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Abstract— Machine learning is the latest approach to optimize 

the performance of absorbers, sensors, etc. A sensor with 

behavior prediction using polynomial regression is presented. 

Three different variations of metasurfaces namely double split-

ring resonator, single split ring resonator, split ring resonator 

with thin wire are analyzed. The proposed design aims to achieve 

the highest sensitivity by observing different designs and 

different parameter variation. The highest sensitivity is achieved 

for double split-ring resonator and single split ring resonator 

designs. The change in thickness of different parameter affect the 

absorption and the highest sensitivity is calculated based on these 

variations. The polynomial regression (PR) model is employed to 

predict the absorption values for assorted combinations of 

intermediate wavelength values with angle variation, substrate 

thickness, substrate length, substrate width, graphene potential, 

and resonator thickness values. Test Cases R-30 and R-50 are 

evaluated using R2 score metric to assess the effectiveness of PR 

model for predicting the values of absorption. R2 score close to 

1.0 is achieved for all the experiments at a higher (more than 5) 

polynomial degree, which proves the prediction efficiency of a 

regression model. The proposed biosensor designed with a PR 

model can be applied in biomedical applications for hemoglobin 

detection. 

 
Index Terms—Graphene, Machine Learning, Metasurface, 

Polynomial Regression, Sensor 
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I. INTRODUCTION 

PTICAL biosensors are the need in today’s era because 

of their accurate detection of biomolecules which lead to 

their multiple applications in the field of medical, defense, 

environment, etc. [1]–[3]. Sensors are applicable in wearable 

sensing devices because of fast sensing [4]–[6]. The materials 

used for the biosensors are divided into three groups 

depending on their mechanism such as biocatalytic contains 

enzymes, affinity contains antibodies, and microbe containing 

organisms [1]. Biosensors are classified as electrochemical, 

thermometric, piezoelectric, optical, magnetic, etc and among 

them, optical sensors are mostly used [7].  Among the 

different properties of optical biosensors, refractive index 

sensing is mostly used because of its high absorption and 

sensitivity. An optical sensor changes its wavelength due to 

the binding of molecules that change the refractive index. The 

six major classifications of refractive index optical sensors are 

categorized as dielectric-based, metal-based, hybrid advanced 

based, SPR (surface plasmon resonance)-based, etc. SPR-

based sensor aims at achieving good sensitivity due to its 

optical modes [8]. SPR biosensors are also classified into two 

categories labeled and label-free. Label-free overcomes the 

long procedure done by labeled biosensors [9].  

Graphene is a monolayer sheet of graphite having excellent 

thermal properties, electric properties, and optical properties. 

These properties make it extraordinary from other materials 

[10][11]. Graphene mainly finds its application in sensor, and 

biomedical engineering, due to its excellent optical properties 

[12]. Graphene is easily combined with other nanomaterials 

which makes it more suitable for the fabrication of sensors and 

biosensors. When graphene is combined with metasurfaces 

then the sensitivity of the sensors is increased [13]. The 

graphene-based biosensor can also help in determining an iron 

deficiency in patients that suffer from anemia and this sensing 

help them in saving their lives from more dangerous 

diseases.[14]. Sensor-based on metamaterials is a great 

platform for terahertz applications. They can also be used for 

analyzing DNA structure [15].  

A metamaterial is an artificially designed material due to its 

tremendous electromagnetic properties. They are artificially 

designed materials with desired properties such as optical 

properties, electrical properties, magnetic properties, etc [16]. 

The properties such as negative permittivity and negative 

permeability used in the material give the negative refractive 
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index [17]. Metamaterials are used due to their benefits such 

as compact size, cost-free, etc. They are also used in 

applications such as thermophotovoltaics, sensors, wireless 

communication, etc because of these benefits [18][19]. The 

advancement in nanofabrication technologies has led to great 

research interest and overcome many difficulties in the field of 

photonic metamaterials. They have progressed a lot due to 

their optical properties. They can be operated in any range of 

wavelengths from ultraviolet radiation to infrared radiation.  It 

easily deals with light-matter interaction particles which helps 

in developing photonic devices. The properties of these 

sensing materials can be easily controlled by changing the 

geometrical parameters [20]-[21]. Pakarzadeh et al. presented 

a graphene-based photonic crystal sensor employing a D-

shape with a 7500 nm/RIU sensitivity [22]. Askari and co-

authors presented a terahertz sensor with a figure of merit of 

19.44 RIU
-1

 for the detection of crystalline sugar [23]. Parizi 

et al. conveyed terahertz sensor based on graphene array for 1 

to 8 THz with triple band absorption response and results 

verified the sensitivity towards the refractive index of coating 

layer [24]. Machine learning is used in many photonics 

structures for applications like absorbers, biosensors, etc [25]–

[27]. Using Grid Search or Brute Force search to evaluate the 

entire set of tuning parameters for biosensor design requires a 

significant amount of computing power and time. Using a 

machine learning model trained on partially simulated data, 

the remaining design simulation parameters and values can be 

predicted. This can help to reduce the time and resources 

needed for the simulation. 

   The sensors designed so far are mainly worked on 

increasing their sensitivity by changing different parameters. 

We have proposed a machine learning algorithm to predict the 

values of absorption with different parameters. Three different 

cases are used for applying the machine learning approach to 

different parameters. The sensitivity is also observed and 

compared with other published results. The design, results, 

and conclusions are discussed in sections II to section IV 

respectively.  

II. DESIGN AND MODELING 

We have designed the graphene-based biosensor using 

COMSOL Multiphysics 6.0. The three different designs of 

metasurfaces are analyzed Design is analyzed with different 

geometrical parameters to achieve good sensitivity. The 

results are calculated in terms of absorption, electric field, and 

machine learning prediction values. The electric field plots are 

derived at a particular refractive index where the highest 

efficiency is achieved. The geometrical parameters such as 

graphene potential, angle variation, etc. are varied and 

response is observed. The meshing condition used in the 

design is tetrahedral which divides each corner and good 

results are derived. The hemoglobin is determined for separate 

concentrations of 10 g/l to 40 g/l with a uniform rise of 10 g/l 

and their particular refractive index ranging from 1.34, 1.36, 

1.39, and 1.43 [28]. The resonator is made up of gold material. 

A graphene sheet is used for good electrical conductivity and 

helps in increased sensitivity. Silicon dioxide (SiO2) material 

is used in the substrate. A graphene monolayer sheet is placed 

above the substrate and below the resonator. The primary 

reason for using gold is its improved features that contribute to 

the high efficiency of solar radiation absorption. There is a lot 

of information about gold's qualities in [29]. The procedure to 

avoid oxidation in gold metamaterials can be found in detail in 

ref. [30].  

 
Fig. 1 GSRR biosensor design. (a) 3D view of GDSRR (b) Top view of 
GDSRR (c) Side view of GDSRR (d) Top view of the design (GSSRR) and 

(e) Top view of GSSRRTW 

The schematic with different views for all three designs is 

presented in Fig. 1.  Fig 1(a-c) has a 3d view of the side view 

of the GDSRR design.  Fig. 1(d-e) is the top view of the 

graphene-based single split ring resonator (GSSRR) design 

and graphene-based single split ring resonator with thin wire 

(GSRRTW) design respectively. The thickness of the 

resonator (Rt) is 0.2 µm. The substrate thickness (St) is 0.6 

µm. The length (L) and width (L) of the substrate are 70×70 

µm
2
. The detailed structural view is presented in Fig. 1. The 

color to the right indicates the materials used. We've created a 

refractive index sensor based on a metasurface here. The 

operational wavelength, lambda, must be smaller than or equal 

to lambda/4 in any metasurface structure. All sensors can be 

designed in the same way. 

The sensitivity and other parameters are calculated as 

shown in Eq. (1) [28]. 
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III. RESULTS AND DISCUSSION 

The biosensor module accessible in Fig. 1 is simulated with 

the help of COMSOL Multiphysics and the results are 

analyzed in Fig. (2-6). The machine learning prediction results 

for three different models are presented in Fig. (7-14). 

Periodic boundary conditions are given to the design to 

maintain the periodicity of the design. The plots are defined 

for the concentration of hemoglobin for different refractive 

indexes. It is also defined for geometrical parameters of 

design. The machine learning approach is also detailed at the 

last of this section.  The highest sensitivity is calculated for the 

proposed biosensor.  

 
Fig. 2 Absorption response for different hemoglobin concentrations with 

refractive indices 1.34, 1.36, 1.39, and 1.43.  It is simulated from the 
wavelength range of 4.5 µm to 5.2 µm. (a) GDSRR design (b) GSSRR design 

(c) GSSRRTW design 

 The absorption plots are derived in Fig 2 for three 

different metasurface designs. Fig. 2 (a-c) depicts the variation 

in absorption results as the refractive indices rise from 1.34 to 

1.43 for GDSRR, GSSRR, and GSSRRTW designs. From Fig. 

2 (a) GDSRR design’s absorption response it is clear that the 

result moves towards the right as the RI increases. This 

phenomenon can also be observed in Fig. 2 (b-c) for the rest of 

the designs. The wavelength shift and its difference observed 

in the plot help in calculating the sensitivity that is clearly 

shown in the plot. The sensitivity for all the four different 

concentrations of the biomolecules is calculated and their 

comparison is presented in Table 1 for all three metasurface 

designs. The sensitivity of 2000 nm/RIU is for the first two 

concentrations of hemoglobin biomolecules for GDSRR 

design and GSSRR design. The GSSRRTW design has the 

largest sensitivity of 750 nm/RIU as shown in Table 1. 

In Fig. 3(a), the line plot for the substrate thickness is given 

for absorption values. It is observed between 4.5 µm to 5.2 

µm. The plot is defined at different points of the substrate 

thicknesses such as 0.6 µm, 0.7 µm, 0.8 µm, 0.9 µm,1µm, and 

1.1µm. The highest efficiency of 85% is obtained at 1.1 µm 

substrate thickness. The rise in the substrate thickness helps in 

the overall absorption of the structure as it absorbs most of the 

light and minimum lights transmit through the substrate.  

In Fig. 3(b), the line plot for the substrate width variation is 

given. It is observed between 4.5 µm to 5.2 µm. The range for 

the different values is designed and simulated at 70 µm to 75 

µm with a gap of 1 µm plot. The range is fixed for the design 

and its geometrical parameters. The highest absorption for 

substrate depth can be observed at 84% for a value of 70 µm 

to 72 µm. The result is almost the same for all the values at the 

common refractive index. In Fig. 3(c), the line plot for the 

angle variation is observed  The angle is varied from     to      

at a gap of       The angle variation can be seen from the 

simulated range of      m to      m   The highest efficiency 

of     at      m  The highest response is obtained from      

to      for the angle variation parameter that can be observed 

from the color plot  The minimum absorption is obtained at 

      The highest absorption is obtained at      
TABLE 1 

SENSITIVITY CALCULATION FOR CONCENTRATIONS HAVING REFRACTIVE 

INDICES 1.34, 1.36, 1.39, AND 1.43 FOR THREE DIFFERENT DESIGNS. 

 

In Fig. S1(a-b), the line plot and color plot for the graphene 

chemical potential are observed.  The plot is defined from 

values such as 0.1 eV to 0.9 eV with 0.1 eV gap.  There is not 

much change in absorption. In Fig. S1(c-d), the line plot and 

color plot for the resonator thickness are observed. the plot is 

defined from values such as 0.2 µm to 0.5 µm with a 0.1 µm 

gap.  The highest efficiency of 85% is obtained. The plot of 

permittivity, refractive index, permeability, conductivity, and 

impedance is presented in Fig. S2. The results are presented 

for both imaginary and real parts of the value. The results 

presented in the figures clearly show that the design is 

showing metamaterial behavior and has negative permittivity, 

permeability, and refractive index value for a certain 

Design Parameters 
 

 
n 

n1 n2 n3 n4 

1.34 1.36 1.39 1.43 

   0.02 0.03 0.04 

Double 

split ring 

resonator 

design 

λ (μm) 4.75 4.79 4.84 4.89 

Δλ (nm) 40 50 50 

S = Δλ/Δn  2000 1666 1250 

Single split 

ring 

resonator 

design 

λ (μm) 4.68 4.72 4.77 4.82 

Δλ (nm) 40 50 50 

S = Δλ/Δn  2000 
1666 1250 

Single split 

ring 

resonator 

and thin 

wire design 

λ (μm) 4.83 4.84 4.85 4.88 

Δλ (nm) 10 10 30 

S = Δλ/Δn  500 333 750 
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wavelength range. The electric field results of the proposed 

design are available in Fig. 4 for three wavelengths 4.9 µm, 

4.6 µm, and 5 µm. The higher absorption is visible at around 

4.9 µm which is also similar to the absorption results available 

in Fig. 2. And as we can observe in Fig. 4 that for all the 

wavelengths the electric field distribution is almost the same 

and most of the electric field is concentrated around the 

double c structure and these much amount of electric field 

validates the high absorption response of the proposed 

GDSRRR structure. 

Figure S3 in the supplemental materials shows that the 

linear fitting equation's R
2
 of 0.9895 ensures linear sensing 

and reproducibility of the results. The developed biosensor 

design is equated with available designs from references [34-

41] and a comparison is made available in Table 2. Sputtering, 

lithography, and the most recent printing techniques can all be 

used to make biosensors, but other well-known production 

methods include electrodeposition, electrochemical 

exfoliation, and electrospinning [31]. 

 
Fig. 3 Absorptance plots for numerous parameter variations. a) Line plot for 

substrate thickness change from 0.6 µm to 1.1 µm. b) Line plot for substrate 
width variation from 70 µm to 75 µm. c) Line plot for an angle of incidence 

variation from 0° to 80°. 

The structure with a narrowband response and high Q 

absorbers is indeed the best choice for sensing applications. 

Though here we are achieving a high sensitivity to detect the 

hemoglobin biomolecules and the higher sensitivity is highly 

needed to distinguish the different concentrations of 

hemoglobin. Hence the biggest advantage of the proposed 

refractive index sensor is its sensitivity. Furthermore, 

nowadays researchers are focusing on low FOM structures and 

we are clearly achieving the lowest figure of merit for the 

proposed structure. That is the 2nd advantage of the proposed 

structure. 

 
Fig.  4 Electric field results for three wavelengths of double split-ring 

resonator design (a) 4.9 µm (b) 4.6 µm (c) 5µm. The results are having better 

absorption around 4.9 µm wavelength range. 

TABLE 2 
SENSITIVITY ASSESSMENT OF DIFFERENT PUBLISHED DESIGNS WITH PROPOSED 

BIOSENSOR DESIGN 
Biosensor 

design 
Sensitivity FOM 

(RIU-1) 
Q Factor Application 

Ref. [32] 361.3 

nm/RIU 

- 1143 Hemoglobin 

detection 

Ref. [33] 387.48 

nm/RIU 

- - Biosensing 

Ref [34] 
150 

GHz/RIU 
10.54 3.85 

Hemoglobin 

detection, 
Encoding 

Ref. [35] 
0.243 

THz/RIU 
3.3 14.2 

Polarization 

direction 
sensing 

Ref [36] 
1.421 

µm/RIU 
- - 

Hemoglobin 

Detection 

Ref [37] 
294 

nm/RIU 
- - - 

Ref [38] 
929 

nm/RIU 
- - - 

Ref [39] 
700 

nm/RIU 
- - Sensing 

Ref [40] 
1139 

nm/RIU 
- - Sensing 

Proposed 
GDSRR design 

2000 
nm/RIU 

0.54 1.29 Hemoglobin 
Detection 

Proposed 

GSSRR design 

2000 

nm/RIU 

0.5 1.24 Hemoglobin 

Detection 

Proposed 
GSSRRTW 

design 

750 
nm/RIU 

0.43 1.17 Hemoglobin 
Detection 

IV. BEHAVIOR PREDICTION USING POLYNOMIAL REGRESSION 

Experiments are designed and performed to discover if 

Polynomial Regression (PR) model can be employed to 

predict the values of absorption for in-between/intermediate 

wavelength in assorted cases. The basic fact used for 

experimentation is, that iff two variables are correlated, then in 

order to predict the value of one variable based on the value of 
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another, regression analysis or statistical methods might be 

used.  

Correlation analysis is the most widely used approach to 

discover the existence of a relationship between two variables. 

Equation (5) is used to calculate joint changeability 

(Covariance) among two variables [41]. 

          
∑     

 
     ̅       ̅ 

 
 

(5) 

Since Covariance is not normalized, it is not easy to 

interpret the value of covariance  Pearson’s Correlation 

coefficient (ρ) is a normalized Covariance value computed 

using equation (6). 

        
        

     
 

(6) 

Pearson's Correlation (PC) measures whether two variables 

are linearly related. A positive score implies a positive linear 

correlation, whereas a negative value suggests a negative 

linear correlation. Zero means there exists no linear 

relationship between two variables. 

The presence of non-linear correlation is verified using 

Spearman’s Correlation (SC) coefficient and it is computed 

using equation (7).  

            
              

           
 

(7) 

Covariance, PC, SC between wavelength and various 

Angles, Graphene Potential, Resonator thickness, Substrate 

length, Substrate thickness, and Substrate width values are 

illustrated by means of the heat map table in supplementary 

Fig. S4 (a-f). It can be easily concluded from these results that, 

there exists a non-linear correlation between wavelength and 

remaining values. To model, this non-linear relation PR 

models with 3 and higher polynomial degrees are used.  

Regression Analysis (RA) represents the association among 

dependent and independent variable(s) using equation (8). 

Here; i
th

 dependent variable value is yi, i
th

 independent 

variable value is xi and the remaining terms are constants [42]. 

 

           (8) 

 

PR is a different circumstance of RA that uses equation (9) 

to represent the association among dependent and independent 

variable(s). 

          
       

      
        

  (9) 

 

Test Case (TC) R-30 and TC R-50 are used to measure the 

prediction proficiency of PR models. In TC R-M, two non-

overlapping subsets of randomly selected M% and (100-M)% 

records from simulated data are created. A subset with (100-

M)% records is used to train the polynomial regression model 

whereas a subset with M% records is utilized to test its 

prediction proficiency.  

In these experiments, the wavelength is used as a dependent 

variable, and PR is utilized to predict absorption value. The 

Metric used to determine the efficiency of prediction models is 

the R
2
 score. Equation (10) is used to calculate the R

2
 score. 

  

   

  
∑                                            

  
 

∑                                        
   

 

(10) 

 

The effectiveness of models trained using numerous 

combinations of angle and polynomial degree values is shown 

in Fig. 5(a) for TC R-30 and 5(b) for TC R-50 with the help of 

a heat map table representing R
2
 Score. Fig. 5 illustrates that 

R
2
 score of 1.0 can be obtained for angles 0° to 50° and 800 at 

polynomial degrees 4, 5, and 6. For angle 60° and 70° R
2
 score 

of 0.98, 0.97 is obtained respectively at polynomial degree 7. 

The effectiveness of models trained using numerous 

combinations of graphene potential and polynomial degree 

values is shown in Fig. 6 (a) for TC R-30 and 6 (b) for TC R-

50 with the help of the heat map table (HMT) representing R
2
 

score. Fig. 6 illustrates that R
2
 score of 1.0 can be obtained for 

all graphene potential values at polynomial degrees 4, 5, and 

6.

 
Fig. 5 HMT indicating R2 Score of PR models using numerous combinations of angle with polynomial degrees for (a) TCR-30 (b) TCR-50 

 
 

(a) 

 

(b) 
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Fig. 6 HMT indicating R2 Score of PR models using numerous combinations of graphene potential with polynomial degrees for (a) TCR-30 (b) TCR-50

 
Fig.7 Values of absorption predicted by PR model vs Simulated values of 

absorption for test Case R-30 and (a) Angle = 0 (b) Graphene Potential = 0.5 
eV (c) Resonator Thickness = 0.2 µm (d) Substrate Length = 70 µm (e) 

Substrate Thickness = 0.6 µm (f) Substrate Width = 70 µm. 

The effectiveness of models trained using numerous 

combinations of resonator thickness and polynomial degree 

values is shown in Fig. S5(a) for TC R-30 and S5(b) for TC R-

50 with the help of a heat map table representing R
2
 score. 

Fig. S5 illustrates that R
2
 score of 1.0 can be obtained for all 

resonator thickness values at polynomial degrees 4 and higher. 

The effectiveness of models trained using numerous 

combinations of substrate length and polynomial degree 

values is shown in Fig. S6(a) for TC R-30 and S6(b) for TC R-

50 with the help of a heat map table representing R
2
 score. 

Fig. S6 shows that R
2
 is 1.0 for all substrate lengths at 

polynomial degree 6. 

The effectiveness of models trained using numerous 

combinations of polynomial degree and substrate thickness 

values is shown in Fig. S7(a) for TC R-30 and S7(b) for TC R-

50 with the help of a heat map table representing R
2
 score. 

Fig. S7 illustrates that R
2
 score of 1.0 can be obtained for all 

substrate thickness values at polynomial degrees 6. 

The effectiveness of models trained using numerous 

combinations of substrate width and polynomial degree values 

is shown in Fig. S8(a) for TC R-30 and S8(b) for TC R-50 

with the help of a heat map table representing R
2
 score. Fig. 

S8 illustrates that R
2
 score of 1.0 can be obtained for all 

substrate width values at different polynomial degrees. 

Scatterplots representing values of absorption predicted by PR 

models vs simulated values of absorption for angle=0 (TC R-

30), graphene potential = 0.5 eV (TCR-30), resonator 

thickness = 0.2 µm (TCR-30), substrate length = 70 µm (TCR-

30), substrate thickness = 0.6 µm (TC R-30), substrate width = 

70 µm (TCR-30) are indicated in Fig. 7 (a-f) in that order. 

Diagonal placements of points in the graphs perceivably verify 

the prediction precision of PR models. 

 

 

 

 

 

(a) 

 

(b) 
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V. CONCLUSION 

The biosensor is designed for detecting hemoglobin 

biomolecules with high sensitivity using polynomial 

regression models. Regression models are trained on six 

parameters (Angle of incidence, substrate length, substrate 

width, substrate thickness, graphene chemical potential, 

resonator thickness). The prediction accuracy close to 1.0 R
2
 

score is achieved for TCR-30 and TCR-50 using higher 

polynomial degrees. Geometrical parameters are analyzed 

which aims for achieving high sensitivity. The combination of 

gold metasurface based on graphene material is giving higher 

sensitivity for hemoglobin detection. The best sensitivity of 

2000 nm/RIU is observed for proposed designs. The 

polynomial regression model can be used to predict different 

geometrical parameter values and can help in increasing the 

sensitivity by finding out the best suitable parameter. The 

proposed biosensor with its prediction capacity can be used in 

future biomedical devices. 
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