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Optimization by a genetic algorithm of nanopyramidal
broadband quasi-perfect absorbers with deeper insight into
the stability of optimal solutions

Alexandre Mayer, Olivier Deparis, and Michaél Lobet

Department of Physics, University of Namur, Rue de Bruxelles 61, 5000 Namur, Belgium

ABSTRACT

We use a genetic algorithm to optimize periodic arrays of truncated square-based pyramids made of alternating
stacks of metal/dielectric layers. The objective is to achieve broadband quasi-perfect absorption of normally
incident radiations in the visible and near-infrared ranges (wavelengths comprised between 420 and 1600 nm).
We compare the results one can obtain by considering one, two or three stacks of (i) Ni, Ti, Al or Cu for
the metal, and (ii) poly(methyl methacrylate) (PMMA) for the dielectric. The parameters to determine for
each metal/dielectric combination are (i) the period of the system, (ii) the lateral dimensions of each stack of
metal/dielectric layers and (iii) the width of each dielectric layer. The Rigorous Coupled Waves Analysis (RCWA)
is used to compute the absorptance spectrum of these different structures. The Genetic Algorithm is used to
find the geometrical parameters that maximize the integrated absorptance. This approach provides stability
maps with respect to the geometrical parameters, which leads to additional physical insight regarding practical
implementation. The study shows that Ni/PMMA and Ti/PMMA provide high-quality solutions associated with
broad optima (stability with respect to variations of the geometrical parameters). On the contrary, Al/PMMA
and Cu/PMMA provide poor-quality solutions associated with sharp optima. We find an interesting correlation
between the robustness of the solutions found by the genetic algorithm (stability with respect to variations of
the geometrical parameters) and the stability of these solutions with respect to the number of plane waves used
in the RCWA calculations.

Keywords: machine learning, genetic algorithm, optical engineering, optimization, metamaterial, broadband
absorber, plasmon hybridization, nanopyramids

1. INTRODUCTION

Machine Learning has become a trendy paradigm in the physical sciences. Deep Learning in particular has given
rise to impressive results in image recognition, language translation, neural style transfer, video games, self-
driving cars, robotics and more recently the game-changer ChatGPT. Variational AutoEncoders' and Adversarial
Generative Networks? have impressive data generation capacities. Physicists can certainly take advantage of the
sophisticated algorithms developed by the machine learning community to solve their own problems.>” The
availability of open-source libraries to implement these machine learning algorithms makes it especially appealing.

Inverse design algorithms that implement the gradient descent method using automatic differentiation of the
objective function with respect to the physical parameters of the problem are a beautiful illustration of machine
learning algorithms being applied to the design of optical systems.® '© Evolutionary algorithms,'' which include
Particle Swarm Optimization'*>* (PSO), Evolution Strategies'® !¢ (ES) and Genetic Algorithms'™'? (GA), are
another class of machine-learning algorithms. These algorithms consider virtual populations of individuals that
evolve according to rules inspired by the flow of birds (PSO) or by natural selection in biology (ES and GA).
Evolutionary algorithms make it possible to determine the global optimum of complex problems in physics.
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Figure 1. Square-based truncated pyramid made of N=3 stacks of Ni/PMMA layers. The support of the pyramid consists
of uniform layers of Au (60 nm), Cr (5 nm) and a-Si (1 micron). We assume an infinite substrate of Si (¢ = 16).

We will consider as particular application of evolutionary algorithms the design of broadband absorbers by
metamaterials made of alternating stacks of metal/dielectric layers in truncated square-based pyramids. Meta-
materials are generally made of a combination of dielectric and metallic elements, whose smart arrangement at a
scale much shorter than their operating wavelength make it possible to control the flow of light in unprecedented
ways.?21 Metamaterials that exploit the Mie resonances of dielectrics were also developed.?? Since metals suffer
from high losses in the visible, metamaterials contributed to the development of perfect absorbers that act either
at specific wavelengths®? or over extended wavelength ranges.?* 39

Previous work by Lobet at al. has shown that plasmon hybridization in periodic arrays of truncated square-
based pyramids made of twenty stacks of Au/Ge layers leads to an integrated absorptance of 98% of normally
incident radiations over a 0.2-5.8 pm wavelength range.*?*4! This ultra-broadband absorption is essentially due
to an efficient anti-reflection property of these pyramidal structures*? 43 and a well-designed coupling between the
localized surface plasmons found at the metal/dielectric interfaces of each stack.** #7 The structures determined
in this work have stack dimensions that vary linearly along the vertical axis. Only three geometrical parameters
had therefore to be optimized: the lateral periodicity P, the lateral dimension L and the height H of the
nanopyramids. The fabrication of structures that consist of twenty alternating stacks of metal/dielectric layers
is currently too demanding in terms of time and resources.

A second approach by Mayer and Lobet was to consider simplified structures that consist of only one, two
or three stacks of metal/dielectric layers (see Fig. 1).#8750 In contrast with the previous approach, each stack of
metal/dielectric layers has specific and well-tailored dimensions (the lateral dimension L; and the width ¢; of the
dielectric in each stack are adjustable parameters). This relaxation of the stack dimensions provides the extra
degrees of freedom that are necessary to maintain high performances. The lateral periodicity P of the system
remains an adjustable parameter. For a system made of N stacks of metal/dielectric layers, we have a total of
2N + 1 parameters to determine. Our approach to this optimization problem was to use a home-made Genetic
Algorithm (GA) coupled with the Rigorous Coupled Waves Analysis (RCWA) technique for the simulation of
these optical devices.

This article presents results achieved by considering N=1, 2 or 3 stacks of Ni/PMMA, Ti/PMMA, Al/PMMA
or Cu/PMMA, where PMMA stands for poly(methyl methacrylate). These systems are indeed representative
of ”good-quality” and ”poor-quality” solutions one can obtain by optimizing this type of systems. High-quality
solutions are associated in this context with (i) a high integrated absorptance over the considered wavelength
range and (ii) a good robustness of this integrated absorptance when considering variations of the geometrical
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Figure 2. Workflow of the Genetic Algorithm.

parameters (the optimum found by the genetic algorithm should ideally be high and broad). Poor-quality solu-
tions are associated with a lower integrated absorptance and/or a more pronounced sensitivity of this integrated
absorptance on the geometrical parameters (the optimum found by the GA is low and/or sharp).

This article is organized as follows. Section 2 provides a description of the genetic algorithm used for these
optimizations. Section 3 presents the results obtained when considering nanopyramids that consist of one, two
or three stacks of Ni/PMMA, Ti/PMMA, Al/PMMA or Cu/PMMA. The discussion focusses essentially on
numerical aspects. We point in particular an interesting correlation between the robustness of the solutions
found by the genetic algorithm (stability with respect to variations of the geometrical parameters) and the
stability of these solutions with respect to the number of plane waves used in the RCWA calculations. Section
4 finally concludes this work.

2. DESCRIPTION OF THE GENETIC ALGORITHM

The Genetic Algorithm used to address this optical engineering problem proceeds as follows (see workflow in
Fig. 2 and Refs 48,49,51 for additional details). Given n decision variables z; € [x® 218%] to determine within
a precision Ax; representative of experimental constrains, the objective is to find the global maximum of an
objective function f = f(x1,...x,). The variables z; are encoded by sequences of binary digits (genes), which
represent in the original Gray code the number of steps (x; — #™®)/Axz; between 2™ and x;.'* We refer by

i
DNA to a complete set of n genes.

We work with a population of n,,,=>50 individuals. The initial population consists of random individuals.
At each generation, we evaluate in parallel the fitness f(x1,...z,) of new individuals. We keep a record with all
fitness evaluations in order to avoid any duplication of these evaluations. The population is sorted from the best
individual to the worst. The worst n,.nq individuals are replaced by random individuals in the next generation.
We use nyand = 0.1 X npop X (1 —p), where p = |s —0.5|/0.5 is a progress indicator and s is the genetic similarity
(fraction of bits in the population whose value is identical to the best individual). The remaining part of the
population (N = npop — Nrand individuals) participate to the steps of selection, crossover and mutation.



The core operations of the Genetic Algorithm are as follows. Selection: N parents are selected from a
population of N individuals by a rank-based roulette wheel selection, noting that a given individual can be
selected several times.'! Crossover: For any pair of parents, we define two children for the next generation either
(i) by a crossover operation (probability of 70%), or (ii) by a simple replication of the parents (probability of
30%). In the current version of our GA, the crossover operation can be a binary one-point crossover* between
the DNA of the two parents (probability pyi, of 0.8 initially) or a real-valued crossover’ between the variables
Z represented by the two parents (probability of 1 — ppin). Puin is adapted according to the success of these
operators at generating new elites. Mutation: The children obtained by crossover are subjected to mutations.
This operation consists of a random flipping of the binary digits of a DNA. The probability of individual bit flips
is set to m = 0.95/npits, where npits is the number of bits in a DNA. In order to increase the diversity of the
displacements generated by mutations, we actually express for this operation the gene values in randomly-shifted
versions of the original Gray code and apply the mutations to these encodings (see Appendix A of Ref. 48 for
details). In the current version of our GA, mutations can be ”isotropic” (in this case, the mutation operator is
applied n times on a given DNA). The probability pis, to apply isotropic mutations is set to 0.2 initially. This
value is adapted according to the success of this operator.

In order to converge more rapidly to the final solution, we establish at each generation a quadratic approxi-
mation of the fitness in the close neighborhood of the best-so-far individual (this approximation is based on the
data collected by the genetic algorithm). If the optimum of this approximation is within the specified bound-
aries, it replaces the last random individual scheduled for the next generation (see Appendix B of Ref. 48 for
details). The data collected by the algorithm is also used to establish 2-D maps of the fitness, by using dedicated
interpolation techniques. This is useful for monitoring the progress of the algorithm and for assessing the quality
of the final solution.

The fitness of all individuals scheduled for the next generation is finally computed in parallel. The new
population is sorted from the best individual to the worst. If the best individual of the new generation is not as
good as the best individual of the previous generation, the elite of that previous generation replaces an individual
chosen at random in the new generation. We repeat these different steps from generation to generation until a
termination criterion is met.

3. OPTIMIZATION OF PYRAMIDAL STACKS OF METAL/DIELECTRIC LAYERS
FOR THE DEVELOPMENT OF QUASI-PERFECT BROADBAND ABSORBERS

We consider as optical engineering application periodic arrays of square-based nanopyramids that consist of N=1,
2 or 3 stacks of metal/dielectric layers (see Fig. 1). The support of these pyramids consist of uniform layers of
Au (60 nm), Cr (5 nm) and a-Si (1 micron). The role of the Au layer is actually to block the transmission of
the incident radiations (T'(A) — 0). The pyramidal shape of the structures considered reduce the reflection of
these incident radiations (R(A) — 0). By controlling the plasmonic resonances in these structures, it is therefore
possible to obtain an absorption A(A) =1 —T(\) — R(A) — 1 for the wavelength A of interest.

The geometrical parameters of the structures considered will be determined by the Genetic Algorithm. The
objective of this parameter optimization is to maximize the integrated absorptance of normally incident radiations
for wavelengths comprised between 420 and 1600 nm. The absorptance spectrum of the structures considered is
obtained by a Rigorous Coupled Waves Analysis (RCWA) method.??%® This method solves Maxwell’s equations
numerically in laterally periodic systems. We use 11 x 11 plane waves for the application of the RCWA method
when searching for optimal geometrical parameters with the Genetic Algorithm. Final solutions are checked by
considering 21 x 21 plane waves in these RCWA calculations.

*In a binary one-point crossover, the first ncut bits of the DNA of the children come from one parent. The remaining
Nbits — Neut Dits come from the other parent. The point neyt at which the parents’ DNA is exchanged is chosen randomly
in the interval [1, npigs — 1].

If Z, and Z» are the real variables represented by the two parents, the children obtained by a real crossover between
these parents will represent a variable & = #; + (2 * rnd — 0.5) X (@2 — 1), where rnd is a random number uniformly
distributed in [0,1].



Ni / PMMA

[ [ Li (nm) [ ¢ (nm) [ Ly (nm) [ ¢2 (nm) | Lz (nm) [ ¢3 (nm) | P (nm) [[ niix11Pw | 721x21PW_|
[N=Lstack | 201 | 1ix | - | - | - | - ] 28 | 950% | 938% |
[N=2stacks | 132 | 123 | 227 | 107 | - | - | 287 | 994% | 99.0% |
[ N=3stacks [ 149 | 131 | 268 | 124 [ 369 [ 101 [ 412 [ 998% [ 99.3% |
Ti / PMMA
l [ L1 (nm) [ t1 (nm) [ Lo (nm) [ to (nm) [ L3 (nm) [ ts (nm) [ P (nm) “ NM1x11PW [ 721 x21PW ]
[N=Lstack | 368 | 134 | - | - | - | - | 491 | 89.3% | B889% |
[N=2stacks | 1756 | 1ir | 306 | 127 | - | - | 336 | 986% | 985% |
[ N=3stacks | 161 | 125 | 302 | 126 | 451 [ 113 [ 491 [ 994% [ 99.0% |
Al / PMMA
l [ Ly (nm) [ t1 (nm) [ Lo (nm) [ to (nm) [ L3 (nm) [ ts (nm) [ P (nm) “ N11x11PW [ 721 x21PW ]
[N=Lstack | 221 | 151 | - | - | - | - | 491 | 892% | 63.8% |
[N=2stacks | 187 | 108 | 263 | 58 | - | - | 415 | 979% | 81.0% |
[ N=3stacks [ 129 [ 112 [ 208 [ 110 [ 294 [ 97 | 465 [ 98.7% | 83.6% |
Cu / PMMA
[ [ Ly (nm) [ ¢ty (nm) [ Ly (nm) [ 2 (nm) [ Lz (nm) [ t3 (nm) [ P (nm) [[ miix11Pw | M21x21PW |
[N=Lstack | 140 | 11z | - | - | - | - ] 23 | 809% | 552% |
[N=2stacks | 188 | 127 | 283 | 120 | - | - | 447 || 891% | 75.8% |
[ N=3stacks [ 119 [ 145 [ 211 [ 132 [ 299 [ 111 [ 365 [ 955% | 77.5% |

Table 1. Geometrical parameters and figure of merit i for optimal structures made of N=1, 2 or 3 stacks of Ni/PMMA,
Ti/PMMA, Al/PMMA or Cu/PMMA (from top to bottom).

The figure of merit f = n(P,L1,t1,...Ly,tn) considered by the Genetic Algorithm is defined by n =
J ;‘::X A(N)dX / (Amax — Amin), where A(X) refers to the absorptance of normally incident radiations at the wave-
length A, Apin=420 nm and A;,,x=1600 nm. A(X) is provided by RCWA calculations using 11x11 plane waves.
This figure of merit depends on the lateral periodicity P of the system, on the lateral dimension L; of each
metal /dielectric stack and on the thickness ¢; of each dielectric layer. We consider P values ranging between 50
and 500 nm by steps of 1 nm, L; values ranging between 50 and 500 nm by steps of 1 nm and ¢; values ranging
between 50 and 250 nm by steps of 1 nm. The thickness of each metallic layer is 15 nm (fixed value). We enforce
final solutions to respect the condition L; < Lo < Lg < P —40 nm in order to obtain pyramidal structures with
a minimal safe distance of 40 nm between adjacent structures.

The particular systems considered in this study consist of N=1, 2 or 3 stacks of Ni/PMMA, Ti/PMMA,
Al/PMMA or Cu/PMMA, where PMMA stands for poly(methyl methacrylate). We use reported values for
the refractive indices of these different materials.’*°® The results of these optimizations are given in Table 1
and discussed with more details in Ref. 50. For each configuration, we provide the figure of merit n obtained
with 11 x 11 and 21 x 21 plane waves in the RCWA calculations. The systems chosen for this article are
actually illustrative of two classes of solutions one can obtain depending of the materials considered : (i) ”good
solutions” that have high 7 values and are robust with respect to variations of their geometrical parameters (broad
optimum), and (ii) "poor solutions” that may have high 7 values but are excessively sensitive to variations of
these parameters (sharp optimum). Ni/PMMA and Ti/PMMA turn out to belong to the first class of solutions,
while Al/PMMA and Cu/PMMA belong to the second class.

The Genetic Algorithm can find indifferently broad or sharp optima. Broad optima are fortunately easier to
detect, since they span larger regions of the parameter space. By running the Genetic Algorithm several times
on the same problem, we increase our chance to detect a sharp optimum. The situation depends actually on the
materials chosen. For a good choice of materials (Ni/PMMA or Ti/PMMA), good-quality solutions are rapidly
detected and there is no need to run the genetic algorithm many times to increase n further. For a poor choice
of materials (Al/PMMA or Cu/PMMA), the fitness landscape seems more torturous. Several runs of the genetic
algorithm are necessary to find solutions associated with high 7 values, but these solutions are more likely to be
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Figure 3. Maps obtained by a linear interpolation of the data collected by the genetic algorithm in the (P, L1) and (L1, 1)
planes that pass through the final solution established by the algorithm (indicated by a star). Top: optimization of 1
stack of Ni/PMMA (global optimum at P=286 nm, L;=201 nm and ¢;=117 nm). Bottom: optimization of 1 stack of
Ti/PMMA (global optimum at P=491 nm, L;=368 nm and ¢;=134 nm).

sharp optima. These solutions, which exhibit an excessive sensitivity on their geometrical parameters, are not
suited for practical applications.

By using interpolation techniques, the data collected by the Genetic Algorithm can be used to establish 2-D
maps of the fitness (integrated absorptance n). These maps correspond to interpolated fitness values in planes
that cross the n-dimensional point associated with the final solution. They make it possible to assess the quality
of the solution established by the Genetic Algorithm (broad vs sharp optimum). Examples are provided in Figs
3, where we present 2-D maps of the fitness for N=1 stack of Ni/PMMA or Ti/PMMA (broad optimum). In
Fig. 4, we present 2-D maps of the fitness for N=1 stack of Al/PMMA or Cu/PMMA (sharp optimum). It is
the examination of these maps that guided our choice in previous work to present or not solutions established
by the GA.

When running the genetic algorithm to find optimal geometrical parameters, 11 x 11 plane waves are used
in the RCWA calculations. This setting makes it possible to have simulations that are reasonably accurate and
fast (15 minutes per simulation on average). To check the reliability of the final solutions established by the GA,
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Figure 4. Maps obtained by a linear interpolation of the data collected by the genetic algorithm in the (P, L1) and (L1, 1)
planes that pass through the final solution established by the algorithm (indicated by a star). Top: optimization of 1
stack of Al/PMMA (global optimum at P=491 nm, L;=221 nm and ¢;=151 nm). Bottom: optimization of 1 stack of
Cu/PMMA (global optimum at P=230 nm, L;=149 nm and ¢;=112 nm).

we increased the number of plane waves in the RCWA calculations to 21 x 21. The comparison between the 7
values obtained with 11 x 11 and 21 x 21 plane waves is presented in Table 1. The ”good solutions” associated
with a broad optimum turn out to be also robust with respect of this increase in the number of plane waves used
for the RCWA calculations. On the contrary, the ”poor solutions” associated with a sharp optimum turn out to
be significantly affected by this increase of the number of plane waves. This observation is quite interesting. It
suggests that increasing the number of plane waves in the RCWA calculations (here going from 11 x 11 to 21 x 21
plane waves) may provide insight into the geometrical stability of solutions established by the GA. Solutions
that are stable with respect to this numerical check are actually those associated with a broad optimum (as
determined by establishing interpolated 2-D maps of the fitness). Solutions that are unstable with respect to
this numerical check turn out to be also solutions associated with a sharp optimum. This observation may finally
comfort the use of a reasonable number of plane waves for optimization problems where broad optima are of
course desired.



4. CONCLUSIONS

We applied a Genetic Algorithm to the study of broadband absorbers that consist of laterally periodic square-
based pyramids made of one, two or three stacks of metal/dielectric layers. The objective was to maximize the
integrated absorptance for normally incident radiations with wavelengths comprised between 420 and 1600 nm.
The study shows that Ni/PMMA and Ti/PMMA provide high-quality solutions associated with a broad optimum
(as determined by the examination of interpolated 2-D maps of the fitness). On the contrary, Al/PMMA and
Cu/PMMA provide poor-quality solutions associated with sharp optima. For practical applications, a broad
optimum is desired since it leads to higher robustness with respect to deviations of the geometrical parameters.
Interestingly, the geometrical stability of the solutions established by the GA seems to be revealed by a simple
numerical test that consists in increasing the number of plane waves used in the RCWA calculations. High-
quality solutions that are stable with respect to deviations in their geometrical parameters turn out to be also
stable with respect to the number of plane waves used in the RCWA calculations. This comfort the use of a
reasonable number of plane waves in optimization problems where broad optima are desired.

ACKNOWLEDGMENTS

A M. and M.L. are funded by the Fund for Scientific Research (F.R.S.-FNRS) of Belgium. A.M. is member of
NaXys, Namur Institute for Complex Systems, University of Namur, Belgium. This research used resources of
the “Plateforme Technologique de Calcul Intensif (PTCI)” located at the University of Namur, Belgium, which
is supported by the F.R.S.-FNRS under the convention No. 2.5020.11. The PTCI is member of the “Consortium
des Equipements de Calcul Intensif (CECI)”. The present research also benefited from computational resources
made available on the Tier-1 supercomputer of the Fédération Wallonie-Bruxelles, infrastructure funded by the
Walloon Region under the grant agreement No. 1117545.

REFERENCES

[1] Cinelli, P., Marins, M., da Silva, E., and Netto, S., [Variational methods for machine learning with applica-
tions to deep networks], Springer, Cham (2021).

[2] Goodfellow, I., Pouget-Abadie, J., Mirza, M., Xu, B., Warde-Farley, D., Ozair, S., Courville, A., and Bengio,
Y., “Generative adversarial nets,” in [Proceedings of the International Conference on Neural Information
Processing Systems], 2672-2680 (2014).

[3] Carleo, G., Cirac, I., Cranmer, K., Daudet, L., Schuld, M., Tishby, N., Vogt-Maranto, L., and Zdeborova,
L., “Machine learning and the physical sciences,” Rev. Mod. Phys. 91(4), 45002 (2019).

[4] Schmidt, J., Marques, M., Botti, S., and Marques, M., “Recent advances and applications of machine
learning in solid-state materials science,” npj Comp. Mater. 5(83), 1-36 (2019).

[5] Christensen, T., Loh, C., Picek, S., Jakobovic, D., Jing, L., Fisher, S., Ceperic, V., Joannopoulos, J., and Sol-
jacic, M., “Predictive and generative machine learning models for photonic crystals,” Nanophotonics 9(13),
4183-4192 (2020).

[6] So, S., Yang, Y., Lee, T., and Rho, J., “On-demand design of spectrally sensitive multiband absorbers using
an artificial neural network,” Photonics Res. 9(4), B153-B158 (2021).

[7] So, S., Mun, J., Park, J., and Rho, J., “Revisiting the design strategies for metasurfaces: fundamental
physics, optimization, and beyond,” Adv. Mater. 35(43), 2206399 (2023).

[8] Hughes, T., Williamson, I., Minkov, M., and Fan, S., “Forward-mode differentiation of Maxwell’s equations,”
ACS Photonics 6(11), 3010-3016 (2019).

[9] Minkov, M., Williamson, I., Andreani, L., Gerace, D., Lou, B., Song, A., Hughes, T., and Fan, S., “Inverse
design of photonic crystals through automatic differentiation,” ACS Photonics 7(7), 1729-1741 (2020).

[10] Wiecha, P., Arbouet, A., Girard, C., and Muskens, O., “Deep learning in nano-photonics: inverse design
and beyond,” Photonics Res. 9(5), B182-B200 (2021).

[11] Eiben, A. and Smith, J., [Introduction to Evolutionary Computing], Springer-Verlag, Berlin, second ed.
(2007).

[12] Kennedy, J. and Eberhart, R., “Particle swarm optimization,” Proceedings of the International Conference
on Neural Networks 4, 1942-1948 (1995).



[13] Shi, Y. and Eberhart, R., “A modified particle swarm optimizer,” Proceedings of the IEEE International
Conference on Evolutionary Computation , 69-73 (1998).

[14] Bonyadi, M. and Michalewicz, Z., “Particle swarm optimization for single objective continuous space prob-
lems: a review,” Ewvol. Comput. 25(1), 1-54 (2017).

[15] Hansen, N. and Ostermeier, A., “Completely derandomized self-adaptation in evolutionary strategies,” Evol.
Comput. 9(2), 159-195 (2001).

[16] Hansen, N., Muller, S., and Koumoutsakos, P., “Reducing the time complexity of the derandomized evolution
strategy with covariance matrix adaptation (cma-es),” Fvol. Comput. 11(1), 1-18 (2003).

[17] Goldberg, D., [Genetic algorithms in search, optimization and machine learning], Addison-Wesley, Reading,
Mass. (1989).

[18] Haupt, R. and Werner, D., [Genetic algorithms in electromagnetics], J. Wiley & Sons, Hoboken, NJ (2007).

[19] Mayer, A., “A genetic algorithm with randomly shifted gray codes and local optimizations based on
quadratic approximations of the fitness,” in [Proceedings of the Genetic and Evolutionary Computation
Conference Companion], 195-196 (2017).

[20] Pendry, J., “Negative refraction makes a perfect lens,” Phys. Rev. Lett. 85(18), 3966—-3969 (2000).

1] Pendry, J. and Smith, D., “Controlling electromagnetic fields,” Science 312, 1780-1782 (2006).

[22] Zhao, Q., Zhou, J., Zhang, F., and Lippens, D., “Mie resonance-based dielectric metamaterials,” Mater.
Today 12(12), 60-69 (2009).

[23] Landy, N., Sajuyigbe, S., Mock, J., Smith, D., and Padilla, W., “Perfect metamaterial absorber,” Phys.
Rev. Lett. 100(20), 207402 (2008).

[24] Hedayati, M., Javaherirahim, M., Mozooni, B., Abdelaziz, R., Tavassolizadeh, A., Chakravadhanula, V.,
Zaporojtchenko, V., Strunkus, T., Faupel, F., and Elbahri, M., “Design of a perfect black absorber at visible
frequencies using plasmonic metamaterials,” Adv. Mater. 23(45), 5410-5414 (2011).

[25] Hedayati, M., Faupel, F., and Elbahri, M., “Tunable broadband plasmonic perfect absorber at visible
frequency,” Appl. Phys. A-Mater. 109(4), 769-773 (2012).

[26] Cui, Y., Fung, K., Xu, J., Yi, J., He, S., and Fang, N., “Exciting multiple plasmonic resonances by a
doublelayered metallic nanostructure,” J. Opt. Soc. Am. B 28(11), 2827-2832 (2011).

[27] Cui, Y., Fung, K., Xu, J., He, S., and Fang, N., “Multiband plasmonic absorber based on transverse phase
resonances,” Opt. Ezpress 20(16), 1755217559 (2012).

[28] Zhu, P. and Guo, L., “High performance broadband absorber in the visible band by engineered dispersion
and geometry of a metal-dielectric-metal stack,” Appl. Phys. Lett. 101(24), 241116 (2012).

[29] Wang, Y., Sun, T., Paudel, T., Zhang, Y., Ren, Z., and Kempa, K., “Metamaterial-plasmonic absorber
structure for high efficiency amorphous silicon solar cells,” Nano Lett. 12(1), 440-445 (2012).

[30] Ye, Y., Jin, Y., and He, S., “Omnidirectional, polarization-insensitive and broadband thin absorber in the
terahertz regime,” J. Opt. Soc. Am. B 27(3), 498 (2010).

[31] Cui, Y., Fung, K., Xu, J., Ma, H., Jin, Y., He, S., and Fang, N., “Ultrabroadband light absorption by a
sawtooth anisotropic metamaterial slab,” Nano Lett. 12(3), 1443-1447 (2012).

[32] Ding, F., Cui, Y., Ge, X., Jin, Y., and He, S., “Ultra-broadband microwave metamaterial absorber,” Appl.
Phys. Lett. 100(10), 103506 (2012).

[33] Argyropoulos, C., Le, K., Mattiucci, N., D’Aguanno, G., and Alu, A., “Broadband absorbers and selective
emitters based on plasmonic brewster metasurfaces,” Phys. Rev. B 87(20), 205112 (2013).

[34] Qiuqun, L., Weixing, Y., Wencai, Z., Taisheng, W., Jingli, Z., Hongsheng, Z., and Shaohua, T., “Numerical
study of the meta-nanopyramid array as efficient solar energy absorber,” Opt. Mater. Ezpress 3, 1187-1196
(2013).

[35] Deng, H., Stan, L., Czaplewski, D., Gao, J., and Yang, X., “Broadband infrared absorbers with stacked
double chromium ring resonators,” Opt. Express 25(23), 28295 (2017).

[36] Ma, W., Yu, S., and Zhao, T., “Numerical study of an ultra-broadband perfect absorber from ultraviolet to
near-infrared based on metal quadruple staircase structure,” Opt. Commun. 493, 127037 (2021).

[37] Wang, L., Xia, D., Fu, Q., Ding, X., and Wang, Y., “A switchable ultra-wideband metamaterial absorber
with polarization-insensitivity and wide-incident angle at thz band,” Front. Mater. 8, 729495 (2021).



[38] Jiang, X., Yuan, H., Chen, D., Zhang, Z., Du, T., Ma, H., and Yang, J., “Metasurface based on inverse
design for maximizing solar spectral absorption,” Adv. Opt. Mater. 9(19), 2100575 (2021).

[39] Chen, D., Xu, B., Xue, X., Wang, X., and Hao, Y., “Ultra-broadband dual-square ring metamaterial
absorbers from visible to far-infrared region,” Opt. Commun. 530, 129124 (2023).

[40] Lobet, M., Lard, M., Sarrazin, M., Deparis, O., and Henrard, L., “Plasmon hybridization in pyramidal
metamaterials: a route towards ultra-broadband absorption,” Opt. Express 22(10), 12678-12690 (2014).

[41] Lobet, M. and Henrard, L., “Metamaterials for ultra-broadband super absorbers based on plasmon hy-
bridization,” in [8th International Congress on Advanced Electromagnetic Materials in Microwaves and
Optics], 190-192 (2014).

[42] Clapham, P. and Hutley, M., “Reduction of lens reflexion by the moth eye principle,” Nature 244(5414),
281-282 (1973).

[43] Deparis, O., Vigneron, J.-P., Agustsson, O., and Decroupet, D., “Optimization of photonics for corrugated
thin-films solar cells,” J. Appl. Phys. 106, 094505 (2009).

[44] Prodan, E., Radloff, C., Halas, N., and Nordlander, P., “A hybridization model for the plasmon response
of complex nanostructures,” Science 302(5644), 419-422 (2003).

[45] Christ, A., Zentgraf, T., Tikhodeev, S., Gippius, N., Kuhl, J., and Giessen, H., “Controlling the interaction
between localized and delocalized surface plasmon modes: experiment and numerical calculations,” Phys.
Rev. B 74(15), 155435 (2006).

[46] Liu, N., Guo, H., Fu, L., Kaiser, S., Schweizer, H., and Giessen, H., “Plasmon hybridization in stacked
cut-wire metamaterials,” Adv. Mater. 19(21), 3628-3632 (2007).

[47] Pu, M., Feng, Q., Hu, C., and Luo, X., “Perfect absorption of light by coherently induced plasmon hy-
bridization in ultrathin metamaterial film,” Plasmonics 7(4), 733-738 (2012).

[48] Mayer, A. and Lobet, M., “UV to near-infrared broadband pyramidal absorbers via a genetic algorithm
optimization approach,” Proc. SPIE 10671, 1067127 (2018).

[49] Mayer, A., Griesse-Nascimento, S., Bi, H., Mazur, E., and Lobet, M., “Optimization by a genetic algorithm
of pyramidal structures made of one, two or three stacks of metal/dielectric layers for a quasi-perfect
broadband absorption of uv to near-infrared radiations,” Proc. SPIE 11344, 113441L (2020).

[50] Mayer, A., Bi, H., Griesse-Nascimento, S., Hackens, B., Loicq, J., Mazur, E., Deparis, O., and Lobet,
M., “Genetic-algorithm-aided ultra-broadband perfect absorbers using plasmonic metamaterials,” Opt. Ez-
press 30(2), 1167-1181 (2022).

[51] Mayer, A. and Lobet, M., “A genetic algorithm for addressing computationally expensive optimization
problems in optical engineering,” Jordan Journal of Physics 12(1), 17-36 (2019).

[52] Moharam, M. and Gaylord, T., “Rigorous coupled-wave analysis of planar-grating diffraction,” J. Opt. Soc.
Am. A 71(7), 811-818 (1981).

[53] Lobet, M. and Deparis, O., “Plasmonic device using backscattering of light for enhanced gas and vapour
sensing,” Proc. SPIE 8425, 842509 (2012).

[54] Johnson, P. and Christy, R., “Optical constants of transition metals: Ti, v, cr, mn, fe, co, ni, and pd,”
Phys. Rev. B 9(12), 5056-5070 (1974).

[55] Rakic, A., “Algorithm for the determination of intrinsic optical constants of metal films: application to
aluminum,” Appl. Optics 34(8), 4755 (1995).

[56] Beadie, G., Brindza, M., Flynn, R., Rosenberg, A., and Shirk, J., “Refractive index measurements of
poly(methyl methacrylate) (PMMA) from 0.4-1.6 um,” Appl. Optics 54(8), 139 (2015).



	INTRODUCTION
	DESCRIPTION OF THE GENETIC ALGORITHM
	OPTIMIZATION OF PYRAMIDAL STACKS OF METAL/DIELECTRIC LAYERS FOR THE DEVELOPMENT OF QUASI-PERFECT BROADBAND ABSORBERS
	CONCLUSIONS

