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Tailoring the Spectral Absorption
Coefficient of a Blended Plasmonic
Nanofluid Using a Customized
Genetic Algorithm

Junyong Seo'?, Caiyan Qin'?2, Jungchul Lee'? & Bong Jae Leel2™

Recently, plasmonic nanofluids (i.e., a suspension of plasmonic nanoparticles in a base fluid) have been
widely employed in direct-absorption solar collectors because the localized surface plasmon supported
by plasmonic nanoparticles can greatly improve the direct solar thermal conversion performance.
Considering that the surface plasmon resonance frequency of metallic nanoparticles, such as gold,
silver, and aluminum, is usually located in the ultraviolet to visible range, the absorption coefficient

of a plasmonic nanofluid must be spectrally tuned for full utilization of the solar radiation in a broad
spectrum. In the present study, a modern design process in the form of a genetic algorithm (GA) is
applied to the tailoring of the spectral absorption coefficient of a plasmonic nanofluid. To do this,

the major components of a conventional GA, such as the gene description, fitness function for the
evaluation, crossover, and mutation function, are modified to be suitable for the inverse problem of
tailoring the spectral absorption coefficient of a plasmonic nanofluid. By applying the customized GA,
we obtained an optimal combination for a blended nanofluid with the desired spectral distribution of
the absorption coefficient, specifically a uniform distribution, solar-spectrum-like distribution, and a
step-function-like distribution. The resulting absorption coefficient of the designed plasmonic nanofluid
is in good agreement with the prescribed spectral distribution within about 10% to 20% of error when
six types of nanoparticles are blended. Finally, we also investigate how the inhomogeneous broadening
effect caused by the fabrication uncertainty of the nanoparticles changes their optimal combination.

Plasmonic nanofluids, which contain a suspension of plasmonic nanoparticles in a base fluid, have been proposed
as effective working fluids to directly convert solar radiation to thermal energy!. Owing to the resonance char-
acteristics of the localized surface plasmon (LSP), the absorption efficiency of the nanoparticles can be greatly
enhanced with the excitation of the LSP, offering great potential in solar thermal applications. For instance, a
direct-absorption solar collector (DASC) combined with a plasmonic nanofluid has drawn much attention for
solar thermal energy harvesting in recent decades'~. Recently, Qin et al.’ showed how the spectral absorption
coefficient of a plasmonic nanoparticle should be tuned (i.e., either uniformly or following the solar spectrum)
by engineering nanoparticle suspensions to exploit the solar radiation maximally with the given constraint of the
total particle concentration. Therefore, the effective tuning of the spectral absorption coefficients of plasmonic
nanofluids is crucial for improving the thermal performance capabilities of DASCs.

As suggested by Lee et al.}, broadband absorption spectra can be designed by blending multiple types of
nanoparticles given that the resonance wavelength of the LSP depends on the material, size and shape of the
nanoparticles. The simplest and the most common structure is a spherical nanoparticle”®. Nano-spheres made
with noble metals are widely utilized in various disciplines, such as in medical® and biological®!° applications.
However, because the resonance peak of the LSP associated with nano-spheres mainly depends on the material
properties'!, nano-spheres themselves may not be suitable for thermal applications. Thus, additional types of
nanoparticles, such as silica core-metallic shell'*!* and nano-rod®!* nanoparticles, have also been considered
given their potential for better controllability. For core-shell nanoparticles, the ratio between the core radius
and the shell thickness serves as a factor when tuning the absorption response'®, while the aspect ratio of the
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Figure 1. Schematic of the nano-sphere, core-shell, and nano-rod shapes. The design variables are the radius (r)
for the nano-sphere, the core radius (r.) and the shell thickness (t,) for the core-shell, and the radius (r,) and the
length (I,) for the nano-rod.

Type Design variable Range (nm)
Nano-sphere Radius () 10 ~ 100
Core radius (r,) 5~90
Core-shell
Shell thickness (t,) 5~ (100-r,)
Radius (r,) 6~ 30
Nano-rod
Length () max (16,2r,) ~ 200

Table 1. Ranges of each design variable when training the surrogate model.

nano-rod performs this function'®. Thus, the critical question is “What would the optimal combination of various
types of nanoparticles be for the effective tuning of the spectral absorption coefficient?” Note that finding the optimal
combination of plasmonic nanoparticles is not a straightforward task due to the diversity and complexity of nan-
oparticles with regards to their materials and shapes. For instance, Taylor et al.'” just employed the Monte-Carlo
approach (i.e., random generation and selection) to find the optimal blending combination of core-shell particles
for a nanofluid-based optical filter.

In general, an inverse problem is a problem that requires the determination of the design of a system from its
output response. It is known that finding a proper solution to an inverse problem is often challenging because
most inverse problems are ill-posed and nonlinear's. Nevertheless, if a particular solution-finding technique of
an inverse problem is available, it can be readily applied to diverse engineering fields, such as magnetic resonance
imaging'®, combustion?’, and radiative heat transfer??. Tailoring the absorption spectrum of a plasmonic nano-
fluid can also be treated as an inverse problem when designing a system (i.e., combination of plasmonic nano-
particles) at a given response (i.e., the desired spectral absorption coeflicient). Because a blended combination of
nanoparticles is represented with a broad range of variables, it is difficult to determine the optimal composition
of a nanofluid to have the desired absorption spectrum. Therefore, a modern solution technique, such as a genetic
algorithm?"??, can be employed to solve our blending problem.

Genetic algorithms (GAs) have been widely employed to solve many design problems by customizing a
description of an individual chromosome (i.e., member of a population) and a fitness function (i.e., score of the
chromosome) properly?**. For example, the dimensions of a tandem-grating nanostructure for a solar thermal
absorber?®, the spectral distribution of absorption coefficients for DASC?, and the dimensions of a multi-layer
microcylinder for a plasmonic nanojet* have been optimized based on carefully defined chromosomes and fitness
functions. Here, we also apply a GA to find the optimal combination of plasmonic nanoparticles to achieve the
desired spectral absorption coefficient of a nanofluid. To maximize the diversity of the plasmonic response of the
nanoparticles, we consider two materials (gold and silver) and three types of nanoparticle shapes (nano-sphere,
core-shell, and nano-rod). The target spectral absorption coefficient of the plasmonic nanofluid is first set to be
either uniform or to follow the solar spectrum®. In addition, a step-function-like absorption coefficient will be
designed for a hybrid solar PV/T application'”. Finally, how the inhomogeneous broadening effect caused by
the fabrication uncertainty of the nanoparticles>'? changes their optimal combination is also investigated.

Modelling

Absorption coefficient of a blended plasmonic nanofluid. It is well known that subwavelength-size
metallic nanoparticles can support a localized surface plasmon (LSP), whose resonance condition depends
strongly on the materials, sizes, and shapes of the nanoparticles?® . In the present study, we consider two mate-
rials and three shapes of nanoparticles (see Fig. 1) to diversify a number of possible blending combinations.
The ranges of each design variable are carefully constrained according to the literatures®!>!. These are listed in
Table 1.

For a given nanoparticle, its spectral absorption efficiency, Q, (), can be calculated by solving Maxwell’s equa-
tions. For nano-sphere and core-shell particles, Mie-scattering theory?® and a modified version of it' were used to
determine Q, (). For the nano-rod, a boundary element method (BEM) was applied to obtain the polarization-
and direction-averaged absorption efficiency. In this study, the open-source BEM software MNPBEM?? was
used. In the calculations, the permittivities of gold, silver, silicon dioxide, and water (i.e., the base fluid) were
used from tabulated data®. As discussed by Lee et al.!, if the radius (or thickness) of a metal is smaller than
its mean-free-path of conduction electrons, we also must consider that the size-dependent permittivity of the
metal should differ from that of the bulk metal due to electron-boundary scattering. Furthermore, a broaden-
ing effect will arise due to the modification of the permittivity. In this work, the effect of electron-boundary
scattering is neglected for simplicity, though this effect will be discussed later. In addition, nanoparticles can
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also be agglomerated, and undesirable sedimentation may occur in reality. In fact, preventing sedimentation of
nanoparticles is a challenging task. In general, nanoparicles can be stably dispersed in a base fluid in two ways.
The first method is to select a suitable surfactant, as previously done in water?. In practice, various surfactants****
have been utilized to achieve long-term dispersion stability. Alternatively, stable dispersion can also be achieve by
surface modification of nanoparticles, as recently demonstrated in Therminol-based nanofluid*. For simplicity,
we assumed in this work that nanoparticles are perfectly dispersed.

With the calculated absorption efficiency of the i-th particle in water, Q, ;(\), the corresponding absorption
coefficient of the nanofluid, o 2 Can be expressed as?:

3,

= —LQ ()
A\ ZDiQu,z( ) (1)

where, f; is the volume concentration of the nanoparticle and D, = 3/6 x (volume of particle)/ is the effective
diameter of each particle?. If N types of nanoparticles are dispersed together, the resulting absorption coefficient
of blended plasmonic nanofluid (¢, ) is then given by:

N N
ay = [1 - Zﬁ]aw,A + Doy @
i1 i—1

where, a,, ) is the absorption coefficient of the water itself. Notice that Eq. (2) is valid only in the independent
scattering regime. Since the considered particle volume fraction is on the order of 10~¢, the light scattering inside
the plasmonic nanofluid can be safely assumed to be independent®. Because solar irradiance begins at approxi-
mately A= 300 nm and the absorption coefficient of water becomes dominant after A= 1,100 nm, we calculate the
absorption efficiency spectrum of each particle from 300 nm to 1,100 nm in 10 nm intervals (i.e., 81 spectral data
points).

In principle, Q, ;(A) must be known a priori in each computation of the fitness function of a GA. Because the
calculation of Q, ;()) takes about 3 min and the average number of fitness calculations in our GA numbers into
the thousands, it is not feasible to compute it every time. To reduce the computational cost, we decided to build a
surrogate model to estimate the absorption efficiency of each nanoparticle, i.e., [Input: geometry of i-th particle
and A — Output: Q, ;(A)]. To ensure the accuracy of the surrogate model, an artificial neural network model*® was
employed as part of a modelling technique. To train the neural network models, samples were composed with
2nm intervals of the design variables and a 10 nm interval of the wavelength. Consequently, we constructed and
applied accurate surrogate models with correlation values exceeding R = 0.999 with a regulated amount of sam-
ple data. Note that neural networks were modelled with three fully connected hidden layers and 10 nodes in each
layer, which was enough to construct a surrogate model for estimating the Q, spectrum. The accuracy of the
model was estimated with the difference between the predicted and actual Q, ;(\) values at the peak location,
where the maximum Q i value was achieved. As a result, the accuracy of model used in this work was found to be
between 0.3% (for the nano-spheres) and 1.6% (for the core-shells and the nano-rods) on average.

Customized genetic algorithm. The genetic algorithm (GA) is a powerful method for solution processes
owing to its ranges for diverse applicability for a variety of problems®*?*. In the world of a GA, the population
consists of individuals. Each individual has its own chromosome (i.e., set of genes) and evolves along descent
generations. Based on simple and bio-mimicking procedures, the population of the GA will evolve to obtain the
best individual, which has the best chromosome, through a process of selection, crossover and mutation. The
GA can be utilized with proper modification of its gene description, fitness function, and any embedded algo-
rithms or hyper-parameters. In this study, (1) descriptions of the chromosomes (or genes), (2) fitness function,
(3) crossover, and (4) mutation algorithms are customized especially for solving our inverse problem, designing
of the system (a combination of plasmonic nanoparticles) at the given response (the desired spectral absorption
coeficient).

The most significant aspect of customization is to define the chromosomes of the GA. Because the chromo-
somes of individuals must be related to a combination of plasmonic nanoparticles, we defined the chromosome
to possess a set of nanoparticles as a genes. Each gene on the chromosome has particle properties, such as the
material (gold or silver), shape (nano-sphere, core-shell, nano-rod), design variables (geometric parameters),
and volume concentration. A chromosome is implemented as a list of genes. When a chromosome is created,
the properties of each gene are determined randomly within their ranges. Note that the volume concentration is
intentionally set to be less than 0.005% divided by the number of genes [i.e., the number of nanoparticle types in
Eq. (2)] to match the scale of each particle’s volume fraction to 0.0001%?>.

A fitness function is usually set to be a distance or a loss function, as the optimization process evolves to min-
imize a score. In this work, the fitness function is defined as the sum of square error (SSE):

80
SSE= Z(a)\j - atarget,/\])z
= )

where, )\, is the wavelength in interest with a 10 nm interval (i.e., 300 + 10j nm) and e, ., , is the target absorp-
tion coeflicient spectrum defined in Section 2.3. The absorption coefficient of the blended nanofluid was calcu-
lated from Egs. (1) and (2). To obtain Q, ;(A), the type and design variables of the nanoparticles described in the
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Figure 2. Target absorption coeflicient of the blended plasmonic nanofluid (red line): (a) uniform distribution,
(b) solar-spectrum-like distribution, and (c) step-function-like distribution. The spectral absorption coefficient
of water is also illustrated by the blue line.

Particle type Uniform Solar-spectrum- Step-function-like
Index Property | distribution | like distribution distribution
Material | Silver Gold Silver
Type Core-shell Core-shell Core-shell
#1 Design (73,14) (15,11) (86, 8)
f, x 10° | 1.053 0.544 3.870
Peak [nm] | 580 550 720
Material | Silver Silver Silver
Type Core-shell Nano-rod Core-shell
#2 Design (80,9) (16, 120) (87,5)
£, x 10° | 3.602 0.187 1.547
Peak [nm] | 670 380, 810 850
Material | Gold Silver Gold
Type Nano-rod Core-shell Core-shell
#3 Design (28,181) (49, 13) (86,6)
£, x 10° | 0.605 4224 0.036
Peak [nm] | 510, 890 500, 690 810
Material | Gold Silver Silver
Type Core-shell Core-shell Core-shell
#4 Design (52,12) (88, 10) (89,7)
£, x 10° | 3.116 2.642 1.933
Peak [nm] | 610, 740 680 760
Material | Gold Silver Gold
Type Core-shell Core-shell Core-shell
#5 Design (83,6) (53,7) (46, 5)
£ x 10° | 1298 0.970 0.599
Peak [nm] | 800, 1080 610, 820 860
Material | Gold Gold Silver
Type Core-shell Core-shell Core-shell
#6 Design (88,5) (87,5) (15,70)
_f; x 10 | 1.434 1.909 0.003
Peak [nm] | 860 860 400

Table 2. Optimal combination of plasmonic nanoparticles for the desired spectral absorption coefficient of the
nanofluid. The design variables are r for the nano-sphere, (7., t,) for the core-shell, and (r,, I,) for the nano-rod.

chromosome are required. The GA scored each individual with this SSE value and caused the population to evolve
to minimize the score.

After the scores of individuals are evaluated by the fitness function, the GA will prepare the population of the
next generation. Initially, the highest scoring individual will remain based on elitism. By default, the top 5% indi-
viduals in terms of their scores will move to the next generation. Next, the GA selects individuals as the parents of
the rest (i.e., 95% of the next generation) according to rule of natural selection. That is, individuals with better
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Figure 3. Absorption coeflicient of a blended plasmonic nanofluid for the target spectrum: (a) uniform
distribution, (b) solar-spectrum-like distribution, and (c) step-function-like distribution. The effect of water is
illustrated by the blue dotted line.

fitness values are more probable to be a parent, and a stochastic uniform selection rule® is applied. For the cross-
over process, an offspring individual will have a gene list, which basically consists of the first parent’s genes. In
addition, an arbitrary gene fragment cut from the second parent is inserted into a randomly chosen location.
Finally, for the mutation process, simple one-point mutation is used. A mutated child will have a gene list from a
parent with one point of a gene replaced by newly created nanoparticle. In this work, a 20% mutation rate is used
by default (set by MATLAB). In other words, 80% of the remaining children are generated by crossover while 20%
are generated by mutation. Hence, 162% (95% x [80 X 2 + 20]%) of the total population is selected by the selec-
tion rule, and the offspring for the next generation is born from them by following the crossover and mutation
process.

To validate the customized GA, we tried to find the optima of three test functions: Rastrigin function®,
cross-in-tray function*', and Ackley function®!. Since our GA is designed for a specific problem (i.e., designing a
blended plasmonic nanofluid), we could validate our GA focusing on its process only. To apply our GA to the test
functions, we simplified the structure of genes only possessing variable, namely ¢, (0 < ¢, < 1), wherei is a vari-
able identifier. Variable ¢, was accepted to each problem properly to its variable boundary, i.e.,
X = Kppax — Xmin) @i + Xpin- As a result, we obtained the optimal fitness value as follows: 0.043 for Rastrigin;
—2.0626 for cross-in-tray; and 0.182 for Ackley function in average of 5 times trial. These values are indeed close
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Figure 4. Absorption coefficient of a blended plasmonic nanofluid for the target spectrum: (a) uniform
distribution, (b) solar-spectrum-like distribution, and (c) step-function-like distribution considering
inhomogeneous broadening due to polydispersed nanoparticles in reality. The effect of water is illustrated by the
blue dotted line.

to the true optima: 0 for Rastrigin; —2.0626] for cross-in-tray; and 0 for Ackley function. Furthermore, the rela-
tive distance of optimal variables (x;s) from the true optimum was found to be less than 0.1.

Target spectrum of the absorption coefficient. To demonstrate how the customized GA can effectively
tune the absorption coefficient of a blended plasmonic nanofluid, we consider three target absorption coefhi-
cient spectra, as illustrated in Fig. 2. The first two target spectra are for solar thermal applications, especially for
a direct-absorption solar collector, i.e., a uniform distribution (Fig. 2a) and a solar-spectrum-like distribution
(Fig. 2b). As reported by Qin et al.%, a uniform absorption coefficient is more efficient for a highly concentrated
nanofluid because the heat loss can be minimized, while a solar-spectrum-like absorption coefficient is more
suitable when the system only requires an insufficient particle concentration. It should be noted from Fig. 2 that
the absorption coefficient of water does not play much of a role in the absorption process. Thus, the nanoparticles
should be carefully designed to achieve broadband absorption, associated with their LSP resonances. In addition,
a step-function-like absorption coefficient (Fig. 2¢) is designed for hybrid solar photovoltaic/thermal (PV/T)
applications'”?”. At the zero-absorption regime of the nanofluid, incident solar irradiance will directly reach
the PV cell and be converted into electricity. In the opaque regime of the nanofluid, the solar irradiance will be
converted to heat by the nanofluid. Here, we select the step point of the spectrum to be the bandgap of the PV
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cell used in a hybrid PV/T system with a high bandgap with 1.84eV (approximately 680 nm)**. Note also that a
high-bandgap PV cell is widely applied for common solar cell systems*® or for special purposes**.

It is important to understand that the magnitude of the average absorption coefficient is scalable according to
the particle concentration [see Eq. (2)]. Therefore, if the target absorption coefficient spectrum is satisfied, con-
trolling its magnitude to a certain value can be easily done by simply changing the volume fraction of nanoparti-
cles. In the forthcoming analysis, the average of the absorption coefficient was set to 1 cm ™! for simplicity. Here,
a = 1 cm™! was taken as a representative value considering that the blended plasmonic nanofluid with the aver-
age absorption coefficient value of 1 cm™! can be effectively used for a direct absorption solar collector.

Results and Discussion

The main idea when tailoring the absorption coefficient of a blended plasmonic nanofluid is to distribute the
absorption peaks associated with each type of nanoparticle along the target spectrum. It is thus expected that
more types of nanoparticles makes the corresponding absorption coefficient a better fit to the target spectrum.
Considering the productivity of a plasmonic nanofluid, the number of types of nanoparticles (N) should not be
excessive. Given that plasmonic nanofluids with 3 to 5 types of nanoparticles have been experimentally demon-
strated>*, N is limited to 6 or less.

Although not shown here, a higher value of N can achieve a smaller root-mean-square error (RMSE), defined
as RMSE = -/SSE/81. Henceforth, we discuss the optimal blending combination case of N = 6, which can retain
the smallest RMSE value (i.e., the closest absorption coefficient spectrum to the target). The detailed dimensions
as well as the locations of the major absorption peaks of each type of nanoparticles are listed in Table 2.

Figure 3a shows the absorption coeflicient of a blended plasmonic nanofluid for the target spectrum with a
uniform distribution. The designed plasmonic nanofluid results in a RMSE value of 0.099 cm ™!, which is less than
10% of the target absorption coefficient (i.e., 1 cm™). The absorption peaks of each type of nanoparticle are well
distributed along the visible and near-infrared spectral regions for broadband absorption. Although the #4 parti-
cle (i.e., the Au core-shell) mainly contributes to the visible absorption, the #2 and #3 particles successfully com-
pensate for the absorption dips of the #4 particle. Moreover, all six types of nanoparticles shows minor absorption
at the wavelengths greater than 900 nm, where water (i.e., the base fluid) starts to play a role. It is interesting to
note that no nano-spheres are used in the six types of nanoparticles. This is mainly due to the tunability of the LSP
resonance condition in the core-shell and nano-rod structures. In other words, the nano-sphere is less tunable as
the polarizability of its Clausius-Mossotti relation is predetermined by the material properties®® and the resulting
absorption peak is often confined to a narrow spectral range (i.e., Au: 500~540 nm and Ag: 380~450 nm).

The absorption coeflicient of a blended plasmonic nanofluid for a solar-spectrum-like target spectrum is
shown in Fig. 3b. To follow the solar spectrum, the absorption peaks should be confined to the major spectral
regions of solar radiation (i.e., from 400 to 700 nm and from 800 to 900 nm). It can be observed that the #1, #3,
and #4 particles mainly contribute to the absorption in the aforementioned spectral region. Although the RMSE
value is 0.232 cm™! (about twice that the uniform case) for the solar-spectrum-like distribution, the designed
absorption coefficient reasonably follows the solar spectrum except for wavelengths between 300 and 400 nm.

Finally, we also demonstrate the blended plasmonic nanofluid for the step-function-like distribution in Fig. 3c.
As in the case of the solar-spectrum-like distribution, the designed absorption coeflicient captures the features
of the target spectrum. However, there exists non-negligible absorption of approximately 0.2cm™! in the wave-
lengths between 300 and 680 nm, mainly due to intrinsic absorption by silver and gold. The resulting RMSE value
is 0.209 cm™!, which is slightly less than that in Fig. 3b. Interestingly, Table 2 reveals that the volume fractions of
the #4 and #6 particles were greatly suppressed by the GA, meaning that the #4 and #6 particles were considered
to be “useless” by the GA. Therefore, we can simply use four types of particles for the step-function-like distribu-
tion without seriously compromising the fitness. In Fig. 3, the customized GA clearly demonstrates its excellent
design capability for a blended plasmonic nanofluid with the desired spectral absorption coefficient.

Table 2 also indicates that only core-shell nanoparticles are used for the step-function-like distribution.
Although the nano-rod can induce the multiple LSP peaks', its resonance condition is polarization-dependent
due to its geometrical anisotropy. Hence, the polarization-averaged absorption efficiency becomes less significant
as compared to the geometrically isotropic core-shell structure. The present optimization results clearly indicate
that the core-shell nanoparticle is superior to the nano-sphere and the nano-rod structures in terms of the tuna-
bility of the LSP resonance condition as well as the enhanced absorption efficiency associated with the LSP.

Thus far, we have demonstrated how to achieve broadband absorption by blending nanoparticles made of
noble metals (such as Au and Ag), which usually exhibits sharp resonance peaks. In reality, however, there could
be many factors that give rise to a broadening effect, such as the electron-boundary scattering effect when the
characteristic size of the metal is smaller than the mean-free-path of electrons or inhomogeneous broadening due
to a non-uniform size distribution of the nanoparticles. Because the electron-boundary scattering effect occurs
only for the core-shell structure with an extremely thin metallic shell’, for instance, its effect may not be promi-
nent as compared to the inhomogeneous broadening that occurs inevitably due to polydispersed nanoparticles>!2.
Since any nanoparticle fabrication technique will always be associated with the fabrication uncertainty to some
extent, polydispersed nanoparticles are inevitable in reality. Here, we examine how inhomogeneous broadening
can affect the optimal combination of plasmonic nanoparticles by applying a randomized distribution of design
variables. To do this, a Gaussian distribution with the mean value of the design variable and a standard deviation
of 10% of the mean is assumed. For instance, the core radius of core-shell particle (r,) is treated as a random var-
iable following a normal distribution, N(r.,(0.17,)%). In the calculation, 100 random particles following a Gaussian
distribution were calculated using the surrogate neural network model and their absorption spectra were aver-
aged to determine the broadened absorption spectrum of randomized nanoparticles.
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Particle Uniform Solar-spectrum-like | Step-function-like
type Index | Property | distribution | distribution distribution
Material | Gold Silver Silver
Type Nano-rod Core-shell Core-shell
#1 Design (21,139) (61,11) (34,5)
f, x 10° | 0.406 2.683 0.089
Peak [nm] | 510, 830 560 740
Material | Gold Silver Silver
Type Core-shell Core-shell Core-shell
#2 Design (76, 15) (85, 10) (83,7)
£, x 10° | 4.839 3.810 4.937
Peak [nm] | 670 670 740, 1030
Material | Silver Silver Gold
Type Core-shell Core-shell Nano-rod
#3 Design (88,5) (54, 12) (12,103)
£ x 10° | 1504 1.652 0.123
Peak [nm] | 840 520 850
Material | Silver Gold Silver
Type Core-shell Core-shell Core-shell
#4 Design (89, 8) (77,17) (90, 6)
£ x 10° | 3234 4.696 2.995
Peak [nm] | 740, 1050 660 820
Material | Silver Gold Gold
Type Core-shell Nano-rod Core-shell
#5 Design (71,15) (15,112) (15, 23)
£, x 10° | 4280 0.245 0.005
Peak [nm] | 560 820 540

Table 3. Optimal combination of plasmonic nanoparticles considering inhomogeneous broadening due to
polydispersed nanoparticles in reality. The notation of the design variables follows that in Table 2.

Figure 4 shows the absorption coefficient of a blended plasmonic nanofluid considering inhomogeneous
broadening due to polydispersed nanoparticles in reality. By comparing Figs. 3 to 4, it is remarkable that we
can achieve similar level of RMSE value with only five types of nanoparticles if inhomogeneous broadening is
taken into account. To be specific, the resulting RMSE values are 0.097 cm™! and 0.237 cm™! for the uniform
and solar-spectrum-like distributions, respectively. On the other hand, for the step-function-like distribution,
the RMSE value with five types of particles become 0.236 cm ™!, which is about 13% higher than the original
value (i.e., with six types of nanoparticles) in Fig. 3c. Although the inhomogeneous broadening effect may not be
advantageous for achieving wavelength-selective absorption coeflicient spectrum, it surely allows one to reduce
the required numbers of nanoparticle types for achieving broadband absorption, as clearly demonstrated in
Fig. 4a,b.

The optimal combination of plasmonic nanoparticles considering inhomogeneous broadening is listed in
Table 3. As noted in the table, the absorption peak of each type of nanoparticle is well distributed on the spectral
regime of interest, and the inhomogeneous broadening causes the absorption coefficient of the blended plas-
monic nanofluid to be more uniform. Similarly, it is also expected that the electron-boundary scattering effect
eventually makes the designed spectrum more uniform, possibly leading to a reduction in the required number
of nanoparticle types. It should be noted that the optimal combination in Table 3 is wholly different from that in
Table 2, suggesting that our customized GA is very effective at finding the solution under any given constraint.
If other size distributions (e.g., possibly obtained from experimental results*®) are given, different optimization
result will be found accordingly.

Summary

We have employed a customized genetic algorithm to tailor the spectral absorption coefficient of a blended plas-
monic nanofluid made of nano-sphere, core-shell, and/or nano-rod structures. The chromosome description,
fitness function, crossover and mutation process in a conventional GA were customized to be suitable for the
inverse problem of finding the optimal combination of plasmonic nanoparticles for the prescribed distribution
of the absorption coeflicient. In addition, neural network models estimating the absorption coefficient of a plas-
monic nanoparticle were constructed and coupled with the customized GA to reduce the computational cost
of the optimization process. In this work, three different target absorption coeflicients, specifically a uniform
distribution, solar-spectrum-like distribution and step-function-like distribution, were considered. The resulting
absorption coefficient of a designed plasmonic nanofluid was in good agreement well with the prescribed spectral
distribution within about 10% to 20% of error when six types of nanoparticles were used. Finally, we also consid-
ered the inhomogeneous broadening due to polydispersed nanoparticles during the optimization process. It was
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found that we can achieve similar RMSE values compared to the previous blending result with fewer types of nan-
oparticles for the uniform and solar-spectrum-like distributions. More importantly, the polydisperred nanopar-
ticles resulted in totally different optimal combinations of plasmonic nanoparticles from the previously obtained
results with monodispersed nanoparticles. This suggests that our customized GA can be flexibly applied for an
arbitrary constraints problem. The design methodology proposed here will facilitate the future development of a
direct-absorption solar collector using a blended plasmonic nanofluid.

Data availability
All data that support the findings of this study are available from the corresponding author upon request.

Received: 25 November 2019; Accepted: 11 May 2020;
Published: 1 June 2020

References
1. Lee, B. ], Park, K., Walsh, T. & Xu, L. Radiative heat transfer analysis in plasmonic nanofluids for direct solar thermalabsorption. J.
Sol. Energy Eng 134, 021009 (2012).
2. Jeon, J., Park, S. & Lee, B. ]. Optical property of blended plasmonic nanofluid based on gold nanorods. Opt. Express 22, A1101-A1111
(2014).
3. Duan, H,, Chen, R, Zheng, Y. & Xu, C. Photothermal properties of plasmonic nanoshell-blended nanofluid for direct solarthermal
absorption. Opt. Express 26, 29956-29967 (2018).
4. Mallah, A. R, Kazi, S. N., Zubir, M. N. M. & Badarudin, A. Blended morphologies of plasmonic nanofluids for directabsorption
applications. Appl. Energy 229, 505-521 (2018).
5. Mehrali, M., Ghatkesar, M. K. & Pecnik, R. Full-spectrum volumetric solar thermal conversion via graphene/silver hybridplasmonic
nanofluids. Appl. Energy 224, 103115 (2018).
6. Qin, C,, Kang, K,, Lee, I. & Lee, B. J. Optimization of the spectral absorption coefficient of a plasmonic nanofluid for adirect
absorption solar collector. Sol. Energy 169, 231-236 (2018).
7. Encina, E. R. & Coronado, E. A. Plasmon coupling in silver nanosphere pairs. J. Phys. Chem. C 114, 3918-3923 (2010).
8. Schaeublin, N. M. et al. Does shape matter? Bioeffects of gold nanomaterials in a human skin cell model. Langmuir 28, 3248-3258
(2012).
9. Huang, X. & El-Sayed, M. A. Gold nanoparticles: Optical properties and implementations in cancer diagnosis andphotothermal
therapy. J. Adv. Res. 1, 13-28 (2010).
10. Murphy, C. J. et al. Gold nanoparticles in biology: Beyond toxicity to cellular imaging. Acc. Chem. Res. 41, 1721-1730 (2008).
11. Maier, S. A. Plasmonics: Fundamentals and Applications (Springer Science & Business Media, 2007).
12. Khanadeev, V. A., Khlebtsov, B. N. & Khlebtsov, N. G. Optical properties of gold nanoshells on monodisperse silica cores:
Experiment and simulations. J. Quant. Spectrosc. Radiat. Transf. 187, 1-9 (2017).
13. Ma, J., Zhao, Q,, Li, Y. & Bao, ]. Controllable fabrication of Ag nanoparticles-coated silica core-shell microspheres and itsoptical
properties. . Nanosci. Nanotechnol. 17, 474-481 (2017).
14. Yu, Y.-Y,, Chang, S.-S., Lee, C.-L. & Wang, C. R. C. Gold nanorods: Electrochemical synthesis and optical properties. J. Phys. Chem.
B 101, 6661-6664 (1997).
15. Oldenburg, S. ., Averitt, R. D., Westcott, S. L. & Halas, N. ]. Nanoengineering of optical resonances. Chem. Phys. Lett. 288, 243-247
(1998).
16. Link, S. & El-Sayed, M. A. Spectral properties and relaxation dynamics of surface plasmon electronic oscillations in goldand silver
nanodots and nanorods. J. Phys. Chem. B 103, 8410-8426 (1999).
17. Taylor, R. A, Otanicar, T. & Rosengarten, G. Nanofluid-based optical filter optimization for PV/T systems. Light Sci. Appl. 1, e34
(2012).
18. Modest, M. E. Radiative heat transfer (Academic press, 2013).
19. Sumpf, T. J., Uecker, M., Boretius, S. & Frahm, ]. Model-based nonlinear inverse reconstruction for T2 mapping usinghighly
undersampled spin-echo MRI. J. Magn. Reson. Imaging 34, 420-428 (2011).
20. Liu, G. & Liu, D. Inverse radiation problem of multi-nanoparticles temperature and concentration fields reconstruction innanofluid
fuel flame. Optik 181, 81-91 (2019).
21. Yadav, R., Balaji, C. & Venkateshan, S. P. Inverse estimation of number and location of discrete heaters in radiant furnacesusing
artificial neural networks and genetic algorithm. J. Quant. Spectrosc. Radiat. Transf. 226, 127-137 (2019).
22. Radfar, N., Amiri, H. & Arabsolghar, A. Application of metaheuristic algorithms for solving inverse radiative boundarydesign
problems with discrete power levels. Int. J. Therm. Sci. 137, 539-551 (2019).
23. Goldberg, D. E. & Holland, J. H. Genetic algorithms and machine learning. Mach. Learn. 3,95-99 (1988).
24. Harman, M. & Jones, B. E. Search-based software engineering. Inf. Softw. Technol 43, 833-839 (2001).
25. Choi, J., Kim, M., Kang, K., Lee, I. & Lee, B. ]. Robust optimization of a tandem grating solar thermal absorber. J. Quant. Spectrosc.
Radiat. Transf. 209, 129-136 (2018).
26. Huang, Y., Zhen, Z., Shen, Y., Min, C. & Veronis, G. Optimization of photonic nanojets generated by multilayermicrocylinders with
a genetic algorithm. Opt. Express 27, 1310-1325 (2019).
27. Jia, Y., Alva, G. & Fang, G. Development and applications of photovoltaic-thermal systems: A review. Renew. Sustain. Energy Rev
102, 249-265 (2019).
28. Bohren, C. E & Huffman, D. R. Absorption and scattering of light by small particles (Wiley, 1983).
29. Hutter, E. & Fendler, J. H. Exploitation of localized surface plasmon resonance. Adv. Mater. 16, 1685-1706 (2004).
30. Jain, P. K, Lee, K. S., El-Sayed, I. H. & El-Sayed, M. A. Calculated absorption and scattering properties of goldnanoparticles of
different size, shape, and composition: applications in biological imaging and biomedicine. J. Phys. Chem. B 110, 7238-7248 (2006).
31. Koktan, J. et al. Magnetic oxide particles with gold nanoshells: Synthesis, properties and cytotoxic effects. Colloids Surf. A
Physicochem. Eng. Asp. 520, 922-932 (2017).
32. Waxenegger, J., Triigler, A. & Hohenester, U. Plasmonics simulations with the MNPBEM toolbox: Consideration ofsubstrates and
layer structures. Comput. Phys. Commun. 193, 138-150 (2015).
33. Palik, E. D. Handbook of Optical Constants of Solids (Academic Press, 1998).
34. Al-Waeli, A. H., Chaichan, M. T., Kazem, H. A. & Sopian, K. Evaluation and analysis of nanofluid and surfactant impacton
photovoltaic-thermal systems. Case Stud. Therm. Eng. 13, 100392 (2019).
35. Khullar, V. ef al. Harvesting solar thermal energy through nanofluid-based volumetric absorption systems. Int. ]. Heat Mass Transf
77,377-384 (2014).
36. Lee, R. et al. Synthesis of therminol-based plasmonic nanofluids with core/shell nanoparticles and characterization of
theirabsorption/scattering coeflicients. Sol. Energy Mater. Sol. Cells 209, 110442 (2020).

SCIENTIFIC REPORTS | (2020) 10:8891 | https://doi.org/10.1038/s41598-020-65811-6


https://doi.org/10.1038/s41598-020-65811-6

www.nature.com/scientificreports/

37. Tien, C.-L. & Drolen, B. L. Thermal radiation in partlculate media with dependent and independent scattering. Annu. Rev. Heat
Transf1,1-32 (1987).

38. Seo, J. et al. Design of a broadband solar thermal absorber using a deep neural network and experimental demonstration ofits
performance. Sci. Reports 9, 15028 (2019).

39. Baker, J. E. Reducing bias and inefficiency in the selection algorithm. In Proceedings of the Second International Conference on
Genetic Algorithms, vol. 206, 14-21 (1987).

40. Miihlenbein, H., Schomisch, M. & Born, J. The parallel genetic algorithm as function optimizer. Parallel Comput. 17, 619-632
(1991).

41. Jamil, M., Yang, X.-S. & Zepernick, H.-J. Test functions for global optimization: a comprehensive survey. In Swarmintelligence and
Bio-inspired Computation, 193-222 (Elsevier, 2013).

42. Abdulraheem, Y., Gordon, L., Bearda, T., Meddeb, H. & Poortmans, J. Optical bandgap of ultra-thin amorphous siliconfilms
deposited on crystalline silicon by PECVD. AIP Adv. 4,057122 (2014).

43. Todorov, T. K. et al. Ultrathin high band gap solar cells with improved efficiencies from the world’s oldest photovoltaicmaterial. Nat.
Commun. 8, 682 (2017).

44. Jenkins, P. P. et al. High-bandgap solar cells for underwater photovoltaic applications. IEEE J. Photovoltaics 4, 202-207 (2013).

45. Jeon, J., Park, S. & Lee, B. J. Analysis on the performance of a flat-plate volumetric solar collector using blended plasmonicnanofluid.
Sol. Energy 132, 247-256 (2016).

Acknowledgements

This research was supported by the Basic Science Research Program (NRF-2019R1A2C2003605) and by the
Creative Materials Discovery Program (NRF-2018M3D1A1058972) through the National Research Foundation
of Korea (NRF) funded by the Ministry of Science and ICT. This research was also supported by the Korea
Institute of Energy Technology Evaluation and Planning (KETEP) and the Ministry of Trade, Industry & Energy
(MOTIE) of the Republic of Korea (No. 20172010000850).

Author contributions
Data preparation and customizing genetic algorithm were driven by J.S. under the supervision of B.J.L and J.L.
The basic method for use of MNPBEM software was assisted by C.Q.

Competing interests
The authors declare no competing interests.

Additional information
Correspondence and requests for materials should be addressed to B.J.L.

Reprints and permissions information is available at www.nature.com/reprints.

Publisher’s note Springer Nature remains neutral with regard to jurisdictional claims in published maps and
institutional affiliations.

Open Access This article is licensed under a Creative Commons Attribution 4.0 International

G | jcense, which permits use, sharing, adaptation, distribution and reproduction in any medium or
format, as long as you give appropriate credit to the original author(s) and the source, provide a link to the Cre-
ative Commons license, and indicate if changes were made. The images or other third party material in this
article are included in the article’s Creative Commons license, unless indicated otherwise in a credit line to the
material. If material is not included in the article’s Creative Commons license and your intended use is not per-
mitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from the
copyright holder. To view a copy of this license, visit http://creativecommons.org/licenses/by/4.0/.

© The Author(s) 2020

SCIENTIFIC REPORTS | (2020) 10:8891 | https://doi.org/10.1038/s41598-020-65811-6


https://doi.org/10.1038/s41598-020-65811-6
http://www.nature.com/reprints
http://creativecommons.org/licenses/by/4.0/

	Tailoring the Spectral Absorption Coefficient of a Blended Plasmonic Nanofluid Using a Customized Genetic Algorithm

	Modelling

	Absorption coefficient of a blended plasmonic nanofluid. 
	Customized genetic algorithm. 
	Target spectrum of the absorption coefficient. 

	Results and Discussion

	Summary

	Acknowledgements

	Figure 1 Schematic of the nano-sphere, core-shell, and nano-rod shapes.
	Figure 2 Target absorption coefficient of the blended plasmonic nanofluid (red line): (a) uniform distribution, (b) solar-spectrum-like distribution, and (c) step-function-like distribution.
	Figure 3 Absorption coefficient of a blended plasmonic nanofluid for the target spectrum: (a) uniform distribution, (b) solar-spectrum-like distribution, and (c) step-function-like distribution.
	Figure 4 Absorption coefficient of a blended plasmonic nanofluid for the target spectrum: (a) uniform distribution, (b) solar-spectrum-like distribution, and (c) step-function-like distribution considering inhomogeneous broadening due to polydispersed nan
	Table 1 Ranges of each design variable when training the surrogate model.
	Table 2 Optimal combination of plasmonic nanoparticles for the desired spectral absorption coefficient of the nanofluid.
	Table 3 Optimal combination of plasmonic nanoparticles considering inhomogeneous broadening due to polydispersed nanoparticles in reality.




