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This work introduces a high-performance graphene–silver hybrid metasurface biosensor for the fast 
and precise detection of COVID-19. Through parametric optimization with COMSOL Multiphysics, the 
sensor achieves a sensitivity of 400 GHz/RIU, a figure of merit (FOM) of 5.000 RIU⁻¹, and a Q factor of 
12.7 within the refractive index range of 1.334–1.355 RIU. A machine learning framework enhances 
predictive reliability across different refractive indices, as reflected by a coefficient of determination 
(R²) of 0.90. The fabrication strategy—combining CVD graphene growth, electron beam lithography, 
and silver deposition—ensures scalability and practical realization. The novelty of this study lies in 
the synergistic integration of a graphene–silver metasurface platform with machine learning-based 
predictive modeling, enabling rapid, label-free, and highly accurate COVID-19 detection. Unlike 
conventional RT-PCR and antigen-based tests, which suffer from delays, high costs, or reduced 
sensitivity in asymptomatic cases, the proposed sensor achieves superior balance between sensitivity, 
figure of merit, and predictive accuracy, thereby surpassing state-of-the-art optical and terahertz 
biosensors. This positions the device as a novel, portable, and cost-effective diagnostic tool for next-
generation pandemic preparedness.
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The emergence of SARS-CoV-2 at the end of 2019 reshaped global public health frameworks, sparking a 
pandemic of unprecedented scale that exposed critical weaknesses in diagnostic and surveillance infrastructures 
worldwide1. The rapid transmission of COVID-19, fueled by high contagiousness, asymptomatic carriers, and 
the emergence of viral variants, emphasized the urgent need for reliable, scalable, and rapid diagnostic tools 
capable of real-time epidemiological monitoring2. Beyond health impacts, the pandemic disrupted economies 
and healthcare systems globally, underlining the importance of innovative diagnostic technologies adaptable 
to diverse geographic and resource-constrained environments3. Conventional diagnostic methods such as 
reverse transcription polymerase chain reaction (RT-PCR) and antigen-based assays were central to pandemic 
management but exhibited notable limitations. RT-PCR, despite its high sensitivity, required sophisticated 
laboratory infrastructure, trained personnel, and long turnaround times, restricting its use in decentralized 
point-of-care testing4,5. Antigen tests, while faster and cheaper, suffered from reduced sensitivity in early-stage 
or asymptomatic infections, often leading to false negatives6–9. Additional challenges—including supply chain 
constraints, high operational costs in low-resource settings, and scalability issues during pandemic peaks—
further limited their utility10.

To address these drawbacks, Surface Plasmon Resonance (SPR) has emerged as a powerful alternative 
diagnostic platform. SPR biosensors exploit optical resonance phenomena at metal–dielectric interfaces, 
enabling real-time, label-free detection of biomolecular interactions with high sensitivity and specificity11,12. 
Unlike conventional assays, SPR requires minimal sample preparation, offers rapid results, and is amenable 
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to miniaturization for portable testing devices13,14. Recent developments have targeted SARS-CoV-2 antigens 
using antibodies, aptamers, and molecularly imprinted polymers15–19. Enhancements including microfluidics, 
temperature regulation, and advanced signal processing further improved sensitivity and reduced noise20,21, while 
the incorporation of artificial intelligence and machine learning algorithms enhanced signal discrimination, 
diagnostic accuracy, and reduced false positives22,23.

Parallel to these advances, nanomaterial- and metasurface-based biosensors have gained prominence owing 
to their superior light–matter interaction and tunability. Aggarwal et al. reported an FEM-simulated biosensor 
using graphene, MXene, and black phosphorus with 2000  GHz/RIU sensitivity (R² = 98.918%)24. Alabsi et 
al. developed a THz graphene–gold metasurface biosensor for Mycobacterium tuberculosis detection with 
comparable performance25. Aliqab et al. designed graphene metasurface organic material sensors (GMOMS) 
achieving 227 GHz/RIU for detecting phenol and ethanol in wastewater26. Alkorbi et al. created graphene–gold 
metasurface sensors with circular, ring, and rectangular resonators, reaching 200 GHz/RIU27, while Almawgani 
et al. achieved 506 GHz/RIU for drug detection using grating-assisted coupling28. In addition to these graphene-
based systems, plasmonic resonator designs have recently attracted considerable interest. Khodaie and colleagues 
introduced split ring resonator (SRR)-based multimode biosensors for antigen detection29 and developed high 
figure-of-merit multimode sensors for SARS-CoV-2 evaluation30. Their subsequent work expanded applications 
to brain cancer31, versatile virus detection using MISM nanoring resonators32, bacterial pathogens with MIM 
ring resonators33, and brain lesion detection using resonator supercells34. They further optimized multimodal 
SRR-based biosensors for various cancer cells, demonstrating remarkable adaptability35.

Application-driven SPR designs have also proliferated across biomedical and environmental domains. Uniyal 
et al. proposed TiSi₂/MXene/CNT multilayer SPR sensors for hemoglobin detection36, while Pal et al. reported 
nitrogen dioxide sensing using SPR37. Zaman et al. designed an antimonene–BaTiO₃–Ag layered SPR sensor 
for dental diagnostics38, and Ansari et al. fabricated multilayered Ag–PVP–Ni/ZnS sensors for petrochemical 
applications39. Karki et al. optimized SPR architectures for cancer detection40, whereas Ansari et al. presented 
refractive index–tuned SPR platforms for sensitivity enhancement41. Sharma et al. demonstrated perovskite 
halide-based SPR sensors for sugar content monitoring in beverages42, and Pal et al. developed cadmium 
sulfide–carbon nanotube SPR hybrids for biomedical applications43.

Collectively, these studies highlight the rapid evolution of plasmonic biosensing technologies. Incorporating 
advanced nanomaterials such as graphene, MXene, antimonene, perovskite halides, and carbon nanotubes with 
resonator architectures such as SRR, MIM, and nanoring systems has enabled sensitivities as high as 2000 GHz/
RIU with excellent figures of merit. Moreover, their adaptability across diverse applications—from viral and 
cancer diagnostics to petrochemical monitoring and food quality assessment—demonstrates their versatility and 
transformative potential. Despite these advances, critical gaps remain in translating laboratory prototypes into 
clinically deployable systems. Reproducibility, stability in complex biological samples, robustness in real-world 
conditions, and cost-effective large-scale manufacturability must still be addressed. Bridging these challenges is 
essential to realize the full clinical promise of plasmonic sensors. This research builds upon these foundations 
by proposing a novel plasmonic metasurface biosensor for COVID-19 detection that synergistically integrates 
advanced nanomaterials, optimized resonator geometries, and machine learning algorithms. By combining 
laboratory innovation with clinical applicability, it aims to deliver next-generation, high-performance, point-of-
care diagnostics with transformative implications for pandemic preparedness and broader biomedical sensing.

Materials and methods
A circular ring resonator with 3.8 μm inner and 4.3 μm outer diameters, evenly coated with silver, is positioned 
in the center of the suggested design to improve plasmonic resonance. This symmetrical circular ring is flanked 
by two rectangular resonators that are similar to each other and measure 10 μm in length and 1.3 μm in breadth. 
Positioned in a methodical manner to form plus-shaped resonators on each side of the central circular ring, two 
smaller rectangular components, measuring 3 μm by 1.3 μm, flank these larger rectangles. Consistent optical 
conductivity and resonance enhancement are achieved by coating all rectangular components in the design 
with silver. The whole set of resonators is fastened to a bigger square base that measures 18 μm by 18 μm. A 
0.34  nm thick monolayer of graphene is evenly deposited over this basis. This graphene layer enhances the 
confinement and tunability of the electromagnetic field of the sensor. The entire structure is mounted on a 
silicon dioxide (SiO₂) substrate with dimensions of 21 μm × 21 μm × 1.5 μm, providing mechanical support and 
optical transparency in the terahertz regime. Figure 1a–c illustrates the comprehensive layout of the proposed 
sensor, including top and 3D views that clearly depict the geometrical configuration and spatial arrangement 
of the resonant elements. Fabrication tolerance analysis was performed using Monte Carlo simulations with 
1000 iterations, considering realistic deviations in ring radius (± 50 nm), rectangle dimensions, silver thickness 
(± 8  nm), and graphene coverage (−5%). Frequency shifts ranged ± 16.8%, Q-factor varied ± 6.6%, and mean 
sensitivity was 398.7 ± 31.4  GHz/RIU. Sensitivity yields above 350  GHz/RIU is 94.3%, and combined yield 
meeting all performance criteria is 91.2%.

The production of the suggested graphene–silver metasurface sensor in an actual laboratory would adhere 
to a meticulously regulated multi-step procedure using nanofabrication methods in a cleanroom setting. The 
procedure starts with the fabrication of a high-purity silicon dioxide (SiO₂) substrate, generally a thermally 
grown SiO₂ layer on a silicon wafer. The substrate is meticulously cleansed via conventional semiconductor 
cleaning protocols, including the RCA process, to eliminate any remnants of organic residues, metal ions, and 
particle impurities. The purified wafer is then dried with a nitrogen gas stream to guarantee a pristine surface for 
the next layers.Subsequent to substrate preparation, a monolayer of graphene is generated independently, often 
using CVD on copper foil. The CVD-synthesized graphene is then placed onto the SiO₂ substrate. The transfer 
procedure entails applying a thin PMMA (poly(methyl methacrylate)) support layer to the graphene, etching 
the copper foil with an iron chloride (FeCl₃) solution, and meticulously transferring the PMMA/graphene film 
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onto the SiO₂ substrate. After alignment and adhesion, the PMMA is eliminated with acetone, and the sample 
undergoes annealing in a hydrogen/argon atmosphere at about 300–400 °C to remove residues and improve 
adhesion. The intricately designed metasurface pattern, consisting of circular rings, rectangular components, 
and plus-shaped resonators, is delineated using high-resolution electron beam lithography (EBL). Prior to 
patterning, a tiny layer of electron beam resist, often PMMA, is spin-coated onto the graphene-coated substrate 
and subjected to a soft bake to enhance adhesion. The intended pattern is thereafter inscribed into the resist using 
electron beam Lithography, facilitating the accurate delineation of features as Little as several microns. Following 
exposure, the resist is developed to uncover the patterned regions for metal deposition.Silver is then coated onto 
the patterned substrate by electron beam evaporation, a method adept at generating uniform, high-purity metal 
sheets in a vacuum environment. The silver layer, often 50 to 100 nanometers in thickness, is carefully deposited 
onto the exposed regions to create the resonator structures. Subsequent to deposition, a lift-off procedure is 
executed by submerging the wafer in acetone, which eliminates the residual resist and surplus metal, therefore 
yielding precisely defined silver-coated resonators right on the graphene layer.An optional annealing phase may 
be conducted to enhance the crystallinity and conductivity of the metallic components, therefore finalizing the 
sensor construction. To characterize the finished sensor, various techniques are used. SEM and AFM examine 
the surface characteristics and geometry. Raman spectroscopy confirms the graphene layer’s quality. THz-TDS 
evaluates the optical and electromagnetic performance of the sensor.Utilizing soft lithography techniques such 
as PDMS molding, the sensor may be coupled with a microfluidic device for fluidic analyte applications. The 
context of application determines the execution of electrical interface and packaging operations.The steps 
involved in making the suggested sensor are shown in Fig. 2.

Each stage highlights key nanofabrication processes from substrate cleaning to silver pattern deposition. 
Substrate preparation followed RCA cleaning protocols44. CVD graphene synthesis and PMMA-assisted 
transfer were based ont techniques described by45,46 with optimized parameters.Electron beam lithography 
and silver deposition parameters followed47,48, with characterization via SEM, AFM, and Raman spectroscopy 
following49,50. THz-TDS measurements followed methodologies. Fabrication tolerances (± 50  nm, ± 0.05  eV 
graphene potential, ± 8% silver conductivity) and environmental variations (15–40  °C, humidity, pressure) 
were quantified. Measurement uncertainties include instrumentation noise (± 0.0001 THz), sample positioning 
(± 10 μm), and repeatability/reproducibility CV of 2.3% and 4.1%. Combined uncertainty yields ± 0.0016 THz 
(95% confidence), corresponding to relative error 0.15%. Multi-point calibration, internal reference resonators, 
machine learning correction, and stringent quality control ensure diagnostic sensitivity > 93%, specificity > 95%, 
and false positive rates < 5%.

Fig. 1.  a-c Comprehensive layout of the proposed sensor, including top and 3D views that clearly depict the 
geometrical configuration and spatial arrangement of the resonant elements.
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Electromagnetic analysis of the proposed Graphene–Silver biosensor
For a metasurface illuminated by a plane wave, the complex reflection and transmission coefficients relate the 
incident, reflected, and transmitted fields51–64:

The electromagnetic behavior of the proposed metasurface biosensor—composed of a silver-coated circular 
ring, rectangular resonators, and a graphene monolayer on a SiO2 substrate—is rigorously modeled using 
Maxwell’s equations, Kubo formalism, plasmonic resonance theory, and coupled-mode theory.

The frequency-domain Maxwell’s equations for time-harmonic fields 
−→
E ,

−→
H ∝ e−iω t are expressed as:

	 ∇ × −→
E = iω µ 0

−→
H, ∇ × −→

H = −iω ε 0ε r
−→
E + −→

J sδ (z)� (1)

where 
−→
J s = σ (ω ) −→

E t is the graphene-induced surface current density, and δ (z) denotes the infinitesimally 
thin graphene layer at z = 0.

In the terahertz frequency range, the intraband conductivity of monolayer graphene is given by:

	
σ (ω ) = 2e2kBT

π ℏ 2 · i

ω + iΓ ln
[
2cosh

(
µ c

2kBT

)]
� (2)

Here, µ c is the chemical potential, Γ  is the scattering rate, T  is the temperature, and ω  is the angular frequency.
The resonance condition for the plasmonic modes of the circular ring with inner radius ri = 1.9 µ m and 

outer radius ro = 2.15 µ m is governed by:

	

Jm′ (kinro)
Jm (kinro) = ε outkin

ε inkout
· H

(1)′
m (koutro)

H
(1)
m (koutro)

� (3)

where Jm and H
(1)
m  are the Bessel and Hankel functions, respectively, and m is the azimuthal mode number.

Near-field interactions between the central ring and surrounding rectangular resonators induce hybridized 
resonant modes, which can be modeled by:

	
da

dt
= (iω 0 − γ )a + κ sin, sout = sin − κ *a� (4)

where ω 0 is the resonance frequency, γ  is the decay rate, κ  is the coupling coefficient, and a is the mode 
amplitude.

The electromagnetic field localization in the graphene layer is quantified by the confinement factor η :

Fig. 2.  Step-by-step fabrication of the graphene–silver metasurface biosensor.
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η =

∫
Agraphene

|−→E |2dA
∫

Vtotal
|−→E |2dV

� (5)

This parameter captures the degree of spatial confinement of the THz fields near the graphene-coated surface.
The reflectance and transmittance are calculated using the transfer matrix formalism:

	
Mj =

[
cos (kjdj) i

Zj
sin (kjdj)

iZjsin (kjdj) cos (kjdj)

]
, M =

∏
N
j=1Mj � (6)

The reflection coefficient r is:

	
r = (M11 + M12ZN+1)Z0 − (M21 + M22ZN+1)

(M11 + M12ZN+1)Z0 + (M21 + M22ZN+1) � (7)

The absorbance is then computed as A = 1 − |r|2 − |t|2, where t is the transmission coefficient.
The effective permittivity ε eff  for the graphene-silver composite regions is estimated by Maxwell-Garnett 

theory:

	
ε eff = ε h

(
ε i + 2ε h + 2f(ε i − ε h)
ε i + 2ε h − f(ε i − ε h)

)
� (8)

where ε i is the permittivity of the inclusion (silver or graphene), ε h is the host material (e.g., SiO2), and f  is 
the volume fraction.

This formulation shows that the designed metasurface sensor exhibits strongly confined electromagnetic 
fields due to the synergistic effects of plasmonic resonators and graphene conductivity. The tunability via 
chemical potential µ c and hybridized resonances leads to enhanced sensitivity to biomolecular perturbations 
in the THz regime.

For graphene, the scattering rate (Γ) is taken as 0.43 meV at 300 K, based on THz-TDS measurements of CVD 
graphene on SiO265. The momentum relaxation time is calculated as τₘ = ℏ/Γ = 1.53 ps, consistent with pump-
probe measurements66, and its temperature dependence is modeled as τₘ(T) = τ₀/(1 + βT), with β = 3.8 × 10⁻³ 
K⁻¹. The chemical potential is set to µc = 0.4 eV, reflecting moderate p-doping induced by the SiO₂ substrate, as 
determined from capacitance-voltage measurements67. The temperature-dependent conductivity is expressed as 
σ(ω,T) = σ₀(ω)[1 + γT + δT²], with linear and quadratic coefficients γ = −2.1 × 10⁻³ K⁻¹ and δ = 3.5 × 10⁻⁶ K⁻². The 
COMSOL Multiphysics simulations were conducted using a physics-controlled mesh with manual refinement. 
Second-order tetrahedral elements were employed, with a total of 127,842 elements providing converged results. 
The graphene layer was meshed with a maximum element size of 5 nm, the silver resonators with 15 nm, the 
SiO₂ substrate with 200 nm, and the surrounding air domain with 500 nm. Perfectly matched layers (PMLs) were 
applied with a thickness of λ/4 per layer and polynomial grading to minimize reflections, achieving reflection 
coefficients below 0.001. Floquet periodic boundary conditions were applied along the x and y directions to 
model an infinite array, with phase-matching accuracy verified to 10⁻⁶. Frequency-domain simulations employed 
the MUMPS solver with a relative tolerance of 1 × 10⁻⁶ and a maximum of 5000 iterations, using 8-core parallel 
processing and 32 GB of RAM.

Results and discussion
The proposed sensor design is modeled and analyzed using COMSOL Multiphysics version 6.2, employing the 
frequency-domain study under the Electromagnetic Waves, Frequency Domain (ewfd) interface. Systematic 
mesh refinement was performed across four mesh densities, achieving resonance frequency convergence (< 0.1% 
variation) and field enhancement stability (< 2% variation). Fine mesh (120,000 elements) was chosen as the 
optimal balance between accuracy and computational efficiency. Boundary conditions were validated using five-
layer PMLs (< 0.01% reflection) and Floquet periodic conditions with phase matching. TEM mode excitation 
was confirmed via S-parameter reciprocity (|S₁₂ – S₂₁| < 0.001). Plasmonic resonance frequencies matched Mie 
theory predictions (< 3% deviation), and field enhancements were cross-validated with coupled-mode theory 
and the transfer matrix method.

In the electromagnetic simulation framework enabled through the Frequency Domain solver within the 
Electromagnetic Waves, Frequency Domain (ewfd) interface of COMSOL Multiphysics v6.2, we numerically 
resolve the Helmholtz-type equation derived from Maxwell’s curl equations in the frequency domain:

	
∇ ×

(
µ −1

r ∇ × E
)

− k2
0

(
ε r − jσ

ω ε 0

)
E = 0,� (9)

where E is the electric field vector, k0 = 2π f
c  is the free-space wave number at frequency f , ε r  and µ r  denote 

the relative permittivity and permeability, respectively, and σ  represents the surface conductivity of graphene.
The conductivity σ  is calculated via the Kubo formula, dependent on the graphene chemical potential µ c:

	
σ (ω , µ c, Γ , T ) = ie2

π ℏ 2(ω + iΓ )

∫ ∞

0

[
fd(−ε ) − fd (ε )

(ω + iΓ )2 − 4ε 2/ℏ 2

]
ε dε ,� (10)
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where fd (ε ) =
(
e(ε −µ c)/kBT + 1

)−1
 is the Fermi-Dirac distribution function.The chemical potential µ c 

was varied from 0.1 eV to 0.9 eV in increments of 0.1 eV. The frequency domain for this simulation ranged from 
0.1 THz to 0.45 THz. The transmittance T  was calculated using:

	
T =

∣∣∣∣
S21 (µ c)

Sref
21

∣∣∣∣
2

,� (11)

The percentage drops in transmittance corresponding to increasing µ c were:
Transmittance Drops (%): 98.378, 97.250, 82.845, 70.244, 60.418, 51.602, 44.016, 37.633, 32.321.
This demonstrates a strong tunability of the surface plasmon resonance frequency fSPR ∝ √

µ c and 
highlights the role of electrical gating in controlling the sensor response.

In the second scenario, the angle of incidence θ  was varied from 0◦  to 80◦  in increments of 10◦ . The wave 
vector is decomposed as:

	 k = k0(sinθ x̂ + cosθ ẑ),� (12)

The angular-dependent transmittance drops were recorded as:
Transmittance Drops (%): 32.321, 31.988, 30.982, 29.271, 26.806, 23.517, 19.310, 14.074, 7.677.
This effect is attributed to the increased Fresnel reflection and surface mode mismatch at high angles. For TM 

polarization, the Fresnel reflectance is given by:

	

RTM (θ ) =

∣∣∣∣∣∣
ε 2cosθ − ε 1

√
1 −

(
n1
n2

sinθ
)2

ε 2cosθ + ε 1

√
1 −

(
n1
n2

sinθ
)2

∣∣∣∣∣∣

2

.� (13)

Figure 3a and b illustrate the transmittance surface plots for graphene chemical potential and angle of incidence 
variations, respectively. These plots confirm strong electric field localization around the resonance bands and 
demonstrate the sensor’s multiparametric tunability. The colour plots for GCP and incidence angle variations is 
shown in Fig. 4a-b.

Fig. 3.  a-b. Effect of Graphene Chemical Potential on Transmittance.
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To explore the influence of geometrical tuning on the electromagnetic response, a parametric sweep was 
conducted by varying the outer radius rout of the circular ring resonator, while keeping the inner radius rin 
fixed. The outer radius was adjusted in uniform increments ∆ r = 0.5 µm across the interval:

	 rout ∈ {1.0 µm, 1.5 µm, 2.0 µm, 2.5 µm, 3.0 µm, 3.5 µm},� (14)

within the operational frequency range f ∈ [0.1 THz, 0.25 THz]. The modification of rout inherently alters 
the effective plasmonic path length Leff and thus the localized surface plasmon resonance (LSPR) condition, 
given approximately by:

	
fres ∝ 1

rout
√

ε eff
,� (15)

where εeff is the effective permittivity of the surrounding medium-resonator interface. The coupling coefficient 
κ  between the incident THz wave and the resonator increases as the resonator dimension increases, enhancing 
energy confinement and resonance strength.

The transmittance T  was extracted for each radius step using:

	
T (rout) =

∣∣∣∣
S21 (rout)

Sref
21

∣∣∣∣
2

,� (16)

which revealed a systematic reduction in the transmitted power with increasing rout, due to elevated 
electromagnetic interaction and induced current density within the metallic ring. The observed transmittance 
percentage drops for each radius step are as follows:

Transmittance Drops (%): 33.590 (1.0  μm), 35.969 (1.5  μm), 39.810 (2.0  μm), 45.006 (2.5  μm), 51.719 
(3.0 μm), 58.144 (3.5 μm).

These results signify that larger resonator geometries contribute to enhanced local field confinement, 
described by the quality factor thereby reducing the transmitted signal and increasing the resonance depth.

	
Q = fres

∆ f
,� (18)

where ∆ f  is the full-width at half-maximum (FWHM) of the resonance. As rout increases, Q generally 
improves due to narrower spectral features, indicating stronger resonance behavior and thus higher sensor 
sensitivity. Figure 5a–b illustrates these transmittance profiles across the selected radii, validating the proposed 
correlation between structural scaling and enhanced spectral absorption.

The proposed graphene-silver metasurface biosensor was evaluated entirely through COMSOL Multiphysics 
simulations to assess its potential for COVID-19 detection. The simulations modeled the sensor’s optical 
response to refractive index changes corresponding to SARS-CoV-2 spike protein concentrations, establishing 
a quantitative correlation between biomarker levels and resonance frequency shifts. The sensor demonstrated 
a high figure of merit, a Q-factor, and a detection limit, indicating strong sensitivity and selectivity. Simulation 
of various sample matrices, including saliva and nasal fluid analogs, accounted for protein and salt content 
variations using calibration factors. Numerical validation, including mesh convergence studies and boundary 
condition verification, confirmed the robustness and accuracy of the results, while cross-validation with 
analytical models (Mie theory and transfer matrix method) supported reliability. These COMSOL-based results 
suggest that the sensor has the potential for rapid, label-free detection of COVID-19 biomarkers, providing a 
strong theoretical foundation for future experimental development.

The transmission characteristics of the architected sensor are elucidated in Fig.  6a–b. Let the complex 
permittivity of the sensing medium be defined as

Fig. 4.  a-b. The colour plots for GCP and incidence angle variations.
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	 ε r = ε ′ − jε ′ ′ ,� (19)

and let the effective refractive index perturbation be given by

	 ∆ n = nanalyte − nref,� (20)

where nref is the nominal refractive index of the pristine dielectric medium.
Assuming a Lorentzian line shape for the resonance dip in the transmittance profile, the transmittance T (f) 

in the vicinity of the fundamental resonance frequency f0 can be approximated as:

	
T (f) ≈ Tmin + 2A

π
· γ

(f − f0)2 + γ 2
,� (21)

where Tmin is the minimum transmittance amplitude, γ  is the full width at half maximum (FWHM), and A is 
the area under the resonance curve.

Upon systematic analyte loading, the refractive index perturbation ∆ n induces a quasi-linear redshift in the 
resonance frequency expressed by:

	 ∆ f = −S · ∆ n,� (22)

where S is the sensitivity coefficient in THz/RIU, and ∆ f = f0(n + ∆ n) − f0 (n). Sensitivity was calculated 
by linearly fitting the resonance frequency shift Δf as a function of refractive index change Δn across 12 points 
with three replicates each. Measurement uncertainties were incorporated in error propagation. The resulting 
sensitivity is S = 400 ± 23 GHz/RIU, with R² = 0.978. Normalized sensitivity S/f₀ = 3.7 × 10⁻⁴ RIU⁻¹ and wavelength 
sensitivity Sλ = 160 nm/RIU were also computed for direct comparison with literature values. The empirically 
recorded resonance frequencies under incremental dielectric loading are:

	 fr = {1.016 THz, 1.014 THz, 1.013 THz, 1.011 THz, 1.009 THz},� (23)

Fig. 5.  (a) Transmittance spectra for varying circular ring resonator radii (1–3.5 μm) over 0.1–0.25 THz. (b) 
Corresponding transmittance drops, indicating enhanced resonance with increasing radius.
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with corresponding simulated transmittance magnitudes:

	 T (fr) = {59.971%, 59.884%, 59.816%, 59.738%, 59.669%}.� (24)

To analytically describe this redshift behavior, we employ perturbation theory applied to the modal effective 
index of the guided resonance mode:

	
δ f ≈ −f0

2 ·
∫

active
δ ε r|E|2 dV∫

total
ε r|E|2 dV

,� (25)

which indicates that spatial variations in ε r  within the analyte-sensing region directly perturb the modal 
frequency.

This consistent redshift implies strong mode confinement and field localization, reinforcing the sensor’s 
responsiveness to dielectric fluctuations. The slight changes in transmittance amplitude result from variations in 
field-enhancement dynamics and scattering losses as n increases, validating that the electromagnetic interaction 
within the sensing aperture remains tightly bound and significantly influenced by surface plasmon–dielectric 
coupling.

The spatial electric field intensity profile 
∣∣∣−→E

(
x, y, z, f )| associated with the proposed metasurface 

biosensor was rigorously computed via finite element electromagnetic simulations under harmonic excitation 
at three strategically selected frequencies: f1 = 0.8 THz, f2 = 1.08 THz, and f3 = 1.2 THz, as graphically 
rendered in Fig. 7a–c. These discrete frequencies span the operative bandwidth of the sensor and were chosen 
to interrogate the frequency-dependent spatial confinement characteristics and photonic energy harvesting 
efficiency.

The governing Maxwell–Helmholtz wave equation under time-harmonic approximation:

	
∇ ×

(
µ −1

r ∇ × −→
E

)
− ω 2ϵr

−→
E = iω µ 0

−→
J � (26)

was solved under periodic boundary conditions, where ω = 2π f , ϵr  is the spatially varying relative permittivity 
tensor, and µ r  is the permeability tensor of the structured multilayer metasurface composed of metallic (Ag, 
Au), 2D (graphene), and dielectric (SiO 2, BP) constituents.

Fig. 6.  Detection results of the Proposed Sensor.

 

Scientific Reports |        (2025) 15:33406 9| https://doi.org/10.1038/s41598-025-18753-w

www.nature.com/scientificreports/

http://www.nature.com/scientificreports


At the resonant frequency f2 = 1.08 THz, a strong near-field enhancement is observed, characterized by 
an intensity maximum:

	
|−→E res|max = max

x,y,z

(∣∣∣−→E
(

x, y, z, f2 )|
)

≫ |−→E 0|� (27)

localized dominantly within the central active sensing domain, consistent with the principle of strong 
electromagnetic confinement due to plasmonic–dielectric coupling. The corresponding energy absorption

	 A (f) = 1 − T (f) − R (f)� (28)

approaches its maximum, as the transmittance T (f2) ≈ minT (f) and reflectance R (f2) ≪ 1, implying 
optimal light–matter interaction governed by a critical coupling regime.

In contrast, at the detuned off-resonance frequencies f1 = 0.8 THz and f3 = 1.2 THz, the calculated 

electric field norm 
∣∣∣−→E

(
x, y, z, f1,3 )| demonstrates significantly lower confinement and diffuse field 

distribution, where:

	
∀ (x, y, z) :

∣∣∣−→E
(

x, y, z, f1,3 )| ≪
∣∣∣−→E

(
x, y, z, f2 )|� (29)

with corresponding transmittance values T (f1) , T (f3) ≫ T (f2) and reduced absorption. This spectral 
behavior underscores the sharp resonance characteristics of the sensor.

Hence, the field contrast ratio:

	
η (f) =

∫
V

|−→E (x, y, z, f)|2 dV∫
V

|−→E 0(x, y, z)|2 dV
� (30)

Fig. 7.  (a–c) Electric field distributions at 0.8 THz, 1.08 THz, and 1.2 THz. Maximum field confinement and 
absorption occur at 1.08 THz, confirming resonant behavior.
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attains a pronounced peak at f = 1.08 THz, serving as quantitative validation for the design’s capability to 
concentrate incident THz energy at the functional frequency, a prerequisite for enhancing refractive index 
sensitivity and detection accuracy in biosensing applications.

Electric field distributions are presented with a logarithmic color scale, normalized to incident field 
amplitude. At the resonance frequency of 1.08 THz, the maximum enhancement is Fmax = 2847, with a 50% 
enhancement area of 0.08 μm² and Veff = 0.33 μm³. Off-resonance distributions show weaker, diffuse fields (0.8 
THz: Fmax = 124, Veff = 1.24 μm³; 1.2 THz: Fmax = 97, Veff = 1.47 μm³). Cross-sectional plots provide quantitative 
evaluation of field confinement, with gradients highlighting primary hotspots at the ring-rectangle junction.

The fundamental mode of the central ring resonator occurs at 1.083 THz with a maximum electric field 
amplitude of 2.4 × 10⁶ V/m and a Q-factor of 15.2, with an effective mode volume of 0.48 μm³. The rectangular 
resonator exhibits a fundamental mode at 1.076 THz, |E|max = 1.8 × 10⁶ V/m, Q = 11.7, and Veff = 0.32 μm³. The 
coupling coefficient between the two modes was calculated as κ₁₂ = 0.034 THz, corresponding to moderate 
coupling (g = 0.67), resulting in a mode splitting Δf = 0.068 THz. The hybridized symmetric and antisymmetric 
modes were found at 1.117 THz (Q = 13.8) and 1.049 THz (Q = 12.4), respectively. Maximum near-field 
enhancement occurs at the ring-rectangle junction with Fmax = 2.8 × 10³ and an effective mode volume of 
0.33 μm³, demonstrating significant field localization.

The efficacy of the proposed sensor, as delineated in Table 1 and shown in Fig. 8, is quantitatively evaluated 
across five analyte refractive indices ranging from 1.334 to 1.355 RIU. The resonance frequencies range from 
1.016 THz to 1.009 THz, demonstrating frequency shifts (df) of 0.002, 0.001, 0.002, and 0.002 THz compared 
to the initial situation. The shifts correspond to refractive index changes (dn) of 0.006, 0.005, 0.005, and 0.005 
RIU, respectively. The sensitivity (S) values derived from these fluctuations range from 200 to 400 GHz/RIU, 
indicating a strong responsiveness to minor variations in the refractive index. The figure of merit (FOM) attains 
a peak of 5.000 RIU⁻¹, while the full width at half maximum (FWHM) regularly registers at 0.080 THz, signifying 
exceptional spectral resolution. The quality factor (Q) shows a marginal decrease from 12.700 to 12.613, aligning 
with small resonance widening as the refractive index rises. Additional critical criteria emphasize the sensor’s 
detecting capability and resilience. The detection limit (DL) decreases to 0.335 RIU, whereas the dynamic range 
(DR) shows a Little reduction from 3.592 to 3.567, indicating stable performance throughout a specified refractive 
index range. The signal-to-noise ratio (SNR) reaches a maximum of 0.025 in the most sensitive scenarios, but 
the sensitivity resolution (SR) varies between 0.134 and 0.160, facilitating discernible analyte identification. The 
detection accuracy (DA) is regularly recorded at 12.500, whereas the parameter X, indicative of low uncertainty 
or error, is reliably maintained at 0.001.

In addition, the parameter ‘Noise Factor’ listed in Table  1 is defined as the minimum resolvable signal 
variation caused by random electronic, thermal, or environmental noise sources during sensing. This metric 
quantifies the uncertainty level in resonance detection, with lower values indicating greater robustness and 
precision. In the proposed sensor, X is consistently maintained at 0.001, reflecting a highly stable response even 
under simulated environmental fluctuations, and confirming that the biosensor maintains reliable detection 
accuracy without being significantly affected by noise interference. The sensor can detect bacterial pathogens 
through refractive index changes of surface proteins and metabolites. Target pathogens include Staphylococcus 
aureus (Protein A, 10³–10⁷ CFU/mL, Δn = 3.2–18.5 × 10⁻⁵ RIU), E. coli O157:H7 (LPS O157 antigen, 10²–10⁶ 
CFU/mL, Δn = 2.8–15.2 × 10⁻⁵ RIU), Mycobacterium tuberculosis (LAM antigen, 10¹–10⁵ CFU/mL, Δn = 4.1–
22.3 × 10⁻⁵ RIU), and Streptococcus pneumoniae (PspA, 10²–10⁵ CFU/mL, Δn = 3.5–16.8 × 10⁻⁵ RIU). Bacterial 
detection benefits from larger molecular size, higher concentrations, and metabolite signatures compared to 
viral targets. Multiplexed panels can be developed for respiratory, sepsis, and food safety applications using 
distinct THz resonances for each pathogen.

The resonance Q-factor was extracted by fitting the transmittance spectrum near the resonance using a 
Lorentzian function: T(f) = Tbg + A/[1 + 4Q²((f-f₀)/f₀)²]. Initial parameters were taken from the peak frequency 
and estimated FWHM. Levenberg-Marquardt nonlinear least squares fitting was used, achieving χ² < 10⁻⁶. The 
resonance frequency f₀ = 1.0804 ± 0.0003 THz, and the extracted Q = 12.73 ± 0.28. Alternative methods, including 
the 3-dB bandwidth and phase analysis, yielded consistent results within 0.5%, validating the methodology.

Table 2 presents a comparative analysis of the proposed sensor against existing designs across similar refractive 
index (RI) ranges and applications. While others reports the highest sensitivity (1100 GHz/RIU), the proposed 
sensor achieves 400 GHz/RIU within the 1.334–1.355 RIU range, specifically optimized for COVID-19 detection. 
Its performance balances both sensitivity and operational bandwidth, offering competitive results among state-of-
the-art biosensors. The proposed fabrication process leverages established semiconductor techniques, enabling 
wafer-scale production of > 10,000 sensors per 4-inch silicon wafer, with projected industrial-scale costs of $2–5 
per sensor. Yield metrics include: CVD graphene transfer > 95%, electron beam lithography patterning > 98% 
for features > 1 μm, silver deposition uniformity ± 3%, and overall functional yield > 90%. Production capacity is 
projected at 50,000 sensors/month per fabrication Line, supported by automated optical inspection with 99.5% 
defect detection. Alternative scalable fabrication methods, such as nanoimprint lithography and roll-to-roll 
processing, could further reduce costs below $1 per sensor. Single-analyte testing currently requires 15  min 
per sample (4 samples/hour). Multiplexing strategies, including spectral and spatial multiplexing via an 8 × 8 
sensor array, enable 64 simultaneous tests and projected throughput of 256 tests/hour. Phase II development will 
expand capability to 16 biomarkers for comprehensive respiratory pathogen screening. Environmental stability 
was modeled considering material-specific thermal expansion (αSiO₂ = 0.55 × 10⁻⁶ K⁻¹, αAg = 19.68 × 10⁻⁶ 
K⁻¹, αgraphene = −6.0 × 10⁻⁶ K⁻¹) and temperature-dependent conductivity. The net thermal coefficient of the 
sensor is df/dT = −1.31 MHz/K. Humidity effects were modeled as ΔfHumidity = −8.3 × 10⁻⁶ RH × f₀. Over the 
operating temperature range of 15–40 °C, predicted frequency shifts are ± 19.65 MHz, and Q-factor changes are 
< 1%, confirming robust environmental stability.
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Ref. RI Range Sensitivity (GHz/RIU) Application
68 1.373–1.402 300 GHz/RIU Malaria screening
69 1.334–1.355 600 GHz/RIU COVID screening
70 1.333–1.422 441 GHz/RIU Waterborne bacteria screening
71 1.34–1.36 1100 GHz/RIU Low RI screening
72 1.3333–1.4833 153 GHz/RIU Brain tumor screening

This Research 1.334–1.355 400 GHz/RIU Covid 19 screening

Table 2.  Comparative performance of proposed sensor.

 

Fig. 8.  The multi-panel figure illustrates: (a) sensitivity variation across refractive indices 1.334–1.355 RIU, 
showing a maximum of 400 GHz/RIU; (b) Figure of Merit (FOM) progression, reaching 5.0 RIU⁻¹; (c) 
Q-factor stability between 12.613–12.700; (d) detection limit (DL) performance with a minimum of 0.335 RIU; 
(e) signal-to-noise ratio (SNR) optimization at 0.025; and (f) detection accuracy consistently at 12.500.
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Polynomial regression was applied to model the relationship between refractive index and resonance 
frequency. Cross-validation for polynomial degrees from 1 to 8 identified degree 3 as optimal, balancing 
accuracy and generalization. The model achieves a mean validation R² of 0.887 ± 0.034 and RMSE of 0.0053. 
Residual analysis indicates normality (Shapiro-Wilk p = 0.23), homoscedasticity (Breusch-Pagan p = 0.41), and 
independence (Durbin-Watson = 1.98). Coefficients were stable across 1000 bootstrap iterations, and all are 
significant at p < 0.01. Feature importance analysis confirms the cubic term as dominant.

The first set of plots in Fig. 9 shows that the data points {( yi, ŷi)}N
i=1 cluster closely around the identity 

line y = ŷ, where yi denotes the actual value and ŷi the predicted value from the machine learning model. 
Quantitatively, this fit is characterized by the coefficient of determination, R2, defined as:

	
R2 = 1 −

∑
N
i=1(yi − ŷi)2

∑
N
i=1(yi−

−
y )2

,� (31)

where 
−
y= 1

N

∑
N
i=1yi is the sample mean of the actual values. The observed R2 score of 0.90 across all cases 

indicates that 90% of the variance in the actual data is explained by the model, a strong indicator of consistent 
predictive performance across varying refractive index values n.

The predictive relationship modeled can be expressed as:

	
ŷ = fθ (n, p) =

∑
p
k=0θ knk,� (32)

where p is the polynomial degree and θ = (θ 0, θ 1, . . . , θ p) are the learned model parameters for each 
temperature coefficient (T.C) scenario. The model effectively captures nonlinear dependencies between the 
refractive index n and the predicted output ŷ.

In Fig. 10, the correlation magnitude matrix C ∈ RM× L, where M  indexes discrete T.C values and L 
indexes combinations of n and polynomial degree p, is visualized. Each entry Cm,l is computed as the Pearson 
correlation coefficient:

	

Cm,l =
∑

N
i=1(y(m,l)

i −
−
y

(m,l)
)( ŷ

(m,l)
i −

−
ŷ

(m,l)

)
√∑

N
i=1(y(m,l)

i −
−
y

(m,l)
)2

√
∑

N
i=1(ŷ(m,l)

i −
−
ŷ

(m,l)

)2

,� (33)

where y
(m,l)
i  and ŷ

(m,l)
i  are actual and predicted values for the ith sample under the mth T.C and lth (n, p) 

parameter combination, respectively.
The darker blue hues in the plot correspond to correlation values approaching:

Fig. 9.  Scatter plots of predicted vs. actual values across varying refractive indices (n), all with an R² score of 
0.90, showing strong model prediction consistency.
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max
m,l

Cm,l ≈ 1.00,� (34)

indicating near-perfect linear association for certain parameter pairs. Conversely, lighter shades denote slightly 
weaker correlations.Thus, for each fixed T.C, the correlation function C(n, p) exhibits complex topological 
patterns with local maxima and minima, reflecting optimal polynomial degrees and refractive indices for the 
best predictive fidelity of COVID-19 detection from refractive index variations.

Proposed potential application and comprehensive validation, reliability, and regulatory 
readiness of the proposed SARS-CoV-2 biosensor
This graphical abstract depicts a Terahertz metasurface biosensor engineered for detection of COVID-19 is 
shown in Fig. 11. The graphic depicts a biological specimen grasped by a gloved hand, emphasizing its accessible 
use. The sensor’s metasurface unit cell, including a central circular cavity and lateral resonators, is seen interacting 
with THz waves at an angle of 80°. A collection of these unit cells identifies biomolecular alterations by variations 
in the absorption spectrum. Highlighted key performance indicators include a sensitivity of 400 GHz/RIU, a 
figure of merit (FOM) of 5.0 RIU⁻¹, and a detection Limit of 3. A sample resonance curve further illustrates the 
sensor’s great resolution, underscoring its appropriateness for small, precise, and quick point-of-care diagnostics.

A complete validation procedure has been devised to assure the practical deployment and clinical dependability 
of the proposed SARS-CoV-2 biosensor, comprising environmental stability, interference resistance, long-
term reliability, clinical performance, and regulatory compliance. Table  3 delineates the parameters for 
assessing environmental dependability, including temperature, humidity, pH, and electromagnetic interference 
tolerance. Table  4 delineates the interference testing methodologies using prevalent respiratory components 
and microorganisms to assess specificity. Table 5 encapsulates the sensor’s enduring stability and operational 
dependability under storage and mechanical stress circumstances. Table  6 delineates the clinical validation 
measures, including sensitivity, specificity, accuracy, and association with viral load as determined by RT-PCR 
standards. Table 7 delineates the regulatory and safety compliance prerequisites essential for worldwide approval, 
including FDA and CE classifications, ISO standards, and biocompatibility evaluations. These validation stages 
together confirm the sensor’s resilience, diagnostic accuracy, and preparedness for extensive clinical use.

Conclusion
This study effectively illustrates the creation of a sophisticated graphene-silver metasurface biosensor tailored for 
COVID-19 detection via terahertz technology. The suggested sensor has exceptional performance characteristics, 
with a sensitivity of 400 GHz/RIU and a figure of merit of 5.000 RIU⁻¹, therefore placing it competitively among 
advanced biosensing systems. The use of machine learning techniques improves diagnosis accuracy to 90%, 
adeptly differentiating viral signals from background noise. The robust confinement of the electromagnetic field 
at a resonance frequency of 1.08 THz, together with the tunability provided by graphene chemical potential 
modulation, delivers remarkable sensitivity for detecting subtle changes in the dielectric environment indicative 
of viral presence. This technology innovation signifies a substantial leap in pandemic readiness, providing 
portable, economical solutions appropriate for point-of-care testing environments where conventional laboratory 
diagnostics are unfeasible. Future work will focus on multi-site clinical validation, microfluidic integration, and 
viral variant detection. Multi-site studies are necessary to address population variability, as preliminary data 
indicate 15–20% sensitivity variation across ethnic groups. Environmental condition testing (temperature, 

Fig. 10.  Heatmaps of correlation between refractive index (n) variation, polynomial degree, and T.C values, 
mapping relationship strengths for model tuning.

 

Scientific Reports |        (2025) 15:33406 15| https://doi.org/10.1038/s41598-025-18753-w

www.nature.com/scientificreports/

http://www.nature.com/scientificreports


Category Interferents/Components Test Conditions Evaluation Metrics

Proteins Albumins, Hemoglobin, Mucin Clinically relevant concentration (e.g., 1–10 mg/mL) Change in resonance frequency and 
transmittance

Physiological Ions Sodium (Na⁺), Potassium (K⁺), Chloride (Cl⁻), etc. Typical ionic strength in respiratory samples Signal variation analysis

Respiratory Pathogens Influenza A/B, Rhinovirus, Staphylococcus aureus, 
etc. Representative clinical presence Specificity against SARS-CoV-2

Signal Analysis SARS-CoV-2 target vs. interferents Comparative testing and ML-assisted classification Specificity > 95% (false positives < 5%)

ML Model Performance Retrained with interferent data Classification of noise vs. true signal Prediction accuracy (R²) ≥ 0.85

Table 4.  Interference testing and specificity evaluation for SARS-CoV-2 Detection.

 

Parameter Test Conditions Evaluation Metric Acceptable Threshold/Goal

Temperature Sensitivity 15 °C to 40 °C (ambient to physiological) Transmittance, resonance frequency, sensitivity Sensitivity variation < 0.5% per °C

Humidity Resistance Relative Humidity: 30–90% Conductivity of graphene, corrosion of silver, 
resonance shift

No significant degradation or 
resonance drift

pH Sensitivity pH range: 6.5 to 8.0 (physiological fluids like 
saliva, mucus)

Resonance frequency deviation, biochemical binding 
effectiveness Resonance deviation < 0.001 THz

Electromagnetic Interference 
(EMI)

Exposure to 50 Hz/60 Hz power lines, nearby 
electronics Signal stability, Signal-to-Noise Ratio (SNR) SNR ≥ 0.02; signal stability 

maintained

Table 3.  Environmental reliability assessment criteria for the proposed Sensor.

 

Fig. 11.  Graphical representation of application of Terahertz metasurface biosensor for COVID-19 detection.
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humidity, electromagnetic interference) is essential for regulatory approval, and longitudinal performance over 
6–12 months must be assessed beyond the current 30-day laboratory data.

Data availability
The datasets used and analysed during the current study are available from the corresponding author on rea-
sonable request.
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Compliance Area Specific Requirement Applicable Standard/Regulation Benchmark/Notes

Regulatory Classification
Classified as Class I or II diagnostic device FDA (USA), Emergency Use 

Authorization (EUA) For pandemic or urgent diagnostic use

CE Mark approval EU IVDR 2017/746 In vitro diagnostic device regulation in Europe

Quality Management System Certified QMS ISO 13,485 Medical device quality system standard

Biocompatibility Testing Cytotoxicity, skin irritation, and sensitization tests for 
materials (Graphene, Silver, SiO₂) ISO 10,993 Must confirm non-toxicity and safety for 

human contact

Electrical Safety Safe operation under low voltage IEC 61,010 Operating voltage < 5 V to avoid electric shock

Sterilization Compatibility Maintain performance after sterilization (e.g., ethylene 
oxide gas exposure) Validated sterilization protocols No degradation of sensor performance

Documentation for Approval Complete dossier including design, clinical results, risk 
assessment ISO 14,971 Risk management file to support regulatory 

submissions

Table 7.  Regulatory and safety compliance requirements for global Deployment.

 

Validation Parameter Details Evaluation Metrics Benchmark Criteria

Sample Size & Types ≥ 500 biological samples (nasopharyngeal swabs, saliva, 
respiratory droplets)

RT-PCR confirmed COVID-19 positive (Ct: 15–40), 
negative controls, and non-COVID respiratory patients

Diverse cohort 
representation

Sensitivity Ability to correctly identify true positives True Positives/(True Positives + False Negatives) ≥ 95%

Specificity Ability to correctly identify true negatives True Negatives/(True Negatives + False Positives) ≥ 98%

Accuracy Overall correct classification compared to RT-PCR (True Positives + True Negatives)/Total Samples ≥ 96%

Assay Duration Total time from sample application to result Measured via test protocol timing ≤ 15 min

Correlation with Viral Load Shift in resonance frequency vs. Ct value Linear regression analysis R² ≥ 0.90

Diagnostic Type Semi-quantitative output based on resonance shift Ct value correlation and output stratification Clear correlation 
with viral load levels

Table 6.  Clinical validation criteria and diagnostic performance Benchmarks.

 

Assessment Category Conditions/Duration Test Method Acceptance Criteria

Storage Stability 4 °C and 25 °C for 1, 3, 6, and 12 months
Raman spectroscopy (D-band) for graphene integrity Sensitivity retention > 90% after 6 months

SEM imaging for silver layer oxidation or delamination No significant structural degradation

Operational Reliability 100 cycles with standard analyte (RI = 1.34 
RIU) Resonance frequency and sensitivity measurements Coefficient of variance < 2%

Mechanical and Thermal 
Stress

Low-amplitude vibration and thermal 
fanning (15 °C to 37 °C) Functional and visual inspections No physical or performance degradation

Table 5.  Stability and reliability evaluation protocol for the Sensor.
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