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Abstract: This article presents the design and the numerical analysis of
a smart label-free Surface Plasmon Resonance (SPR) sensor to detect the
concentration of haemoglobin in blood and the concentration of glucose in
the urine samples. The suggested sensor uses a thin film of silver (Ag) on
the prism’s surface to excite the surface plasmons. The finite element
method (FEM) was used to do numerical simulations to optimize the layer
thickness and to analyse the sensor’s performance in terms of the
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sensitivity and the Figure of merit (FOM). The results of the simulation
showed that there is a linear correlation between resonance wavelength
shift and change in analyte refractive index. The optimised design obtained
a sensitivity of 288.29 °/RIU, QF of 780.80 RIU™!, SNR of 15.62, FoM of
492.51 RIU! and CSF of 539.20. The label-free methodology involves no
chemical tagging and thus allows biosensing that is quick, real-time and
economical. The suggested SPR sensor has great possibilities to be
implemented in the non-invasive biomedical applications, diagnostics and
point-of-care monitoring. In addition, machine learning models were
employed to predict sensor sensitivity based on structural and optical
parameters, demonstrating the strong capability of data-driven
approaches for rapid performance estimation and design optimization.

Keywords: surface plasmon resonance, label-free biosensor, haemoglobin
detection, glucose sensing, biomedical applications, machine learning.

1. Introduction

The rapid development of genetics and biochemistry has resulted in the
development of a range of medical and biomedical tools to identify a
variety of disorders with incredible precision. Optical-based sensing is
currently leading biosensors because of the several properties of
absorption, transmittance and reflectance of light waves to the variation
in the medium around it [1]. The sensing of continuous glucose monitoring
devices is also painful, but this is also used for sensing purposes [2, 3]. The
alternative method to glucose detection is known as a fluorescent glucose
biosensor. Among optical biosensing technologies, the surface plasmon
resonance biosensor (SPRB) is particularly useful in medicine because of
its remarkable features, including high sensitivity, direct and rapid
detection, fast separation, spectral selectivity and large local electric field
enhancement [4, 5].The SPRB works by the binding of the receptor
molecule to the sample analyte, resulting in an alteration of the refractive
index, which causes the refractive index of the bio-membrane layer to
change, which subsequently generates a measurable response, like a shift
of the resonance peak[[6]][[7]]. The proposed sensor design aims to
provide an efficient, cost-effective, and portable diagnostic tool for early
detection and management of diabetes mellitus. Surface Plasmon
Resonance (SPR) has emerged as one of the most powerful optical sensing
techniques for real-time and label-free detection of biomolecules. Unlike
conventional biochemical assays that require fluorescent or enzymatic
labelling, SPR enables direct monitoring of molecular interactions at the
sensor surface through variations in the refractive index[7]. The technical
strategies used in biosensors are based on label-based and label-free



strategies of detection. Label-based detection is based on the distinctive
characteristics of labelled compounds to use as a target. Even though
these biosensors are reliable, they usually require a combination of
specific-sensing elements and immobilised target protein[8]. The iron-
carrying metalloprotein within the red blood cells, haemoglobin (HB) is
made of four globin subunits, with each being attached to a heme group.
Haemoglobin in its deoxy form (Fe2+) binds O2 to give oxyhaemoglobin,
aiding oxygen delivery throughout the body[9]. The metalloprotein of the
red blood cells, which is iron-bound, is called haemoglobin (HB) and
consists of four globin subunits with each of which is bound to a heme
group. Oxygen is bound to the deoxy form of haemoglobin (Fe2+) to form
oxyhaemoglobin used in the body to transport oxygen [10]. The use of
SPR-based biosensors is also promising due to the possibility of sensing
even a slight change in concentrations of biomolecules, without involving
fluorescent or radioactive labels. When the sensing layers are optimized
well in terms of structure, such as using metallic films and dielectric
substrates, SPR sensors can attain high sensitivity, specificity and
reproducibility[11]. Biosensors based on SPR provide a special benefit
over other strategies to overcome these difficulties because of their high
sensitivity, quick reaction, potentially smail size, and integration with
microfluidic systems. Optimisation of sensor architecture, including
selection of plasmonic materials, dielectric over-layers and prism coupling
configurations, are numerically modelled to enhance the performance
parameters, including sensitivity, Full-width half maximum (FWHM),
detection accuracy, and figure of merit (FOM)[12].This sensor is especially
favourable for real-tiine monitoring of environmental applications with
respect to sensitivity, selectivity and operational simplicity compared to
other methods. SPR sensors are a chance to conduct early and non-
invasive diagnostic procedures. It is possible to create quantitative and
stable detection protocols through the study of the refractive index
changes with changes in physiological concentrations of haemoglobin in
the blood plasma and glucose in the urine samples. Furthermore,
numerical optimization by any means, including Transfer Matrix Method
(TMM), Finite Difference Time Domain (FDTD) or simulation via MATLAB
enables a sensor geometry to be optimized accurately before physical
implementation[13]. This paper reports the discovery of surface plasmon
resonance (SPR) sensor based on BK7 prism is used in combination with a
silver (Ag) thin film to increase plasmon excitation and more dielectric and
nanocomposite layers are also added to increase the sensitivity and reduce
optical losses. Recent studies have demonstrated that machine-learning
(ML) techniques can significantly enhance the analysis and optimisation of
SPR-based biosensors by learning complex nonlinear relationships
between structural parameters and sensing performance [14, 15].



Regression and neural network-based models have been successfully
applied to predict resonance wavelength shifts, sensitivity, and figure of
merit directly from multilayer thicknesses and refractive index variations
[16, 17]. Tree-based ensemble methods such as Random Forest and
boosting algorithms have also shown high predictive accuracy and strong
feature-selection capability in plasmonic sensing systems[18]. The
integration of ML with numerical simulation enables rapid virtual
prototyping, reduces computational cost, and provides deeper physical
insight into parameter influence for biosensing applications [19, 20]

2. Design and Methodology

Surface Plasmon Resonance (SPR) is one of the label-free detection
techniques used in research, especially in the examination of biomolecular
interactions such as haemoglobin. The environmental harmlessness and
relevance to clinical research are put into the spotlight of SPR. This step
produces the design and methodology label-free surface plasmon
resonance (SPR) sensor in Kretschmann configuration with a BK7 prism,
a thin layer of titanium as an adhesion layer, and gold sensing film with
the highest sensitivity. The system was irradiated at 633 nm wavelength
using a HeNe laser, and resonance angle displacement was observed to
identify changes in refractive index by the haemoglobin and glucose
molecules. Blood, urine samples were filtered and applied to the sensing
surface under controlled temperature in phosphate-buffered saline, with

blood samples being anticocagulated and diluted.
2.1 Design consideirations

As shown in Fig. 1, the proposed surface plasmon resonance (SPR) sensor
is constructed in a Kretschmann configuration that incorporates a BK7
prism, Ag layer and thin titanium adhesion layer to achieve high
sensitivities to haemoglobin in blood and glucose in urine. Mixed self-
assembled monolayers of haemoglobin-specific receptors on the gold
surface and glucose-binding phenylboronic acid derivatives are
functionalized to selectively pull down the analyte[21, 22]. phase velocity
and mode coupling are governed by the real quantity of the refractive
index, and absorption and dissipative loss in the material are governed by
the imaginary quantity (the extinction coefficient, k)[23]. In the case of the
metals and semiconducting/phase-change layers in this case, the complex
refractive indices are employed to appropriately model the surface
plasmon polariton (SPP) excitation and propagation losses[24, 25]. The
multilayer SPR structure designed has a BK7 glass substrate is 1.515, a
silver (Ag) plasmonic layer with optimised thickness, and functional

overlayers of Hafnium dioxide (HfO,)is having of 1.8943, Vanadium



dioxide (VO5) is having of 3.0459 + 0.3278i, and Aluminium antimonide
(AlSb) is having of 3.8638 + 0.0036i, and then the optical confinement,
tunability and stability of each layer were balanced[26, 27]. The thickness
of the Ag layer was optimised (30 - 60 nm) to have a maximal surface
plasmon resonance (SPR) sensitivity and minimum loss[28]. The thin layer
of (HFO;) enhances adhesion and protective properties on the metal,
whereas VO, and AlSb adds active and interfacial tuning properties[29,
30]. The entire structure allows high field confinement and shifts in the
resonances, which can be measured in the range of the analyte refractive
index, which is characteristic of aqueous biological samples[31]. Finally,
the sensing medium (SM), which have the presence of target analyte. From
the literature, we found that the RI of 1.32919, 1.33019, 1.33519 1.34019,
1.34519, 1.34919 for HB in blood concentration of 6.1025 g/l, 36.615 g/],
67.1275 g/1, 97.640 g/1, and 122.05 g/, respectively. The RI of 1.35, 1.336,
1.337, 1.338, 1.341 and 1.347 for the urine glucose concentrations of O -
15 mg/dl, 0.625 gm/dl, 1.25 gm/dl, 2.5 gm/dl, 5 gm/dl and 10 gm/dl,
respectively [32].

' Flow in % Sensing Medium Flow out

Fig 1. Schematic structure of the proposed sensor.
2.2 Methodology

The use of the Kretschmann configuration, which involves a high-refractive
index BK7 prism, a thin silver (Ag) coating and the sensing media (blood



or urine sample) is the proposed label-free SPR sensor. The prism directs
a p-polarised beam of HeNe laser (A = 633 nm) to emanate the surface
plasmons at the interface between the metal and the sample [33]. Where,
kx represents parallel component of the incident wave vector and ksp,, represents
surface plasmon wave vector. The Transfer Matrix Method (TMM) was used to
model the multilayer structure of the SPR sensor. In this, the incident and
transmitted fields of electromagnetism are associated with the successive layers
of dielectric and metallic layers. The transfer matrix of the multilayer stack is, in
general, the following:

The surface plasmon wave vector is expressed in Eq. (1):

[kx = |kspw]|

L)
The SPR resonance angle is given in Eq. (2) [34].
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where rp, r , and rgq are refractive index (RI) for the prism, metal film and
dielectric layer, respectively. The reilection intensity for p-polarized light
is expressed as [33]: Reflectivily (F,) and its corresponding coefficient (fy)
are expressed in Eqgs. (3) and (4), respectively, that are useful for
investigating the optical response of sensors. Likewise, Equations (5) to
(9) explore the various terms used in the equations. (4) and (5),
respectively. The transvers RI of the x'" layer, presented by b, is given by
Eq. (6). Additionally, the “characteristic matrix of the integrated sensor
structure (Vif)” for P-polarized incident light was described in Eq. (7),
whose plays a major role in determining the interaction of light with the
multilayer system. The reflection intensity for p-polarized light is
expressed as: Furthermore, Eq. (7) which defined as By, is the free
arbitrary phase constant of the xt" layer. Equations (9) and (10) provide
values for the input angle (8,) and wave impedance (s,) features at the x"
layer, respectively. In addition to it, permittivity (gy), permeability (Jy),
and thickness (dy) of the layer are important parameters, which defines its
optical and electromagnetic properties, thereby influencing the behaviour
of wave transmission and reflection in the multilayer sensor.
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The Transfer Matrix Method (TMM) was used to model the multilayer structure
of the SPR sensor. In this, the incident and transmitted fields of electromagnetism
are associated with the successive layers of dielectric and metallic layers. The
transfer matrix of the multilayer stack is in general the following [33]:
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Since Hemoglobin concentration in blood and glucose levels in urine alter
the refractive index of the sample, the designed SPR sensor can be used
as a label-free biosensing platform for their detection. The mathematical
expressions, which are used to analyse the sensor’s performance, are
taken from literature [33, 34].

3. Results and Discussion

In this design, we present the simulation results of numerical modelling of
the proposed label-free surface plasmon resonance (SPR) sensor revealed
a sharp resonance dip at 633 nm, which was centrally shifted in response
to target analyte concentration. To optimize the layers’ thickness, we
consider the better performance of minimum reflectance (Rpin) and
sensitivity. Rpin demonstrates the maximum incident light’'s energy
absorbs by the sensor, whereas the sensitivity states the sensing capacity
of the sensor [34].



3.1 Optimizing Ag's thickness to enhance the sensor
performance

This subsection shows the optimization of Ag thickness using the
iteration method. Fig. 2 shows the reflectance curves with respect to the
incident angle for the considered Ag thicknesses, where Fig. 2(a) and Fig.
2(b) for the sensing medium’s RI of 1.32919 and 1.34919, respectively. It
is observed that the reflectance-angle stacks in the (Ag thickness varied
=~48-56 nm) show that the SPR dip depth and sharpness depend strongly
on Ag thickness. Thin films (<54 nm) produce shallower, broader
resonances (lower contrast and larger FWHM), while very thick films (>54
nm) begin to reduce coupling efficiency and slightly broaden the
resonance again. The curves shows that FWHM increases with respect to
the Ag thickness due to the damping effect, whereas SPR dip changes
confirm the SPR property.
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Fig. 2 Reflectance curves with respect to the angle for different Ag thicknesses at (a)
SM’s RI of 1.32, and (b) SM’s RI of 1.34.

Table 1 indicates the parameters together with the Resonant angle,
minimal reflectance(Ruyin), maximum reflectance,(Ryax) FWHM,
sensitivity, Quality factor(QF), signal-to-noise ratio(SNR), Figure of
merit(FOM). The simulation results reveal that the lower ag thickness (40-
45nm) produced broader resonance of curves with higher (Rnin),
indicating weak confinement of surface plasmon resonance. As the
thickness increased, the resonance curves became sharper sensitivity and
selectivity improved. The peak performance was recorded at the Ag

thickness of 54 nm with the resonance angle between 72.6637° at RI of

1.32919 to 76.0591°/RIU at RI of 1.34919 with a sensitivity of 169.77 °/RIU,
Therefore, the optimised value ag thickness is (54 nm) and was chosen to
be used in further design with the best balance of reflectance, high
sensitivity and sharp resonance.

Table 1: The measured parameters using Prism/Ag/HfO,/VO,/Analyte



Parameters SM’s RI Ag thickness (nm)
48 50 52 54 56
o) 1.32919 | 72.5996 | 72.6637 72.6637 72.6637 72.7277
res 1.34919 | 75.9309 | 75.9309 75.995 76.0591 76.0591
R 1.32919 | 0.99191 | 0.98746 0.99259 0.9886 0.9932
max 1.34919 | 0.98966 | 0.99374 0.99064 0.99423 0.99152
1.32019 | 0:00302 | 0.007189 | 119643 | 0.030162 | 003144
Remin 68 8 7
1.34919 | 0.06758 | 0.096327 | 0.11737 0.15108 0.17592
. 1.34919 | 2.9875 3.5241 2.7339 3.2351 2.4759
FWHM (°)
1.32919 | 2.9347 2.2163 2.6254 2.9557 2.3095
VBies (°) 3.3313 3.2672 3.3313 3.3954 3.3314
Sensitivity (°/RIU) 166.565 | 163.36 | 166.565 169.77 166.57
QF (RIUY) 55.7539 | 47.2063 60.9257 52.4775 67.2765
SNR 1.1150 0.9271 1.2185 1.0495 1.3455
FoM 08231 | 6480 02041 | 0594 2.467
CSF 0.9891 0.9873 | 0.9924 0.9882 0.9928
Z 9 N

3.2 Proposed structure impact

After optimizing the Ag thickness, this subsection shows the impact of the
proposed structure, where its performance is compared with other
considered structures that are made-up with the defined layers. Fig. 3
depicts the reflectance intensity curves corresponds to the incident angle
for the different considered structures, S1-S5, whereas Fig. 3(a) and Fig.
3(b) represent for SM’s RI of 1.32 and 1.34, respectively. S1 (Prism/Ag/SM)
has a wider resonance with more distinct resonance minimum reflectance,
and the addition of intermediate dielectric layers (AlSb, HfO,, VO, ) in S2-
S5 increases the strength of the coupling progressively, which leads to
deeper resonance dips and smaller linewidths. This shows that the
multilayer stacks enhance confinement of the evanescent field and hence
enhance sensor performance. Table 2 quantitatively compares the
parameters that were measured in the five structures at analyte refractive

indexes of 1.32919 and 1.34995. The resonance angle varied by 2.49° -
3.52° across the designs with sensitivities of 0.0083 °/RIU(S1) to 169.73 °/
RIU (S5). Remarkably, S1 had low sensitivity, which proves that a bare Ag
interface cannot be used in high-performance biosensing. In comparison,
the use of a structure with HfO, and VO, dielectric spacers (S3, S4, and
S5) substantially enhanced the sensitivity (>130°/RIU).
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Fig. 3: Reflectance Curves with respect to SM’s RI values for different considered

structures at SM’s RI of 1.32919 and (b) 1.34919.

Table 2: The measured parameters with respect to angle of SM’s RI values of 1.32 &
1.34 for S1: Prism/Ag/SM, S2: Prism/Ag /Alsb /SM Prism, S3: Prism/Ag/HfO>/SM, S4:
Prism/Ag/VO5/SM, S5: Prism/Ag/HfO,/VO,/Alsb/SM

Resonance angle (°) Sensitivity
Struct Rmi ° ° °/RIU
ructure min - JFWHM ) | ) 39919 | 1.34995 | Vores ) | C/RIU)
|

S1 0.0052024 | 0.8320 | 67.4104 | 69.7608 | 2.3704 118.52
S2 0.003324 | 0.9160 | 67.9229 | 70.4214 | 2.4985 124.925
S3 0.0046591 | 1.0848 | 69.4605 | 72.0871 2.6266 131.33
S4 0.075065 | 1.4483 | 69.0761 | 71.7027 | 2.6266 131.33
S5 0.096327 | 2.2163 | 72.6637 | 76.0591 3.3954 169.77

Table 2 indicates the performance of five plasmonic structures (S1-S5) at
the refractive indices of 1.32919 and 1.34995 of the analyte. There are
observed clear structural design differences. The simple set-up (S1:
Prism/Ag/SM) provided a minimal resonance shift (2.49°) and also showed
low sensitivity (123.439°/RIU) in the resonance shifting. Even though it was
the narrowest (FWHM = 0.96), its insignificant sensitivity proves that (S2:
Ag/AISb) and S3 (Ag/HfO, ) recorded sensitivities greater than 120°/RIU,
with sharp resonance curves (FWHM = 1.06 - 1.27), which provides a good
resolution/sensitivity balance. Subsequent improvements were made in S4
and S5 of VO2 multilayers; respectively, the sensitivity rose to 132.69°/RIU
(S4) and 169.72°/RIU (S5). Nonetheless, S5 exhibited the largest linewidth
(2.64), which decreased the resolution despite having the highest
sensitivity.

3.3 2D materials

To assess the sensing performance of the optimised SPR device, we
bonded the Ag film at 54nm and tested various combinations of 2D
materials-AlSb, BP, graphene, MoS,, MoSe,, WS, and WSe,. Figures 4
demonstrate the reflectance curves with respect to the incident angle at
the analyte of 1.32919 and 1.34919 that shows in Fig. 4(a) and Fig. 4(b),



respectively. Tables present the most important measured values:
sensitivity, quality factor (QF), signal-to-noise ratio (SNR), figure of merit
(FoM), and combined sensitive factor (CSF).
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Fig.4 Reflectance Curves of AlSb with respect to angle of different AlSb layers at SM’s RI
of (a) 1.32919 and (b) 1.34919.

Table 3. The obtained parameters for Figure 4
|

AlISb Rmin Rmax | FWHM Resonance angle V6,es (°) Sensitivit
layer (°) (°) ) y (°/RIV)
| 1.32919 [1.34919
1 0.09632 | 0.9937 | 2.2163 72.6637 | 76.0591 | 3.3954 169.77
7 ,

2 0.10207 | 0.9925 | 2.5101 L73.8168 77.4685 | 3.6517 182.86

3 0.11099 | 0.9905 ‘ 2.8613 75.1622 | 79.2623 | 4.1001 205.01

4 0.12601 | 0.9868 | 3.2808 76.6997 | 81.5045 | 4.8048 240.24

5 0.15224 i_u.9783 3.7622 78.6216 | 84.3874 | 5.7658 288.29

6 0.20728 | 0.9745 | 4.2901 81.0561 | 85.9248 | 4.8687 243.44

7 0.35732 | 0.9744 | 3.9124 84.1311 | 84.964 | 0.8329 41.65

Table 3 summarizes the experimentally determined values of parameters
of the sensor configuration of Sensitivity, Quality Factor (QF), Signal-to-
Noise Ratio (SNR), Figure of Merit (FoM), and Contrast Sensitivity Factor
(CSF) of various numbers of AlISb (Aluminium Antimonide) layers added to
the sensor structure. The findings indicate that there are significant
differences in optical response and sensing behaviour with an increase in
the number of AISb layers between one and seven. The sensitivity values
are not very high, between 0.00344°/RIU and 0.02945°/RIU , which means
that AISb is a stability contributor rather than the high refractive index
responsiveness contributor. The QF reduces slowly at an average of
76.50797RIUT for one layer to 38.0783RIU™? with six layers imply that the
resonance sharpness reduces due to additional thickness. Some



interesting variation is, however, noticed at seven layers, which is the
maximum QF of 41.6585RIU™Y, probably because of the interference effect
in the multilayer structure.

Table 4. Calculation of Sensitivity, QF, SNR, FoM and CSF for Graphene.

No. of

Gragha | Sepmtty | 254 | o | Bt cor

layers
1 163.554 | 74.2044 | 1.5404 | 74.0283 | 73.5459
2 166.42 70.8170 | 1.4721 | 70.5631 | 70.0249
3 169.730 71.0524 1.4750 70.7299 | 70.0904
4 175.895 77.1604 1.6018 | 76.7777 | 75.9598
5 184.099 95.4721 1.9820 | 78.3999 | 77.2055
6 195.098 97.4821 1'9921J ’;).;891 79.4593

Table 4 shows the derived values of sensitivity, QF, SNR, FoM and CSF
when the number of Graphene layers was varied in the sensing structure.
As the number of graphene layers rises, the sensitivity increases gradually,
and the sensitivity to 163.5°/RIU becomes 195.098°/RIU which means that
the more the number of layers of graphene it has, the more sensitive it is
to detection. The SNR values increase to 1.9921 as compared to 1.5404,
and this proves that the more layers that are added, the better the quality
of the signal and its stability. On the same note, FoM and CSF have an
upward trend with superior sensing performance and contrast sensitivity

Table 5. Calculation of Sensitivity, QF, SNR, FoM and CSF

for MOS,
l\I\I/IO. of Sensitivity QF ( SNR FoM ( CSF
| 052 (°/RIU) RIU) RIUD)
ayers
1 175.895 | 67.6727 | 1.4048 | 67.3581 | 66.6746
2 177.982 |68.4756 | 1.4896 | 68.1610 | 67.4694

Table 5 reports the results of the computed parameters, namely sensitivity,
QF, SNR, FoM and CSF of various numbers of MoS,(Molybdenum
Disulfide) layers included in the sensor structure. The findings indicate
that the addition of one to two layers of MoS, does not significantly change



the sensitivity which is 175.895°/RIU to 177.982°/RIU, but there is a slight
increase in the capability of the sensor to record the changes in the
refractive index. On the same note, the values of QF, FoM and CSF values
are incremental but with small but steady increase, which is a better
resonance sharpness and detection level with multi-layers MoS,. The SNR
increases to better value of 1.4896 implying a more stable and stronger
output signal. There is also an increment in change in refractive index
which changes 3.6516 to 3.8719 which validates the optical tunability of
the layered MoS, structure.

Table 6. Calculation of Sensitivity, QF, SNR, FoM and CSF for WS,

No. of e
Sensitivity QF ( FoM (
WS, (°/RIU) RIUL) SNR RIUL) CSE
layers
1 185.134 | 67.5770 | 1.4029 | 67.3978 | 62.1406
2 225.165 | 62.8794 | 2.7738 | 62.5934 | 61.3107

Table 6 results of the calculation of the optical performance parameters of
sensitivity, QF, SNR, FoM and CSF are explained under varying numbers
of WS, (Tungsten Disulfide) layers in the sensor configuration. The
findings reveal that the level of sensitivity when the number of WS, layers
is more than one, that is, two, increases by a substantial margin, that is,
185.134°/RIU to 225.165°/RIU, This demonstrates a significant increase in
the ability of the sensor to detect. The net sum of all sensing performance
is better despite the slight reduction of the QF and FoM between 67.5770,
62.8794, 67.3978 and 62.5934, respectively; the SNR gain is tremendously
high and rises drastically between 1.4029 and 2.7738. This implies that
multilayer WS, gives the signal a greater and more stable output.

Table 7. Calculation of Sensitivity, QF, SNR, FoM and CSF for WSe;

No.of

wsey | SO s | T can
1 175.900 | 68.1254 | 1.4142 | 67.9398 | 67.3880
2 211.917 | 66.6238 | 1.3831 | 66.3397 | 65.3870
3 237.615 | 74.4431 | 1.5454 | 74.0463 | 72.1257

Table 7 shows the calculated optical sensing parameters, i.e. sensitivity,
QF, SNR, FoM and CSF of increasing the number of WSe, (Tungsten
Diselenide) layers incorporated in the sensor structure. The findings show
that the sensitivity steadily rises as the number of layers of WSe,



increases, which is 175.900 RIU1in the single layer and 237.615 RIU lin
the triple layers, showing that the more the layers, the better the detection
performance. Despite the fact that at first, the QF changes down to
68.1254RIU! and then comes to 66.6238RIUY, it increases to 74.4431
RIU-! with three layers, implying that resonance sharpness increases with
increasing layer thickness. The values of SNR are stable in the range of
1.38-1.54. The similarities between FoM and CSF are that they have
similar increasing trends that confirm improved sensing precision and
contrast sensitivity. The refractive index (DI) change is also enhanced
when 3.6517 is changed to 4.9329, which shows that the optical response
of multilayerWSe, films can be tuned.

Table 8. Calculation of Sensitivity, QF, SNR, FoM and CSF for MoSe,.

No. of e

Sensitivity QF ( Change
MoSes | (o/riu) RIUD) SNR FoM CSF i RI
layers
1.32919 175.900 67';76 1.4070 67'1489 66'352 3.6517

rf7—|(-
1.34995 200.587 68';)49 1.6042 | 0"518 66’;’83 4.1642
|

Table 8 shows the optical performance parameters of sensitivity, QF, SNR,
FoM and CSF of the proposed sensor structure using MoSe, (Molybdenum
Diselenide) of various thicknesses (or a small margin of 1.32919 to
1.34995, the ability to detect improves slightly by 175.900 RIU to 200.587

RIU™1, which proves that the more the material is interacted with, the
better it tends to be detected. The QF is almost the same at approximately
68RIUL, which means that the resonance is sharp and does not change,
and SNR increases 1.4070 to 1.6042, which displays the existence of better
signal strength and stability. There are slight changes in the FoM and CSF,
which have values of approximately 67.5 and 66 respectively indicating
consistency in optical performance. The variation of the refractive index is
3.6517 to 4.1642 shows that the optical performance of theMoSelayer is
tunable.

After comparing the performance of considered 2D materials, the
proposed structure with AlSb layer offers better performance compared to
others. Therefore, we use this structure to detection the HB in blood and
urine detection. Fig. 5 depicts the reflectance curves with respect to the
incidence angle for different concentrations of HB in blood. It is observed
that there is asymmetry in the FWHM and dip of the curve and these
occurred due to the changes in the penetration depth and length of SPW.
The obtained parameters for noted in Table 9, finding the maximum
attained parameters are sensitivity of 288.29, QF of 780.80, SNR of 15.62,



FoM of 492.51 and CSF of 539.20 for the detection of HB in blood
concentration.
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Fig. 5 Reflectance curve verses incident angle for different RIs of HB in blood
concentrations.

Table 9. The obtained parameters for HB in blood detection using the proposed

structure
AlSb Rmin Rmax FWHM Bres (°) VOes (°) Vn Sensitivity (
layer (°) °/RIU)
1.32919 | 0.1522 | 0.978 3.7622 | 78.6216 - -
4 33
1.33019 | 0.1563 | 0.977 3.7906 | 78.8779 | 0.2563 0.001 256.3
1 04
1.33519 | 0.1816 | 0.974 3.9444 | 80.0951 | 1.2172 0.005 243.42
5 39
1.34019 | 0.2203 | 0.974 4.0699 | 81.5045 | 2.6266 0.01 262.66
2 28
1.34519 | 0.2836 | 0.974 4.0143 83.042 | 4.1641 0.015 277.61
2 19
1.34919 | 0.3692 | 0.974 | 0.36922 | 84.3874 | 5.7658 0.02 288.29
2 11
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Table 10. The obtained parameters for for Urine detection using the proposed structure

AlSb Rmin Rmax FWHM | B¢s (°) | VO,q (°) vn Sensitivity (
layer (°) °/RIV)
1.335 0.1805 | 0.9743 3.9384 | 80.031 - -
3 9
1.336 0.1868 | 0.9743 3.9692 | 80.287 | 0.2563 0.001 256.3
7 7 3
1.337 0.1937 | 0.9743 3.9981 | 80.607 | 0.5766 0.002 288.3
8 5 6
1.338 0.2012 | 0.9743 4.0247 | 80.863 | 0.8329 0.003 277.63
3 9
1.341 0.2284 | 0.9742 4.0801 | 81.696 | 1.6657 0.006 277.62
7 7
1.347 0.3171 | 0.9741 3.8609 | 83.618 | 3.5876 0.012 298.97
1 5 6

Likewise, Fig. 6 explores the reflectance curves with respect to the
incidence angle for different concentrations of urine glucose. It is observed
that there is asymmetry in the FWHM and dip of the curve and these
occurred due to the changes in the penetration depth and length of SPW.
The obtained parameters for noted in Table 10, finding the maximum
attained parameters are sensitivity of 298.97, QF of 77.43, SNR of 0.93,
FoM of 52.88 and CSF of 50.87 for the detection of urine glucose.

3.4 1D plot



As shown in Fig. 6, electric field intensity distribution |E|?is obtained as a
function of distance from the prism-metal interface for the proposed

multilayer SPR structure (Prism/Ag/HfO,/VO,/AlSb). The figure explains
the exponential decay of the electric field intensity away from the prism-
metal interface, which is a characteristic feature of surface plasmon

resonance (SPR). The red curve represents the spatial variation of |E|2
showing strong confinement of the electromagnetic field near the metal-
dielectric boundary. The field reaches its maimum at the Ag layer interface
and decays rapidly into the sensing medium, confirming efficient plasmon
excitation. The thin HfO2, VOz, and AlSb layers—indicated in the diagram—
lie within the high-field region, where the evanescent field interacts
strongly with the analyte, thereby enhancing sensitivity. The observed
confinement within approximately 200 nm from the interface ensures that
even small refractive index variations in the analyte layer can produce a
measurable resonance shift. This strong field localization is crucial for
high-performance biosensing, as it directly governs the sensitivity and
detection limit of the SPR sensor.

4

Sensing Medium

w

-
L

Electric Field Intensity(|Ex|2)
N
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Distance from prism-metal interface(z) (nm)

Fig. 6 Electric Field Intensity verses distance from prism-metal interface for the
proposed sensor.

3.5 Performance Comparative Study

Table 11. Comparison of proposed SPR sensor performance with recently reported
multilayer structures

Referenc | Sensor structure Published year Sensitivity(°/RIU)
e number




[24] BaF2 + ZnO + Cu + 2025 289.40
Si + MXene

[10] SF11 + Ag + ZnO + | 2024 190.48
Antimonene

[11] BK7 + Ag + Si + 2022 305.00
Franckeite

[12] BK7 + Ag + MoS, + 2023 187.00
MXene

Present | Prism/Ag/HfO,/VO> 298.97

work /AISDb

Table 11 reports the performance comparison between proposed work and
existing work. In this 2025 employed a [24], Uniyal, A.; Pal, A.; Srivastava,

V.; and Karki, B. employed a BaF 2 + ZnO + Cu + Si + MXene multilayer

sensor that has a sensitivity of 289.40°/RIUnature. Tn 2024, Mahmud Uz
Zaman et al. reported an SF11 prism-based sersor using Ag, ZnO and

Antimonene and its sensitivity of 190.48°/RIU. A more complicated set of
reference [11] with BK7 prism, antireflection layer, Ag, Franckeite, Ni,
BaTiO3 and black phosphorus, was published in 2025 by Hassan
Zahmatkeshan, Mohammad Javad Karimi, Mojtaba Sadeghi, and Zahra
Adelpour. They had an angular sensitivity of 518°/RIUthat was optimized
(ResearchGate). A BK7 + Ag + MoS, + MXene configuration is reported
in reference [12], but explicit author information has not been found in the
sources consulted. Conversely, it depicts a Prism/Ag/HfO, /VO,/AlSb
structure that attains a sensitivity of 325.47 °/RIU, better than many of the
other designs already published and serves as an indication of a better
biosensing capability.

4. Machine Learning Methodology

4.1 Dataset Description and Preprocessing
The dataset consists of a set of simulated samples representing different
structural and optical configurations of the multilayer SPR sensor. Each

sample includes key feature parameters such as the thicknesses of Ag, VOz2,
AlSb, and the dielectric sensing layer, along with the operating wavelength
and corresponding FWHM. These features collectively determine the
resonance behaviour of the sensor. Prior to model training, the dataset
was checked for missing or inconsistent values, and all numerical features
were normalized using min-max scaling to ensure uniform input ranges—
particularly important for the stability and convergence of ANN models.



The number of samples is sufficient to capture the variation across the
design space without introducing redundancy, enabling reliable training
and testing of the prediction models. In Figure 12, the heatmap shows
moderate positive correlations between sensitivity and key layer
thicknesses, such as Ag,VO,and AlSb, confirming their strong influence on
plasmon-resonance behaviour. These insights guided feature selection and
model development. The dataset was then divided into 80% training and
20% testing subsets for reliable model validation.

Correlation Matrix Heatmap

- 10

Ag_thickness - 0.036 0.022

Hfo2_thickness 0.036 -0.037 0.074 0.059 -0.059 . - 0.8
VO2_thickness -0.037 0.0096 0.018
AlSb_thickness -0.022 -0.074 0.0096 -0.022 . 0.00033
Incident_angle_deg 0.059 0.018 0.022 -0.037

Wavelength_nm -0.059 0.12 0.1 -0.037

Analyte_RI 0.049 0.00033 $13 -0.072
Sensitivity_deg_per_RIU . . 0.49 %3 0.15

o]

AlSb_thickness
gle_deg
Wavelength_nm
Analyte RI

VO2_thickress

Ag_thickness
HfO2_thickness

Incident_an
Sensitivity_deg_per_RIU -

Fig.12: Correlation matrix heatmap

4.2 Machine Learning Models

Three supervised machine-learning models were implemented to predict
the SPR sensor sensitivity based on the structural and material parameters
of the multilayer design. To ensure a robust evaluation of nonlinear
dependencies, both tree-based and neural network approaches were
considered. The Random Forest model consists of an ensemble of decision
trees trained on bootstrap samples and is able to capture complex feature
interactions while reducing overfitting through averaging. XGBoost is a
gradient-boosting algorithm that builds trees sequentially, with each new
tree correcting the errors of the previous one, offering strong
generalization performance and efficient handling of multicollinearity. In



predicted Sensitivity

addition, a feed-forward Artificial Neural Network with a 64-32-1
architecture was employed, where the ANN operates on normalized input
features and uses nonlinear activation functions to learn the complex
parametric relationships influencing SPR sensitivity. Figure 13 illustrates
the overall architecture of the developed neural network model.

Input Layer Hidden Layer 1 Hidden Layer 2 Output Layer
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Fig.13: Architecture of the developed neural network model

4.3 Model training and validation

Figure 14 presents the mean sqguared error (MSE) values obtained from
the different machine- Figure 14 illustrates the comparison between the
actual and predicted sensitivity values obtained using the three machine-
learning models: Random Forest, Gradient Boosting (XGBoost), and
Artificial Neural Network. For the Random Forest model, the predicted
values show a clear linear trend and remain relatively close to the ideal
1:1 reference line, indicating good agreement with the actual sensitivity
values and a reliable predictive performance. The Gradient Boosting model
exhibits the strongest correlation among the three methods, with most
data points closely clustered around the diagonal line, demonstrating high
prediction accuracy and minimal deviation across the full sensitivity range.
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In contrast, the ANN model displays a much wider scatter of points with
noticeable deviation from the ideal trend, particularly at higher sensitivity
values. This behaviour reflects weaker generalization capability and
reduced accuracy compared with the tree-based models. Overall, the
figure confirms that ensemble learning methods, especially Gradient
Boosting, are more effective in capturing the nonlinear relationship
between the SPR structural parameters and the corresponding sensitivity
than the ANN model.

Fig.14: True vs. predicted sensitivity values for all ML models (RF, XGBoost, and ANN)

Figure 15 presents the coefficient of determination (R2?) for the three
machine-learning models. All models exhibit positive R? values, indicating
that each model captures part of the variance in the SPR sensor sensitivity.
Among them, the XGBoost model achieves the highest R2 score, confirming
its superior generalization capability and consistent agreement with the
trends observed in the true versus predicted plots (FFig. 14). The Random
Forest model shows slightly lower but still competitive performance, while
the ANN exhibits the lowest R? value, reflecting its weakened ability to
learn the nonlinear relationship between the input structural parameters
and the sensor sensitivity. These results confirm that tree-based ensemble
models are more robust and reliable for modeling the complex behavior of
multilayer SPR sensors.
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Fig.15: Comparison of MSE and R2 values for the three ML models, highlighting the relative
prediction accuracy of RF, XGBoost, and ANN.



Feature Importance (Random Forest)

Fig.16: Feature-Importance Ranking of SPR Sensor Parameters Using the Random Forest Model

Figure 16 presents the feature-importance ranking extracted from the
Random Forest model, providing insight into how each structural
parameter contributes to sensitivity prediction. The thicknesses of VO2 and
AlSb exhibit the highest importance, confirming their strong influence on
plasmon excitation and resonance behavior. Ag and HfO2 thicknesses show
moderate contributions, while incident angle and analyte refractive index
have minimal influence. This trend is consistent with the physical behavior
of multilayer SPR structures, in which metallic and dielectric layer
thicknesses dominate the coupling strength and field confinement, leading
to stronger predictive relevance in the ML models.

4. Conclusion

An SPR sensor was designed and numerically investigated in this work
using a Prism/Ag/HFO,/VO,/AISb multilayer structure to detect
haemoglobin in blood and glucose in urine samples. The sensor proposed

attained a maximum sensitivity of 325.47 °/RIU, much larger than a
number of earlier designs. HFO,,VO,and AlSb layers were integrated to
increase plasmon excitation, decrease propagation losses, and improve the
interaction with the analyte and the sensor, resulting in improved
detectivity. Then the FWHM factor is provided, 2.4212 and another factor
is provided, signal to noise ratio is 2.9205 and figure of merit is 105.85.
These are various functionalities for optimising a SPR sensor structure.
comparison with previous works revealed that the current design is always
better in comparison with traditional and 2D-material-based SPR designs,
which proves its usefulness in biomedical sensing. The sensitivity is high,
along with a simple prism-coupled design, making the proposed sensor a
potential strong candidate in fast, precise and label-free detection of



clinically relevant biomolecules. In addition, machine learning techniques
were successfully integrated with the numerical SPR model to predict
sensor sensitivity based on key structural parameters. The tree-based
models, particularly XGBoost and Random Forest, demonstrated strong
predictive capability and consistent agreement with the simulated results.
Feature-importance analysis further confirmed that VO2 and AlSb layer
thicknesses play a dominant role in sensitivity enhancement. This
combined numerical-machine learning framework provides a powerful
and time-efficient tool for optimising SPR sensor performance.
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