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Abstract—In recent years, gold nanohole array-based
biosensors have gained tremendous attention due to
their high sensitivity, label-free biosensing, and real-time
simultaneous multiple analyte detection capabilities. How-
ever, nanohole array-based biosensors using conventional
sensing methods lack the resolution of traditional surface
plasmon resonance (SPR) sensors. In this work, we present
numerical methods utilizing multiple peaks of these biosen-
sors’ transmission spectra to achieve higher sensitivity and
lower detection limits. Using finite-difference time-domain
(FDTD) simulations, we compared the sensing performance
of the proposed numerical methods to traditional peak-
shift and spectral integration methods. We added noise
to the transmission spectra to simulate a realistic system
and determined the change in the performance. We also
optimized the geometrical parameters of the gold nanohole
array for optimal sensing performance. Finally, we applied
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the proposed method to two critical real-life biosensing

applications and reported the sensitivity and limit of detection (LOD). The proposed numerical methods show much
higher sensitivity and lower detection limits than the traditional techniques. The observed detection limits are as low
as ~2 x 107% refractive index unit changes near the surface. The proposed methods can be utilized for any sensing
systems that employ transmission spectra and will outperform traditional methods if there are multiple peaks present in

the transmission spectra.

Index Terms— Biosensors, limit of detection (LOD), plasmonics.

I. INTRODUCTION
LASMONICS—THE study of generation, detection,
and manipulation of electromagnetic waves at the

metal-dielectric interface—has gained significant attention
over the past few decades because of its vast applications
in sensing, communication, and biophotonics [1], [2], [3].
Plasmonics utilizes a phenomenon called surface plasmon
resonance (SPR), the resonant oscillation of free electrons
at the metal-dielectric interface due to the interaction with
the incident light [4]. SPR modes are strongly confined at
the metal-dielectric interface and highly sensitive to small
refractive index changes near the interface. Therefore, SPR
has been extensively applied in biosensing, gas and chemical
sensing, and molecular binding analysis [5], [6], [7].
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Usually, SPR is achieved using a bulky prism, for
example, in the Kretschmann configuration, and diffraction
grating [6], [8], [9], [10]. These configurations often require
considerable space and incidence angle-sensitive setups,
limiting multiplexing density, high-throughput biosensing, and
integration with lab-on-chip (LOC). In addition, these SPR
sensors require complex arrangements for detecting single
or small biological and chemical interactions, and hence,
challenging to deploy in resource-poor and compact settings.

The localized SPR (LSPR) phenomenon [11], [12] and
extraordinary transmission (EOT) through subwavelength
metallic periodic nanoaperture [10], [13], [14], [15] have
recently gained significant attention to improve the limit
of detection (LOD) and increase the throughput of sensors.
Strong field confinement resulting from LSPR and noticeable
change in the EOT characteristics with minute changes in
the local refractive index allows better sensing performance.
Plasmonic biosensors with subwavelength nanoaperture,
particularly periodic nanohole arrays on metallic films, exhibit
strong light confinement and field enhancement at the
dielectric—metal interface. The characteristics of the confined
light sensitively depend on the slight refractive index changes
near the surface, leading to the development of sensitive
refractive index sensors capable of detecting small quantities
of bioanalytes [16], [17], [18], [19], [20], [21], [22], [23], [24],
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[25]. Nanohole array-based biosensors have several advan-
tages: ultrasensitive, label-free real-time detection-capable,
compact, simple, cheap, and lightweight [26], [27], [28], [29].
Furthermore, multiple arrays can be incorporated with
complex fluidic structures for multiple and parallel ana-
Iyte sampling and detection, as in an LOC-sensing
device [16], [25], [29].

In periodic nanohole array structures, multiple peaks occur
at the transmission spectra because of the SPR and grating
coupling conditions. It has been reported that by using these
multiple peaks and applying the spectral integration method,
higher sensitivity and lower LOD can be achieved compared
to the single peak-shift method [14], [30]. It has also been
reported that the sensitivity can be enhanced further by opti-
mizing structural parameters, such as nanohole diameter, peri-
odicity, and shape [31]. However, achieving a detection limit
comparable to traditional highly-sensitive bulky SPR sensors
is still challenging for these nanohole array-based biosensors.

In this work, we propose two numerical techniques utilizing
features of multiple peaks in the transmission spectra of
a gold (Au) nanohole array for higher sensitivity and
lower LOD. First, we focus on the benefits of using
multiple transmission peak features rather than a single
peak shift. We then introduce our proposed numerical
techniques: Feature vector and multiple linear regression
models. We present the optimized structural parameters of
the gold nanohole array for improved biosensing performance
using the proposed numerical techniques. We have calculated
the biosensor sensitivity using the proposed techniques in
the presence of noise. We have also determined the LOD
and compared it with traditional methods. Lastly, we have
simulated two real-life critical biosensing applications and
reported the sensor performance using the proposed numerical
techniques.

[I. NANOHOLE STRUCTURE AND SENSITIVITY USING
SINGLE AND MULTIPLE RESONANCES

This work uses a symmetric periodic gold nanohole array
structure for the sensor, as shown in Fig. 1(a). The sensor
structure resembles that experimentally reported in [32].
Initially, we set the nanohole diameter (d), periodicity (P),
and the Au metal layer thickness (¢) to 150, 400, and
50 nm, respectively. The top sample material and bottom
glass layer thicknesses are set to 800 nm. We set perfectly
matched layer boundary conditions at the top and bottom
and periodic boundary conditions at the other boundaries.
We simulated a unit cell of the structure, as shown in Fig. 1(a),
for transverse magnetic (TM)-polarized incident light using the
finite-difference time-domain (FDTD) numerical technique.
Because of the dependence of plasmonic excitation on grating
coupling conditions, maxima in the EOT spectra occur at
wavelengths given by [31], [33]

agp = |—caem L (1)
€4+ €m \/l'2+j2.

Here, P is the array periodicity, integers i and j are the Bragg
resonance orders, and €; and ¢,, are the dielectric constants

of dielectric material and metal, respectively. The performed
FDTD simulations in this work exhibit EOT characteristics
with multiple resonance peaks, as shown in Fig. 1(b). One
significant benefit of the gold nanohole biosensor is the
presence of multiple resonance peaks in the transmission
spectra that can be used for higher sensitivity. The transmission
spectra of the gold nanohole array are highly sensitive
to surface refractive index changes due to intense field
enhancement near the surface of the nanoholes resulting
from plasmonic resonance. Therefore, a small refractive index
change near the surface results in a detectable change in the
EOT characteristics. Thus, the plasmon resonances and EOT
improve the sensor’s detection limit.

First, we calculate the sensitivity of traditional peak
shift and spectral integration methods to demonstrate the
advantages of using multiple peaks over a single peak
for sensing tiny changes in the sample refractive index.
We considered the transmission spectra as the reference
when the sample material has a refractive index of 1.33
(water). To calculate the sensing performance of biosensors,
we have varied the sample material’s refractive index, n, from
1.340 to 1.365, representing different concentrations (v/v)
of glycerin solution [34]. After analyzing the transmission
spectra, as shown in Fig. 1(b), we have found that the third
peak at 780 nm is the most sensitive as the peak position varies
the most with the refractive index. For example, this peak
varies from 773 to 783 nm as the refractive index varies from
1.34 to 1.3675. On the other hand, the first and the second
peaks vary only by 2 and 3 nm, respectively, for the same
refractive index change. In addition, all the features related to
the third peak are more sensitive to refractive index changes.
Therefore, we calculated the wavelength shift of the most
sensitive third peak. A linear relationship exists between the
peak shift and sample refractive index, as shown in Fig. 1(c).
For the peak-shift method, the sensor sensitivity Sy is defined
as the slope of the peak position versus the sample material’s
refractive index curve given by

AR

o 2

Sy =
Here, Agr represents the peak position. The calculated
sensitivity is 275 nm/RIU.

The spectral integration method has been applied for
nanostructured sensors, especially nanohole array biosensors.
Compared to the traditional peak-shift method, the critical
advantage of this integral method is the utilization of the
entire transmission spectra for sensing rather than just a single
peak value. The spectral integration method has resulted in
higher sensitivity, lower LOD, and better sensing performance
[14], [25], [30], [34], [35]. We employed the spectral
integration method to calculate the sensor sensitivity. Spectral
integral value R(n) and sensitivity Sg are defined as

A2
& T, N) — T(no, \)
R(n) = )\E T X AX (3a)
oR
Sg = e (3b)
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(a) Gold nanohole biosensor structure, showing various structural parameters. Here, the array periodicity, P = 400 nm, nanohole

diameter, d = 150 nm, and gold layer thickness, t = 50 nm. (b) Transmission spectra, (c) peak 3 position, which is the most sensitive peak
(sensitivity, Sy = 278 nm/RIU), and (d) spectral integral value for only peak 3 (sensitivity, Sg; = 824 nm/RIU) and all peaks (sensitivity,

Sprs = 1468 nm/RIU) for different sample refractive indices.

Here, T(ng,\) stands for reference transmittance
values [14], [30].

To illustrate the benefits of using multiple peaks for sensing,
we have compared spectral integral values and sensitivities
for two cases: considering 1) only the spectral region near
the most sensitive peak and 2) the entire transmission spectra
encompassing all peaks within the wavelength range of
450-900 nm [34]. The transmission spectra for the refractive
index of 1.33 (water) are considered as the reference, and we
varied the sample refractive index from 1.340 to 1.365. For
both cases, a linear relationship exists between the spectral
integral value and the sample refractive index, as shown in
Fig. 1(d). We notice higher sensitivity if multiple peaks are
considered compared to the sensitivity obtained from the
single peak region. Our calculated sensitivities considering
the single peak region and the entire spectra are 824 and
1469 nm/RIU, which are higher than the peak-shift method.
Therefore, higher sensitivity can be achieved using multiple
peaks and the traditional spectral integration method compared

to the single peak shift method.

[1l. NUMERICAL METHODS UTILIZING
MULTIPLE FEATURES
This section demonstrates how features extracted from
multiple peaks can enhance the sensor performance further
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Fig. 2. Transmission spectra of the gold nanohole array, identifying

peaks and features.

and proposes two numerical methods: the feature vector
model and the linear regression model. In our approaches,
we consider multiple transmission resonances’ peak position,
intensity, linewidth, and prominence as feature variables.
The peak prominence indicates how much a particular peak
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stands out relative to the surrounding peaks. Fig. 2 shows the
transmission spectra of the gold nanohole array structure. The
transmission spectra have three resonance peaks. We extracted
four features from each peak, that is, position, intensity,
linewidth, and prominence, totaling 12 features from the
transmission spectra. The relationships of these 12 features
(f1—f12) with the refractive index are presented in Fig. 3. After
analyzing these features, we found that each feature exhibits a
different relationship with the sample refractive index. We note
that not all of these 12 features linearly depend on the sample
refractive index. The feature values (f;) extracted from the
transmission spectra for sample refractive index n = 1.34 are
listed in Table I. In Sections III-A and III-B, we elucidate how
these multiple features can be used in our proposed numerical
methods to enhance sensing capability.

A. Feature Vector Model

Now, we propose a feature vector model that employs
features extracted from multiple transmission peaks to enhance
biosensing capabilities. The motivation behind proposing
this model is to take advantage of the information from
the multiple peaks of the transmission spectra to achieve
greater sensitivity and lower detection limits from a sensor.
In the typical peak-shift method, we record only the center
wavelength of the most sensitive peak of the transmission
spectra with the sample material’s refractive index. The
sensitivity is then determined using (2). The “feature vector
model” extends the peak-shift method by employing a
“feature vector” instead of a single feature, for example,
peak wavelength, for calculating the sensitivity and LOD. The
feature vector, Vg(n), contains multiple features obtained from
different peaks and can be written as

fi

f2
Vi) = | . |. 4)

fi
The proposed feature vector method generalizes the peak-
shift method and outperforms it in sensitivity and LOD,
as detailed later in this subsection. We now define sensitivity,
S, for the feature vector method. To do this, we first quantify
the change in feature vector in higher-dimensional space due

to the change in the sample material’s refractive index using
the Euclidean distance, D, given by

D(n) = [[Vi(n) — Vi(no)|| ®)

where V¢(ng) is the feature vector obtained for the reference
refractive index. Then, the sensitivity is, like the peak-shift and
spectral integration methods, the slope of the distance versus
sample refractive index curve written as

aD
Sp==. (©)

The experimentally obtained sensitivity and LOD results
may deviate from the ideal case due to shot noise,
environmental effects, and sample defects. These effects might
significantly limit the sensitivity and LOD of biosensors.

The detection limit increases with noise power, and the
biosensor performance deteriorates. Therefore, we must
incorporate the effects of noise in our simulation to simulate
a realistic case. For optical biosensors, a noise signal with a
signal-to-noise ratio (SNR) of 60 dB can be used to model a
realistic case [36], [37].

We added additive white Gaussian noise (AWGN) to the
transmission spectra to calculate the LOD, keeping the SNR at
60 dB. We followed the LOD calculation approach discussed
in [36]. The added noise makes it challenging to identify
the transmission peaks accurately. Therefore, we first applied
a Gaussian weighted moving average filter with a 2-nm
window to smooth the transmission spectra and identify the
peaks accurately. Then, we determined features from regions
surrounding each transmission peak. We performed min-
max normalization to the feature vector as the features have
different units and ranges. Furthermore, we have chosen only
those features that individually show a linear relationship
with the sample refractive index, for example, fio, as shown
in Fig. 3, ensuring that the feature vector containing these
selected features has a distance function D(n) that varies
almost linearly with the refractive index. The distance versus
the sample refractive index is shown in Fig. 4(a) with a
reference index ng of 1.340 and a feature vector with seven
features.

The peak-shift method can be viewed as a special case of
the feature vector method when the feature vector contains
only the peak wavelength as the feature. For this 1-D feature
vector, (5) and (6) produce the same sensitivity as the peak-
shift method. However, higher sensitivity can be achieved by
incorporating more features. When we use more than one
feature, the distance function D(n) becomes greater than the
distance function obtained for a single feature. To explain this,
let us assume that D;(n) is the distance function obtained
for a feature vector V;(n) with i features. Then, we add one
more feature to V;(n) to obtain the feature vector V;1(n) and
distance function D;y1(n). Now, from the definition, D;(n)
and D;41(n) can be written as

Dim) = J(Af? + -+ (Af?

Disi(n) = (AR + -+ (AL + (Afis? (D)

Therefore, D;(n) < D;;1(n), if the (i 4+ 1)th feature varies
linearly with the sample refractive index. Moreover, this
inequality ensures that D;1(n) will have a higher slope than
Dj(n), because D;j(n) = D;;+1(n) = 0 for n = ng and
Djy1(n) > Dj(n) for n > ng. As a result, according to (6),
we will obtain higher sensitivity by using additional features.
However, for these statements to be valid, the individual
features of the feature vector must have a linear relation with
the sample refractive index.

Similar to sensitivity improvement, using multiple features
increases detection capability, as LOD is inversely related
to sensitivity [36]. To calculate the overall LOD of the
sensor, we calculated the minimum detectable change in the
presence of 60 dB AWG noise for refractive indices ranging
from 1.34 to 1.3675. For a specific refractive index, LOD
is calculated using three times the standard deviation from

(7a)
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TABLE |
FEATURE VALUES FROM THREE TRANSMISSION SPECTRA PEAKS WHEN n= 1.34
Feature Value Feature Value Feature Value
I 499,588 (nm) T 620.084 (nm) To 775.038 (nm)
fa 0.222 (a.u.) fe 0.1897 (a.u.) fio0 0.3084 (a.u.)
f3 53.32 (nm) fr 33.85 (nm) f11 36.44 (nm)
fa 0.116 (a.u.) fs 0.1518 (a.u.) fi2 0.226 (a.u.)
502 fi f
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Fig. 3. Relationships of the features fy—fi» with the sample refractive index.

the mean value. After calculating LODs for refractive indices
ranging from 1.34 to 1.3675 with a step size of 0.0025,
we calculated the mean LOD for this refractive index range.
This average LOD is then used as a performance parameter
for the proposed models [25]. Fig. 4(b) demonstrates that
LOD significantly decreases as more features are used. Using
seven features, we got an LOD value of one-fifth of the LOD
value obtained with a single feature. Therefore, by introducing
a multidimensional feature vector, we could extend the
traditional peak-shift method and significantly improve the
detection limit.

B. Linear Regression Model

We propose a multiple linear regression model to achieve
even higher sensitivity using the features of multiple peaks.
We varied the sample refractive index on top of the structure
from 1.340 to 1.3675 with a step of 0.0025. We calculated
the transmission spectra and identified the resonance peaks.
We then extracted features from the three resonance peaks,
as discussed before. As shown in Fig. 3, not all these features
linearly vary with the sample refractive index. Therefore,
we eliminated the redundant nonlinear features from our
linear regression model. For specific structural parameters,

such as nanohole diameter, periodicity, and metal thickness,
we found that five features, that is, f5, f7, fo, f10, and fi2,
exhibit best linear relationships with the sample refractive
index. Furthermore, the ranges of different feature values are
quite different, as tabulated in Table I. Hence, we scaled the
features so that the ranges are similar and the regression
model performs better. The sample refractive index using the
regression model can be expressed as

n=PFo+Bfi+Bfrt -+ Bifj Bt B

where f j’ is the scaled linear feature, By is the constant
y-intercept, B; is the slope coefficient for the jth feature, p
is the total number of features used in the model, and € is the
error, also known as the residual.

We trained our multiple linear regression model using the
transmission data and known refractive indices using (8). Thus,
we found the B; coefficients to result in the best-fit relationship
with the minimum mean squared error. Finally, we can predict
any refractive index from the transmission data and use the
obtained model.

We again added an AWGN with 60-dB SNR to the
simulated transmission spectra to determine the effects of
noise on the linear regression model’s performance and LOD.
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Fig. 5 shows the linear regression model’s performance in
predicting the sample refractive index and LOD for different
sample refractive indices. The predicted n closely matches
the sample n, as shown in Fig. 4(a). The calculated LOD
remains <8.1 x 107% RIU for different sample refractive
indices, with an average LOD of 7.8 x 10~4 RIU, as shown
in Fig. 4(b).

V. OPTIMIZED STRUCTURE PERFORMANCE

We further tuned structural parameters such as nanohole
diameter, periodicity, and metal thickness in the quest for
higher sensitivity and lower LOD. We applied the grid search
method for optimizing the structural parameters to achieve
the lowest LOD. We varied the nanohole diameter, array
periodicity, and metal layer thickness while searching for
the lowest LOD. Using this method, we found a nanohole
diameter, periodicity, and metal thickness of 150, 600, and
150 nm, respectively, that resulted in the lowest LOD.

We considered the issues related to the practical realization
of the proposed metasurface and the structure. The proposed
metasurface and structure are realizable using the available
standard fabrication technologies. To date, several techniques
have been reported for the fabrication of metallic nanohole
structures and metasurfaces [38]. For example, focused ion
beam (FIB) milling and electron-beam lithography (EBL)
techniques have been employed for nanohole array fabrication.

1.340 1.345 1.350 1.355 1.360 1.365
Input n

(a) Predicted sample refractive index versus actual sample refractive index using the linear regression model. The gray straight line has a

In EBL, a photoresist coating is applied to the substrate,
and then the structure is exposed to an electron beam,
followed by chemical development. Then Au layer is deposited
on top using metal deposition techniques, and usually,
a thin layer of Cr deposition follows the Au deposition.
Recently, a lift-off free nanofabrication scheme has attracted
significant interest [25]. Several other techniques, such as
template stripping and soft interface lithography, have also
been introduced. The structural parameters of the proposed
structures are well within the current capability of the
fabrication techniques [39].

Once again, we varied sample refractive indices, calculated
the transmission spectra, and further examined the effect of
noise by introducing noise to the transmission spectra so that
the SNR is 60 dB. We calculated features from the smoothed
transmission spectra. Next, we compare the performance
of the feature vector and linear regression models for the
optimized structure. Fig. 6(a) and (b) shows the predicted n
and LOD for the feature vector and linear regression models.
The regression model predicts the sample refractive index
better than the feature vector model. Moreover, the regression
model’s variance is also smaller, as demonstrated by the lower
LOD. However, the feature vector model can be advantageous
in situations when more linear features are available. In the
feature vector model, the performance enhances as more
features are included in the model.
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Fig. 6. Predicted refractive index versus input value for optimized structures using (a) feature vector model and (b) linear regression model. Insets
show LODs for 60-dB SNR. In both cases, the gray straight line has a unit slope.
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In contrast, our study has not observed such monotonic
behavior of the LOD curve against the feature number for
the linear regression model. The lowest calculated LODs
for the linear regression and feature vector models are
2.45 x 107% RIU and 1.99 x 10~* RIU, respectively. The
calculated LOD is much smaller than the reported LODs for
both the peak-shift and spectral integration methods [25], [40],
[41], [42], [43], [44], [45]. The average LOD for the optimized
structure using traditional peak shift and spectral integration
methods is compared with the proposed feature vector and
linear regression models in Table II. The proposed feature
vector model, an extension of the peak-shift method, exhibits
a much lower LOD than the peak-shift method. The linear
regression model demonstrates a much lower LOD than both
traditional methods. Thus, using the optimized structure, the
LOD of the sensor has been significantly improved.

V. APPLICATIONS IN BIOSENSING
We applied the proposed models in two biosensing
applications, such as determining hemoglobin and glucose
concentrations in blood. Hemoglobin is a protein responsible
for the transportation of oxygen and carbon dioxide. Therefore,

TABLE Il
COMPARISON OF THE OBTAINED LOD USING DIFFERENT NUMERICAL
MODELS FOR OUR OPTIMIZED STRUCTURE

[ Model [ LOD (x10~° RIU) |
Peak-shift 1020
Spectral Integration 148
Feature Vector 199
Linear Regression 2.45

patients need to monitor and maintain proper hemoglobin
levels in the blood. It has been well reported that the
refractive index of hemoglobin changes significantly with its
concentration [46]. We used hemoglobin refractive indices
versus its concentrations from 0 to 260 g/L from the
literature [46]. The refractive indices are also considered
dispersive. First, using the feature vector model, we calculated
the sensitivity and then used it to evaluate LOD. The calculated
sensitivity and LOD values are 0.018 a.u./gL™! and 1.1 g/L,
respectively. Next, using the proposed linear regression model
and the discussed methodology, we predicted the hemoglobin
concentration from simulated transmission spectra under the
effect of noise. The predicted and actual concentrations
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are shown in Fig. 7(a). The average LOD achieved is
0.254 g/L. The numerical technique’s prediction performance
greatly depends on the number of sample data. Only
limited experimental refractive index versus concentration data
are available, affecting the prediction performance of the
technique.

Second, we simulated an aqueous solution with different
glucose concentrations. Like the case of hemoglobin, the
refractive index varies with the glucose concentration. We used
experimentally reported refractive index of different glucose
concentrations [47]. It has been reported that a linear
relationship exists between the refractive index and the glucose
concentration [47]. The solution’s refractive index changes
from 1.33128 to 1.35497 for glucose concentrations of zero
to 200 g/L. For the feature vector model, the calculated
sensitivity and LOD values are 0.012 a.u./gL.~! and 1.68 g/L,
respectively. In addition, the linear regression model results are
shown in Fig. 7(b). The LOD varies from 0.427 to 2.4616 g/L
in the presence of noise, with an average LOD of 1.1 g/L.

VI. CONCLUSION

In conclusion, we have proposed two numerical methods—
feature vector and linear regression models—to utilize
features from multiple transmission peaks and achieve higher
sensitivity and lower LOD than traditional techniques from
gold nanohole array-based biosensors. The proposed models
use features that vary linearly with the sample refractive
index changes. The predicted sample refractive index and
LOD have been calculated in the presence of AWGN with
60 dB SNR and a smoothing filter to consider a realistic
system. The proposed linear regression model performs better
than the feature vector model, resulting in an LOD as low
as 2.45 x 107% RIU from the optimized gold nanohole
array-based sensor structure. The proposed techniques have
been demonstrated to detect ultralow hemoglobin and glucose
concentrations with high accuracy. Our proposed methods
consider multiple features from transmission peaks and utilize
the additional information to lower LOD and increase the
sensor’s sensitivity. Traditionally, the peak-shift method uses
only the change in a single peak for sensing, and the
spectral integration method includes only the percentage
change in the transmission spectra. In contrast, our proposed
approaches improve sensor performances by including more
relevant features. The proposed methods can be used for
other sensing systems and will produce better results than
traditional methods if multiple resonance peaks are available
in the transmission spectra.
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