that the absorber provides superior sensing
accuracy and efficiency in both resonance bands. In terms of resonance
sharpness, the quality factor (Q) lies in the range of 14.2-14.8 for the first
band and 16.3-16.4 for the second band, reflecting well-defined and



narrow absorption peaks. Notably, the second band consistently shows
higher Q values, indicating enhanced resonance purity, which is beneficial
for precise detection and repeatability.

Thus, Table 2 clearly demonstrates that the proposed dual-band absorber
offers robust and consistent sensing performance across different viral
and cancerous samples, with high sensitivity, excellent FOM, and strong
Q factors. These characteristics highlight its potential for accurate
biosensing and early-stage disease identification in terahertz biomedical
applications.

Table 2. Sensing Performance for identifying different viruses.

S FWHM FOM Q
Virus RI 1st 2nd 1st 2nd 1st 2nd 1st 2nd
Band | Band | Band | Band Bgn Band | Band | Band
malaria 1.37 | 0.087 | 0.139 | 0.068 | 0.086 | 1.27 1621 14.22 | 16.30
(nl) 3 1 9 2 3 7 : 2 3
malaria 1.38 | 0.083 | 0.136 | 0.068 | 0.086 | 1.22 1577 14.25 | 16.30
(n2) 3 2 2 2 4 1 : 2 7
0.121 | 0.137 0.086 | 1.79 | , 14.85 | 16.30
Dengue 1.4 7 7 0.068 5 o | .592 5 0
basal cell - o
(cancerous | 1.38 0.%83 0.1337 0.%68 0.(18, | 1.65 1,589 14i28 16&37
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IX. ML Models for biosensing

The original biosensing dataset was based on limited discrete
measurements corresponding to refractive index (RI), resonance
frequency shifts, and absorption responses. To enhance the robustness of
machine learning (ML) model training, the dataset was systematically
expanded by interpolating the measured values and introducing synthetic
variations within the realistic physical constraints of the system. This
expansion allowed for a larger number of trainings, testing samples, while
maintaining the underlying physics of the biosensing mechanism.
Consequently, the enriched dataset captures a broader mapping between
the input parameters and the output absorption, enabling more accurate
model learning and improved generalisation.

Table 3 summarises the predictive performance of four ML models.
Linear Regression achieved the highest coefficient of determination (R? =
0.994), demonstrating a near-perfect linear mapping between true and
predicted absorption values. Its RMSE and MAE values were also the



lowest, confirming excellent predictive fidelity. Random Forest showed
slightly lower accuracy (R? = 0.972) with relatively higher error values
(RMSE = 0.201, MAE = 0.161). This indicates that while RF can capture
nonlinear interactions, it may have underperformed due to the smooth,
physics-driven structure of the dataset. Gradient Boosting achieved strong
performance (R? = 0.986), outperforming RF and yielding significantly
lower error metrics, highlighting its ability to balance bias and variance
effectively. Support Vector Regressor also provided robust predictions (R?
= 0.986) with errors similar to GB, confirming its strength in handling
complex nonlinear relationships in biosensing data. Thus, LR emerged as
the best performer due to the inherent linear correlation between RI-
induced frequency shifts and absorption changes. Ensemble methods (RF
and GB) and kernel-based SVR still provided competitive results,
highlighting the complementary roles of linear and nonlinear models in
biosensing prediction.

Table 3. ML Models Performance

Model R2 RMSE | MAE
Linear Regression 0.993986 | 0.093404 | 0.073494
Random Forest 0.972153 | 0.200992 | 0.161207
Gradient Boosting 0.986167 | G.141661 | 0.117917
Support Vector |
Regressor 0.9¢6013 | 0.142446 | 0.109215

Figure 9 presents the True vs. Predicted plots for each of the four models.
In all cases, the scatter points closely align with the reference diagonal
line, confirming strong agreement between actual and predicted
absorption values. The LR model displays the tightest clustering around
the diagonal, reflecting its superior R? score. Both GB and SVR show
slightly wider scattering but still maintain high predictive accuracy. RF
demonstrates comparatively larger deviations, particularly for extreme
values, which explains its reduced error performance.
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Fig. 9. Biosensing: True vs. Predicted plots.

Two distinct datasets were used for ML analysis inn this work. The first
dataset models the absorption response based on geometric parameters,
which results in a highly non-linear electromagnetic dependency; hence,
nonlinear ensemble methods (GB and RF) outperform Linear Regression.
In contrast, the biosensing dataset maps absorption/frequency shifts to
refractive index, where the response is predominantly linear; therefore,
Linear Regression achieves the highest accuracy (R? = 0.994). These
differences reflect inherent physical variations between geometry-
dependent EM behavior and RI-driven sensing characteristics

X. Comparison

The comparison presented in Table 4 highlights the performance of
various dual-band metamaterial absorbers reported in the literature
alongside the proposed design. Most earlier works have successfully
demonstrated dual-band absorption, but often at the expense of either
limited sensitivity, moderate figure of merit (FOM), or design complexity.
For instance, the absorbers in [28], [29], [30], [31], [33] achieve dual-band
operation, yet they generally involve intricate geometries that are
challenging to fabricate and integrate. Moreover, in many cases,
parameters such as polarisation insensitivity (PI) and tunability (Tu) are
either not realised or only partially addressed, restricting their practical
adaptability. In contrast, the proposed absorber demonstrates significant
advancements by achieving near-unity absorption at 0.9623 THz and
1.4079 THz while maintaining high sensitivities of 1.7435 and 1.475
THz/RIU. This directly translates into superior FOM values of 25.6 and
17.05, which are notably higher than those of earlier designs. The quality



factors (Q) of 19.23 and 19.65 further confirm its sharp resonances,
enabling precise detection capabilities. Importantly, the design maintains
a relatively thin profile (9.07 um), while simultaneously ensuring
polarisation insensitivity and tunability. Unlike the complex unit cell
arrangements observed in prior works, the proposed absorber achieves
this performance with a simpler geometry, making fabrication more
straightforward and practical.

Table 4. Comparison with other articles.

Band S FOM T Design
Ref S f (THz) | (THz/RIU | (1/RIU Q (pqm | PI | Tu | Metho
) ) ) d
51, 6.7, ve | MM
[33] 2 oL 1208472 | ST i 3 |no| Y
0.97, 0304, | 247, | 7.65, ve | MM
[31] 2 2.88 0.912 249 | 787 | 18 | No|~g
0.78, | 0.0515, | 0.86, | 12.8, ve | MM
[30] 2 0.904 0.076 115 | 135 | - | R0 |
[29] 2 2'%93%' 09304 | 1253 | 237 | 50 | no| - | MM
1.994, 3.66, | 12.24, ve | MM
[28] 2 S 0.6,08 | 35r |'§% I no | ¥
[36] 2 0'8%1'3 0.03 33 | 1214 | 250 | No | No MM
[37] 1 1.9656 0.836 9.238 21i71 33.7 3;8 yse MM
Propose 9 0.9623, | 1.7435, | 25.6, | 19.23, 907 | Ye | Ye [ MM
d 1.4079 | 1.475 | 17.05 | 19.65 | > s | s

XI. Conclusion

A dual-band, graphene-assisted metamaterial absorber has been designed
and optimised for biosensing in the terahertz regime. The combination of
gold and graphene rings ensures strong resonant absorption and
tunability, achieving near-perfect absorption at two distinct frequencies.
The structure not only exhibits superior sensitivity, figure of merit, and
quality factor compared to previously reported designs, but also offers
compactness and ease of fabrication. Through equivalent circuit modelling
and parametric analysis, the absorption mechanism and the effect of
geometrical variations were thoroughly explained. Additionally, the
integration of machine learning provides a significant advantage by
accelerating performance prediction and enhancing biosensing accuracy,
particularly for virus detection. Overall, the proposed design bridges the
gap between high-performance THz absorbers and intelligent sensing
platforms, offering a promising pathway toward practical biomedical and
environmental sensing applications.
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