
Research Article
Performance Optimization of Surface Plasmon Resonance
Imaging Sensor Network Based on the Multi-Objective
Optimization Algorithm

Zhiyou Wang ,1,2 Maojin Wang,1,2 Ying Chen,1,2 and Fangrong Hu 2,3

1School of Electronic Communication and Electrical Engineering, Changsha University, Kaifu District, Changsha, China
2Hunan Engineering Technology Research Center of Optoelectronic Health Detection, Changsha, China
3Guangxi Key Laboratory of Automatic Detecting Technology and Instrument, Guilin University of Electronic Technology,
Guilin 541004, China

Correspondence should be addressed to Zhiyou Wang; zywang@ccsu.edu.cn

Received 15 June 2022; Revised 28 June 2022; Accepted 7 July 2022; Published 31 July 2022

Academic Editor: Wenming Cao

Copyright © 2022 ZhiyouWang et al.�is is an open access article distributed under the Creative Commons Attribution License,
which permits unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited.

In this work, we report performance optimization of a wireless sensor network (WSN) based on the plain silver surface plasmon
resonance imaging (SPRi) sensor. At the sensor node level, we established the refractive index-thickness models for both gold and
silver in the sensor and calculated the depth-width ratio (DWR) and penetration depth (PD) values of the sensor of di�erent gold
and silver thicknesses by the Jones transfer matrix and Kriging interpolation. We optimized the DWR and PD simultaneously by
using the multi-objective optimization genetic algorithm (MOGA). In the following performance optimization of WSN, we
simultaneously optimized the transmission success rate and information dimension with the number of nodes and transmission
failure rate of the sensor node as variables by the same algorithm. By calculating the information dimension and the transmission
success rate of each Pareto optimal solution, we obtained the number of nodes and transmission failure probability of the node
available for practical deployment of WSN. �e above results indicate that the Pareto optimal solution set obtained from MOGA
can help to provide the best solution for the optimization of some certain performance parameters and also assist us in making the
trade-o� decision in the structure design and network deployment if optimal values of all the performance parameters can be
obtained simultaneously.

1. Introduction

Surface plasmon resonance imaging (SPRi) detection is one
type of label-free and contact-free assays which do not alter
or impair the function of biomolecules. Because of its ability
to acquire the endpoint signal and binding intensity in-
formation simultaneously during drug screening and pro-
tein sequencing, the SPRi technique has been widely applied
in cancer immunotherapy, drug development, food safety,
and other important �elds [1–4]. To achieve further appli-
cations in early diagnosis and point of care testing (POCT)
cases, the performances of the SPRi sensors need to be
promoted in the following ways. First, the sensors should be
con�gured as miniaturized devices of high detection sen-
sitivity in mobile and noisy scenes. Among varieties of

metals in the SPRi con�guration, gold and silver have been
the main choices in the reported works [5–7]. Compared
with gold �lm-based SPRi sensors, silver �lm-based sensors
demonstrated around 1-time sensitivity enhancement. Al-
though the chemical properties of silver are more active than
gold, the reported plain silver SPRi sensors prepared by
using a gold island �lm as the adhesion enhancing layer
between the silver �lm and the chromium adhesion layer
show the same level of stability as the gold thin �lm-based
sensors. �e working life of plain silver SPRi sensors can
reach more than 8 hours in chemical reagents such as strong
acids, strong bases, and highly permeable salt solutions [8,
9]. To further improve the sensitivity performance of the
plain silver SPRi sensor, two factors need to be considered
comprehensively. �e �rst is the depth-width ratio (DWR),
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which is de�ned as the ratio between the depth and full
width at half maximum (FWHM) of the SPR curve.
According to Homola et al. work, the SPRi sensors with
higher DWR values feature higher sensitivity and lower
resolution in detection [10]. �e second is evanescent wave
penetration depth (PD) into the measured biomolecules,
which is de�ned as the distance from the silver surface where
the electromagnetic �eld intensity drops to 1/e2 of the value
at the surface. In our previous work, a larger PD value was
reported to be helpful for the detection of weak binding
signals between biomolecules at the immobilized cell surface
[8]. Second, the SPRi sensors should be deployed as portable
devices or wireless sensor networks (WSN) to cover a large
area in buildings [11–15]. Among the portable SPRi sensing
devices, Guner et al. reported a smartphone-based SPRi
biodetection platform. �e device was composed of a green
LED, a �ber optical cable, a bimetallic SPR sensor chip, a
smartphone with a camera collecting the re¦ection from the
sensor chip, and other beam shaping elements [15]. �ough
a resolution of 4.12×10−5 refractive index unit (RIU) was
reported in this work, further application of the platformwas
hindered by the camera design updates in the smartphone
and arbitrary bending of the �ber. Di�erent from the re-
ported portable devices, deployment of WSN is not de-
pendent on the performance of the sensor, and does not even
require the sensor itself to be mobile. Besides, WSN allows
information to be collected and presented over a larger area,
and the network transmission performance can be opti-
mized by adjusting con�guration parameters [11–14]. To
deploy WSN in practice, we need to consider two factors.
�e �rst is the complexity of WSN, which is highly related to
resource allocation and energy consumption [16]. In our
previous work, the fractal dimension was used to evaluate
the structural complexity of WSN [17]. �e second is the
transmission success rate, which is the key parameter in the
evaluation of the network performance and user experience
[18].

It is noteworthy that two factors need to be considered
comprehensively in the performance optimization of both
the plain silver SPRi sensor design and WSN deployment,
which is multi-objective discrete optimization problems
[19–21]. To solve such problems, various multi-objective
optimization (MOO) algorithms have been reported, which
can be divided into two main ways [22, 23]. �e �rst type of
the MOO algorithm can be categorized as the scalarization
method. In this type of method, we can either combine all
the individual objective functions into a composite function
by weighting each objective or move all but one objective to a
constraint set by setting a constraint value for each objective.
In both of the choices, we can pursue a single solution
considering all the objectives as the output of the optimi-
zation [24].�e second type of theMOO algorithm is known
as the Pareto method. �e output of the method is a set of
single solutions, i.e., the Pareto optimal solution set. When
we move from one solution to another in the set, a gain of
one objective can be obtained at the cost of loss in another
object [25]. Based on our previous works, we found that all
the aforementioned performance factors of both the plain
silver SPRi sensor and WSN cannot be expressed in

individual objective functions, thus the MOO algorithms in
the category of the Pareto method are the preferred choices
in the performance optimization of both the sensor and the
network. Due to its ability to �nd several solutions of the
Pareto optimal solution set in one run with less dependency
on the shape or continuity of the Pareto front in the whole
process, the multi-objective genetic algorithms (MOGAs)
have been widely used in mechanical engineering, industrial
processes, and other intelligent decision-making �elds
[26, 27]. Genetic algorithms are search algorithms inspired
by natural evolutionary theory. By mimicking the process of
natural selection, crossover, and mutation, genetic algo-
rithms can provide high-quality solutions in non-convex,
discontinuous, and multimodal spaces to a variety of
problems involving search, optimization, and learning [22].
MOGAs have been reported in the optimization of plas-
monic structures and WSN performances [28,29]. In the
optimization of plasmonic structures, Kim and Jung max-
imized the �gure of merit (FOM) of the plasmonic curve and
peak transmission power simultaneously by optimizing the
slit width and height [28]. In the performance optimization
of WSN, key factors, such as coverage, lifetime, energy
consumption, and reliability, can be optimized simulta-
neously according to Fei et al. survey [29].

To enhance the DWR and PD value of the plain silver
SPRi sensor, and improve the complexity and transmission
success rate of the sensor-based WSN, we reported opti-
mization of the silver SPRi sensor node-based WSN in this
work. At the node level, we measured ellipsometer data of
the silver SPRi sensor and calculated thickness-refractive
index relations of di�erent metals in the sensor. We then
established two objective functions of DWR and PD of the
sensor at di�erent combinations of gold and silver thick-
nesses by using Kriging models. Afterward, we carried out
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Figure 1: Flowchart of the plain silver SPRi sensor wireless net-
work design and implementation.
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theMOGA using the Pareto optimality. At the network level,
we calculated the information dimension as complexity and
the transmission success rate of WSN at di�erent combi-
nations of the number of nodes and transmission failure
probability of nodes. We also established two objective
functions of the two factors by Kriging models and carried
out a similar MOGA algorithm. �e results show that the
performance parameters of both the plain silver SPRi sensor
and WSN can be optimized by the Pareto optimal solution
set obtained by MOGA.�is optimization can not only help
us to pursue the optimal choice of some certain perfor-
mances of the sensor and the network but also assist us in
making optimal decisions in practical sensor production and
WSN deployment.

2. Methods

�e work of the plain silver SPRi sensor-based WSN design
and implementation includes three parts as in Figure 1:
establishing objective functions of DWR and PD with the
gold and silver thicknesses as variables by using the Kriging
model, optimizing the �lm thicknesses by the MOGA al-
gorithm, and optimizing the number of nodes and the hop
count of WSN after setting up the objective functions of
complexity and the transmission success rate. �e calcula-
tion programwas developed on the Python 3.7 platform on a
personal computer with an Intel Core i7 2.8GHz CPU and
16GB RAM running the Windows 10 Ultimate operating
system.

2.1. Optimization of Gold and Silver �icknesses by MOGA.
We used a spectroscopic ellipsometer (Sentech SE850DUV,
SENTECH Instruments GmbH, Germany) to measure the
intensity and phase of re¦ection from the sensor surface, and
�tted the refractive indices of gold and silver �lms under
di�erent thickness conditions using the e�ective media
approximation (EMA) compensated the Tauc-Lorentz (TL)
model in commercial software WINELII according to the

di�erent elemental ratios of the gold and silver �lm layers
[30]. Afterward, polynomial �tting was used to establish the
correspondence between the refractive indices and thick-
nesses of gold and silver �lms at a wavelength of 660 nm,
respectively. We then used the second-order universal
Kriging (UK) interpolation method to establish the rela-
tionship between DWR, PD (Figure 2), and the gold and
silver thicknesses based on the Jones transmission matrix,
respectively, and used MOGA to �nd the Pareto optimal
solution for gold and silver thicknesses with the optimiza-
tion of the two indexes as the objective [28].

2.2. Improvement of Complexity and the Transmission Success
Rate of WSN. Based on our previous work, we calculated
both the information dimension and the transmission
success rate of plain silver SPRi sensor-based WSN by the
data transmission probability fractal model (PFM) with the
number of nodes and transmission failure probability of
nodes as variables [11,31]. �en, we established the objective
functions of the two parameters by applying the second-
order UK interpolation to the calculated data. After the
MOGA optimization, we obtained a Pareto optimal solution
set of the number of nodes and the hop count and validated
the improvement of complexity and the transmission suc-
cess rate.

3. Results and Discussion

3.1. Establishment of the Refractive Index-�ickness Models of
Gold and Silver Films. According to our previous work, we
fabricated the plain silver SPRi sensor of gold thickness
ranging from 0.5 nm to 2.5 nm, and silver thickness ranging
from 40 nm to 60 nm for spatial elemental distribution
under transmission electron microscopy (TEM) [30]. A
thicker silver �lm provides more atoms as the di�usion
source and a longer fabrication process allowing the silver
atoms to cross the gold-silver boundary, resulting in a higher
elemental ratio in the gold layer. �us, as shown in
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Figure 2: Principal illustration of (a) DWR and (b) PD in the plain silver SPRi sensor.
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Figure 3(a), when the gold �lm becomes thinner and the
silver �lm becomes thicker, the gold element ratio in the gold
�lm side of the gold-silver boundary decreases dramatically.
In the contrast, the gold �lm is much thinner compared with
the silver �lm, which cannot provide su«cient gold atoms
di�using across the gold-silver boundary, resulting in an
elemental ratio of less than 10% in the silver �lm as shown in
Figure 3(b).

In the ellipsometer measurement, intensity and phase
data of re¦ection from the silver surface of the sensor were
collected for data �tting. Considering the thin gold �lm was
covered by the thick silver �lm, we did not �t the refractive
index of the gold �lm, but calculated the index value by the
EMA method instead [32]. During �tting the refractive
index of the silver �lm, the EMA compensated TLmodel can
be described as in equations (1) and (2). In equation (1), εi
and εr represent the real part and the imaginary part of the
dielectric constant, respectively. E, A, E0, Eg, C, P, and εr(∞)
represent the energy of a photon, amplitude, peak transition
energy, band gap energy, spreading correction parameter,
Cauchy body value, and �tting correction parameter of the
silver element, respectively. In equation (2), G represents the
depolarization parameter of the silver element, and ε is the
dielectric constant calculated by equation (1). ff and fv are
the silver and gold element ratios in the silver �lm observed
under TEM, and nEMA is the e�ective refractive index of the
silver �lm for the �tting work [33–35].

εi(E) �
AE0C E − Eg( )

2

E2 − E2
0( )

2 + C2E2
·
1
E
, εr(E) � εr(∞) +

2
π
P∫

ξεi(ξ)
ξ2 − E2dξ ,

(1)

ff
ε − n2EMA

n2EMA + G ε − n2EMA( )
+ fv

1 − n2EMA

n2EMA + G 1 − n2EMA( )
� 0. (2)

Owing to the di�usion of gold atoms in silver �lm, the
�tted imaginary part of the refractive index is smaller than
the theoretical value of the silver bulk material in
Figure 4(b). �e small imaginary part of the refractive index
can help increase the re¦ectivity of the metal surface, thus
the measured re¦ection is higher than the �tted data, while
the measured phase data can be �tted well in Figure 5.
Besides, the real part of the refractive index is smaller than
that of the theoretical value at the wavelength ranges from
500 nm to 750 nm in Figure 4(a), while the measured re-
¦ection is around 0.04 higher than the �tted data in the same
range (Figure 5(a)). �is phenomenon indicates that high
re¦ectivity can a�ect the �tting accuracy of the real part of
the refractive index [35].

We repeated the same ellipsometer measurement and
curve-�tting work to the plain silver SPRi sensor of other
gold and silver thicknesses, and calculated the relation be-
tween the refractive index at a wavelength of 600 nm and
thickness of both the gold and silver �lms by polynomial
�tting as in equation (3) [36,37]. For gold and silver, ff (%) in
equation (3) can be expressed as functions of gold thickness
dg (nm) and silver thickness ds (nm) in equations (4) and (5),
respectively. Because of the mutual di�usion between the
gold and silver �lms during fabrication, the refractive index
expressions of the metals contain the thicknesses of both
�lms. It is noteworthy that the gold refractive index has a
much stronger dependence on its thickness than silver, thus
it is necessary to decrease the step of the gold thickness in the
following second-order UK interpolation.

n2EMA � ε · (1 − ε)2f2
f − 5(1 − ε)ff + ε2 − 3ε + 3[ ], (3)

ff � 17.64dg − 0.052ds − 3.94, (4)

ff � −2.00dg + 0.16ds + 91.2. (5)
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Figure 3: Gold element ratio in the (a) gold �lm side and (b) the silver �lm side of the gold-silver boundary under di�erent gold and silver
thicknesses.
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Figure 4: Fitting and theoretical real part (a) and imaginary part (b) of the silver refractive index in the plain silver SPRi sensor.
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Figure 5: Experimental (green) and �tting (red) results of (a) refraction and (b) phase data under ellipsometer measurement (gold: 2 nm,
silver: 50 nm).
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Figure 6: (a) DWR and (b) PD of the plain silver SPRi sensor after second-order UK interpolation.
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3.2. MOGA of Silver and Gold �icknesses by Using Kriging
Interpolation. Based on the aforementioned thickness-re-
fractive index model of gold and silver �lms, we calculated
the DWR and PD values at 660 nm according to the Jones
transmission matrix at di�erent gold and silver thicknesses
[35]. Since DWR and PD can only be calculated according
to Figure 2, the relation between the two parameters and
these thicknesses are unknown functions and can be ap-
proximated by the second-order UK model according to
reference [28]. In the approximation, the thickness steps of
gold and silver �lms are 0.25 nm and 0.5 nm, respectively.

In Figure 6, we can see that the silver thickness is the key
factor determining the incremental trend of DWR and PD
rather than the gold thickness. Besides, the variations of
DWR and PD do not appear to match each other well with
the gold and silver thicknesses. �us, both objective
functions cannot be optimized by a single objective
function, but need to be optimized for the Pareto optimal
solution set for DWR and PD. Here, our problem can be
expressed as equation (6), where x is a two-dimensional
vector with components as the gold and silver thicknesses,
and the xLi and x

U
i are the lower and upper bound of each

variable, respectively. �e multi-objective optimization
problems are solved with a population size of 320, a
crossover rate of 0.8, and a generation of 100 according to
reference [28].

MaximizeDWR(x) and PD(x),

subject toxLi ≤ xi ≤ x
U
i , i � 1, 2.

(6)

�e optimized thicknesses of metallic �lms in the Pareto
optimal solution set and corresponding objective function
values listed in Table 1 show a similar trend to the data in
Figure 6. For the di�erent value of the gold thickness, the
optimal silver thickness is around 58 nm, and the calculated
DWR and PD varies less than 1%. �is trend tells that the
silver thickness is the most determinant of the performance
of the silver SPRi sensor. We also notice that DWR and PD
cannot be optimized at a single combination of gold and

silver thicknesses. �e combination no. 1 is desirable if we
pursue a high DWR, while the combination no. 4 can be
adopted if we need a large PD in the detection of bio-in-
teractions occurring on the cell surface. Combination no. 9
may be chosen for practical manufacturing because a thick
gold �lmmay provide strong adhesion to the silver �lm [30].

3.3. Improvement of Complexity and the Transmission Success
Rate of WSN. In previous work, we reported that increasing
the number of nodes and decreasing the communication
transmission failure probability of nodes can help to improve
the transmission success rate [11]. However, the adjustment of
the two factors has an impact on the information dimension of
the network. �e information dimension will become large if
we increase the number of nodes or decrease the transmission
failure probability of nodes [38]. �us, we need to establish
objective functions of the information dimension and the
transmission success rate with the number of nodes and
transmission failure probability of nodes as variables [39, 40].
Since the information dimension can only be calculated by a
polynomial approximation, the aforementioned objective
functions are unknown functions, which need to be approx-
imated by the second-order UKmodel. In approximation with
the hop count as 6, the range of the number of nodes is from
200 to 500 with 30 as a step, while the range of transmission
failure probability is from 0.1 to 0.5 with 0.05 as a step [41, 42].

In Figure 7, the variations in the transmission success
rate and the information dimension show an opposite trend
with the variations in the number of nodes and transmission
failure probability of nodes. �us, both of the objective
functions of the two performance parameters need to be
optimized for the Pareto optimal solution set. Di�erent from
equation (6), our problem can be expressed as equation (7),
where x is a two-dimensional vector with components as the
number of nodes and the transmission failure probability of
nodes.�emulti-objective optimization problems are solved
with a population size of 121, a crossover rate of 0.8, and a
generation of 40.
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Figure 7: (a) �e transmission success rate and (b) the information dimension of WSN after second-order UK interpolation.
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Maximize Success rate(x) andMinimizeDimension(x),

subject tox
L
i ≤xi ≤ x

U
i , i � 1, 2.

(7)

(e optimized number of nodes and transmission failure
probability of nodes in the Pareto optimal solution set and
corresponding objective function values listed in Table 2
show a similar trend to the data in Figure 7.(e information
dimension and the transmission success rate cannot be
optimized at a single combination of the two performance
factors. (e combination no. 1 is desirable if we pursue a
small complexity of WSN, while the combination no. 5 can
be adopted if a high transmission success rate is in urgent
need. Combinations no. 2 and 3 may be chosen for de-
ployment because both complexity and reliability are suf-
ficient for practical usage.

4. Conclusion

In this work, we reported performance optimization of plain
silver SPRi sensor-based WSN by using MOGA. In the
optimization of the plain silver SPRi sensor, we chose the
maximum values of DWR and PD as the optimization
objective, and the thicknesses of gold and silver as variables
to obtain the Pareto optimal solution set. In the optimization
process, we established the refractive index-thickness
models for both gold and silver, and calculated the DWR and
PD values of the sensor with different gold and silver
thicknesses by the Jones transfer matrix and Kriging in-
terpolation. We found that DWR and PD cannot reach the
maximum value simultaneously, but a trade-off can be made
to get ambient results for both performance parameters. In
the performance optimization of WSN, we chose the
maximum value of the transmission success rate and the
minimum value of the information dimension as the op-
timization objective, and the number of nodes and the

transmission failure probability of nodes as variables. We
also found that the aforementioned maximum and mini-
mum values cannot be obtained simultaneously. By calcu-
lating the information dimension and the transmission
success rate of each Pareto optimal solution, we obtained the
number of nodes and transmission failure probability of
nodes available for practical deployment of WSN. Besides,
we can also provide the best solution for the optimization of
some certain aforementioned performance parameters. (e
above results indicate that MOGA can be applied in si-
multaneous optimization of multiple parameters of sensors
and networks in practical design, production, and
deployment.
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