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ABSTRACT 
 

Design and topological optimization of nanophotonic devices 

Ronghui Lin 

 

A central topic in the research of nanophotonics is the geometrical optimization of the 

nanostructures since the geometries are deeply related to the Mie resonances and the 

localized surface plasmon resonances in dielectric and metallic nanomaterials. When 

many nanostructures are assembled to form a metamaterial, the tuning of the 

geometrical parameters can bring even more profound effects, such as bound states in 

the continuum (BIC) with infinite quality factors (Q factors). Moreover, with the 

development of nanofabrication technologies, there is a trend of integrating 

nanostructures in the vertical direction, which provides more degrees of freedom for 

controlling the device performance and functionality. The main topic of this dissertation 

is to explore some of the abovementioned tuning possibilities to enhance the 

performance of nanophotonic devices. The dissertation contains two major parts:  

In chapters 2 and 3, the vertical integration of metalenses is studied. We discover a 

phenomenon similar to the Moiré effect in the bilayer Pancharatnam-Berry phase 

metalenses and reveal the role of geometrical imperfections on the focusing performance 

of reflective metalenses. Novel multifocal and reflective metalenses, with smaller 
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footprints and enhanced performance compared to their bulky conventional 

counterparts, are designed based on the theoretical findings. The study of geometrical 

imperfections also provides guidelines for analyzing and compensating the fabrication 

errors, which is vital for large scale production and commercialization of metalenses.  

In chapters 4 and 5, we use machine learning to harness the full tuning power of the 

complicated geometries, which is challenging with conventional design methods. 

Plasmonic metasurfaces with on-demand optical responses are designed by manipulating 

the coupling of multiple nanodisks using neural networks. An accuracy of ± 8 nm is 

achieved, which is higher than previous reports and close to the fabrication limits of 

nanofabrication technologies. We also demonstrate, for the first time, the control of 

multiple BIC states using freeform geometries with predefined symmetry. It is a new 

method to exploit the untapped potential of freeform photonics structures.  

The discoveries we have made in both dielectric and plasmonic nanophotonic devices 

could benefit applications such as imaging, sensing, and light-emitting devices. 
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Chapter 1 Overview 

1.1 Introduction 

The thriving of nanophotonic research has a profound influence on various aspects of 

current society, such as communication [1], commercial products [2], biochemistry [3], 

and information processing [4]. The research of nanophotonics covers the whole optical 

spectrum from ultraviolet to infrared, bringing unprecedented opportunities for 

economic growth and scientific development. The vast potential of shrinking the device 

size to nanometer-scale can be attributed to different factors:  

On the most fundamental level, shrinking the size means smaller footprints and large 

scale integration, which align well with the growing demands of personalized, portable 

smart devices. Shrinking the active volume also means high modulation speed and large 

bandwidth, which is advantageous for information transmission and processing. For 

example, the photonic integrated circuits (PICs) [5] is a new way of processing and 

transmitting data in contrast to the conventional bulky optical links and switches that 

require high energy consumption and heavy maintenance. Even new paradigms for 

computing [4] can be realized by leveraging these photonic circuits. 

Another merit of working with light on the nanometer scale is that the light-matter 

interaction is enhanced, bringing strong localization effects such as localized surface 

plasmon resonances of metals and Mie resonances of dielectric materials. The 
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performance of many photonic devices, such as photodetectors [6], solar cells [7], and 

light-emitting devices [8], can be boosted with the enhanced near field light-matter 

interaction. The enhancement also allows us to probe into the evanescent optical waves 

to obtain super-resolution imaging down to a single-molecule scale [9].  

Last but not least, nanophotonic technologies provide the tools to control the flow of light 

on the nanoscale. One example is the photonic crystals with stopbands where light cannot 

propagate. They are analogous to the semiconductor materials with stopbands for 

electrons. This analogy means many widely studied concepts in electronic materials can 

be applied to photons, such as surface states and topological insulators [10]. These 

concepts give rise to novel light sources and new ways to control light flow [11, 12]. In 

addition, the propagation of light can also be controlled by the local phase shift imparted 

by nanoantennas, which is the cornerstone of the metasurfaces. Near-diffraction limit 

focusing [13] and versatile wavefront shaping [14] have been demonstrated using this 

technology. Another way to control the flow of light is by modifying the refractive index 

with nanostructures. Our understanding of the classic optical phenomena such as the 

diffraction and refraction is built upon the conviction that natural occurring transparent 

materials have a positive refractive index. However, by combining the response of metal 

and dielectric materials, materials with counterintuitive properties such as zero [15] and 

negative index [16] can be engineered, which can be applied to control the light in 

unconventional ways.  
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Among various nanophotonic devices, metasurfaces have drawn great interests [17-19] 

because they have huge practical applications in the fields of imaging [20-22], 

communication [23], medical devices [24], sensing [25, 26], and optoelectronic devices 

[27-29]. The working principle of the metasurfaces rely heavily on the generalized Snell’s 

law [30]: 

 𝑛𝑖 sin(𝜃𝑖) − 𝑛𝑡 sin(𝜃𝑡) =
1

𝑘0

𝑑𝛷

𝑑𝑥
 (1.1) 

In this equation,  𝑛𝑖 , 𝑛𝑡  are the refractive index of the media at the incidence and 

transmission side, 𝜃𝑖  and 𝜃𝑡  are the angles of incidence and transmission, and 𝛷 is the 

phase shift imparted by the nanostructures at the interface. The left-hand side terms of 

this equation are the same as the classical Snell’s law. The right-hand side is a term 

proportional to the gradient of the phase shift. This term allows the shaping of the 

wavefront in a versatile fashion. Various optical devices such as focusing lenses [2], 

axicons [31], optical orbital angular momentum generation [32], and holograms [33] can 

be developed by engineering this term. Since the light-matter interaction of metasurfaces 

is mediated by nanostructures with sizes comparable to the design wavelength, the 

thickness of metasurfaces is much smaller compared to their conventional counterparts, 

which makes them more competitive for compact and portable devices, such as cellphone 

cameras and virtual reality (VR) displays. Usually, these nanostructures are manufactured 

by the existing nanofabrication technologies, so it is convenient to integrate metasurfaces 
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with other electronic and optoelectronic components [34-37]. These advantages make 

metasurfaces an important technology in the field of nanophotonics.  

A core idea in the research of metasurfaces is the geometry optimization of the 

nanostructures. The geometrical parameters are deeply related to the Mie type 

resonances in dielectric nanostructures and the localized surface plasmon resonances in 

metallic nanostructures. Therefore, both the resonant wavelengths and the Q factors can 

be tuned and modified by optimizing the geometries. When many such nanostructures 

are assembled to form a metamaterial, the tuning of the geometrical parameters can 

bring even more profound effects. For instance, the far-field radiation at specific 

wavelengths can be designed to cancel out completely, resulting in the bound states in 

the continuum (BIC) with theoretical infinite Q factors [38]. Under certain circumstances, 

the perturbations of the geometrical parameters do not result in the perturbations of the 

optical properties but give rise to complete topological changes in the reciprocal space, 

which is the main study in the field of topological photonics [39]. Moreover, with the 

advancement of nanofabrication technologies, there is a trend to integrate 

nanostructures in the vertical direction. It provides more degrees of freedom for the 

design and control of geometrical parameters, which yields devices with enhanced 

performance and flexibility.  

The conventional design of nanophotonic devices is primarily achieved by the sweeping 

of parametric geometries such as circles, rectangles, ellipses, or a combination of them. 
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These geometries can be easily described by equations with a limited number of variables, 

thus a limited degree of tunability. Conventional multi-objective optimization methods 

are time and resource consuming, and they run into problems with more advanced design 

tasks. Recently, deep neural networks (DNNs) emerge as alternative methods for design 

and multi-objective optimization [19]. The DNNs can extract physics embedded in data 

statistics and keep them as weights through the learning process, rather than solving the 

physical equations directly. Therefore DNNs can yield a design much faster than 

conventional methods once they are adequately trained.  Moreover, they can be used to 

optimize problems with arbitrary complexity, provided the network capacity is big 

enough. Another significant advantage of DNNs stems from their success in processing 

images. In a photonics design problem, the DNNs can be easily trained to handle 

complicated, freeform geometries described by pixels instead of geometrical parameters. 

These geometries have a higher number of degrees of freedom, giving unprecedented 

tuning possibilities for the photonics devices. Harnessing the power of these structures is 

an unexplored area, and it is a promising way to achieve photonics devices that 

outperform those designed by conventional methods. 

1.2 Objectives and Contributions 

The main objective of this thesis is to explore some of the tuning possibilities mentioned 

above to achieve various nanophotonic devices with better performances.  We will use 

both conventional design methods and machine learning to tackle some problems in 
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metalenses, plasmonic and dielectric metasurfaces. This dissertation can be divided into 

three parts: chapter 1 is an overview of current nanophotonic research; chapters 2 and 3 

are about the vertical integration of metalenses, and chapters 4 and 5 are about photonics 

design using machine learning.  

In chapter 2, we explore the vertical integration of the bilayer and multilayer 

Pancharatnam-Berry phase elements. We discover a phenomenon similar to the Moiré 

effect due to the stacking of bilayer Pancharatnam-Berry phase elements. This unique 

phenomenon can be applied to applications such as multifocal and achromatic focusing. 

Based on the theoretical results, we propose a metalens architecture that focuses the 

incoming circularly polarized light into two focal spots with controllable intensity ratio 

and focal length. A part of this chapter is adapted from the publication [35].  

In chapter 3, we explore the vertical integration of metalenses with distributed Bragg 

reflector (DBR). This integration yields a reflective metalens with higher performance than 

previous reports. By investigating the interaction of Mie type and Fabry-Pérot type 

resonance as a result of the shape imperfection from fabrication imperfections, we 

provide guidelines for analyzing and compensating the fabrication errors, which is vital 

for large scale production and commercialization of metalenses. A part of this chapter is 

adapted from the publication [40]. 

In chapter 4, we demonstrate the convolutional neural networks (CNN) as a powerful tool 

in the design of complex plasmonic structures. A few practical challenges, such as the data 
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inconsistency and the use of batch normalization layers, are solved for higher design 

accuracy. The trained CNN can achieve a design accuracy of ± 8 nm, which is higher than 

previous reports and close to the fabrication limit of nanofabrication technologies. The 

CNN can also distinguish between critical and less critical parameters. The tuning 

techniques and the CNN architecture lay the foundation for other photonic design 

problems. A part of this chapter is adapted from the publication [41]. 

In chapter 5, we demonstrate a DNN that can handle arbitrary, freeform geometries with 

predefined symmetry. Multiple BIC states can be engineered by such freeform 

geometrical shapes. This is the first report to use DNN to design the BICs and to handle 

freeform structures with symmetry. It provides a new method to exploit the untapped 

potential of freeform photonic structures, which opens up the possibilities of further 

discovery and application.    
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Chapter 2 Design and fabrication of bifocal metalenses  

2.1 Background 

Due to its unique wavefront forming capabilities, metalenses have received significant 

attention in recent years [42-44]. This technology promises to replace the traditional 

cumbersome and costly lenses for applications in compact and mobile devices. Different 

optical systems with enhanced performances have been developed with this innovation, 

including focusing lenses [2], axicons [31], optical orbital angular momentum generation 

[32], and holograms [33]. More advanced functions, however, require a more complex 

architecture. Spatial multiplexing schemes are commonly used to increase the designed 

functionalities of metasurfaces [20]. However, multiplexing disrupts the continuity of the 

phase profile, resulting in unnecessary diffractive orders and reduced efficiency [42, 45]. 

In addition, spatial multiplexing is restricted by the intrinsic limit of space-filling. 

Multilayer metalenses are proposed to overcome these restrictions. The aim is to extend 

the architecture to three-dimensional. It allows additional control over the phase profile, 

which increases the flexibility in the metalens design. High-efficiency optical components 

with extraordinary functionalities [46, 47] have been reported using multilayer 

metalenses, including achromatic metalens [45, 48, 49], zoom lens system for imaging 

[50]. However, the distance between each layer is generally large and uncontrollable in 

previous reports. By using the existing nano-manufacturing techniques, the layers can be 

brought closer, with higher interlayer-distance control and alignment precision [48].  
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The metalens is based on local phase modulation with nanostructures whose length scale 

is similar to working wavelength. The Pancharatnam-Berry phase (P-B) is one example of 

such a phase modulation method. It is created by the rotation of anisotropic nanofins 

[51]. The advantages of the P-B phase metalenses include design flexibility, easier 

manufacturing, and broadband characteristics [52]. Thus different optical devices are 

developed with this paradigm [44, 53, 54]. While the P-B phase metalenses with one layer 

are very common, bilayer and multilayer structures have not been investigated.  

Multifocal metalenses is a promising technology in the field of imaging [20], 

communication [23], and medical devices [24]. Previous reports of multifocal metalenses 

are based on spatial multiplexing [20, 55]. In a multiplexing metalens, each focal point is 

formed by a part of the metalens, making it challenging to achieve high focusing efficiency 

and to regulate the intensity ratio of different focal spots [56]. Another way to design a 

multifocal lens is to use the combination of the P-B and the propagation phase [56, 57]. 

However, a large collection of building blocks with different geometrical parameters is 

needed to satisfy the P-B and the propagation phases simultaneously, which increases 

the difficulty in design. 

In this chapter, we attempt to solve the abovementioned issues by the multilayer P-B 

phase scheme. This chapter is organized as follows: In section 2.2, we will investigate the 

bilayer P-B phase architecture theoretically. We reveal a phenomenon similar to the 

Moiré effect [58]: a diffraction order with a phase shift equal to the rotation angle 
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difference of the two layers exists when two layers of P-B phase elements are stacked 

vertically. Using this result, we show in section 2.3 that multifocal metalenses with 

controllable focal length and intensity ratio can be achieved.  

2.2 Theoretical analysis of bilayer P-B phase elements 

The nanofin structure of interest is shown in Figure 2.1 (a). It has an elliptical cross-

section, and therefore, the property along the o and e axis are different. We denote the 

complex transmission coefficients to  and te  respectively for incoming light with the 

polarization along the o and e axis. When the structure rotates by an angle of θ, the 

complex transmission will change since the o and e axis are no longer aligned with the x 

and y-axis. The change can be described by the following Jones matrix [52]: 

 𝐽(𝜃)𝑙𝑖𝑛𝑒𝑎𝑟 = [
𝑡𝑜𝑐𝑜𝑠2𝜃 + 𝑡𝑒𝑠𝑖𝑛2𝜃 (𝑡𝑜 − 𝑡𝑒)𝑐𝑜𝑠𝜃𝑠𝑖𝑛𝜃

(𝑡𝑜 − 𝑡𝑒)𝑐𝑜𝑠𝜃𝑠𝑖𝑛𝜃 𝑡𝑜𝑠𝑖𝑛2𝜃 + 𝑡𝑒𝑐𝑜𝑠2𝜃
] (2.1) 

For the convenience of discussion, we change from the linear basis �̂�, �̂� to the circular 

basis �̂�, �̂�  by the following equation  (�̂� =
�̂�+𝑖�̂�

√2
, �̂� =

�̂�−𝑖�̂�

√2
) . The Jones matrix can be 

written in the following simple form [14, 59] in a circular basis: 

 𝐽(𝜃)𝑐𝑖𝑟𝑐𝑢𝑙𝑎𝑟 = [

1

2
(𝑡𝑜 + 𝑡𝑒)

1

2
(𝑡𝑜 − 𝑡𝑒)𝑒𝑗2𝜃

1

2
(𝑡𝑜 − 𝑡𝑒)𝑒−𝑗2𝜃

1

2
(𝑡𝑜 + 𝑡𝑒)

] (2.2) 
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Assume two layers of such structure are superimposed in the ` dimension (Figure 2.1(b)) 

with rotation angles of 𝜃1, 𝜃2. We denote the complex transmission along the o and e axis 

for each layer as 𝑡𝑜, 𝑡𝑒, 𝑡𝑜
′ , and 𝑡𝑒

′  respectively. The Jones matrix for the bilayer system is:  

 

𝐽(𝜃1, 𝜃2) = 𝐽(𝜃2)𝐽(𝜃1) =

[

1

2
(𝑡𝑜

′ + 𝑡𝑒
′ )

1

2
(𝑡𝑜

′ − 𝑡𝑒
′ )𝑒𝑗2𝜃2

1

2
(𝑡𝑜

′ − 𝑡𝑒
′ )𝑒−𝑗2𝜃2

1

2
(𝑡𝑜

′ + 𝑡𝑒
′ )

] [

1

2
(𝑡𝑜 + 𝑡𝑒)

1

2
(𝑡𝑜 − 𝑡𝑒)𝑒𝑗2𝜃1

1

2
(𝑡𝑜 − 𝑡𝑒)𝑒−𝑗2𝜃1

1

2
(𝑡𝑜 + 𝑡𝑒)

]    

 

 

(2.3) 

 

For simplicity, we will use the following notation: 

 {
𝑡𝑜 + 𝑡𝑒 = 𝑇1 ,  𝑡𝑜 − 𝑡𝑒 = 𝑇2 

𝑡𝑜
′ + 𝑡𝑒

′ = 𝑇1
′ ,  𝑡𝑜

′ − 𝑡𝑒
′ = 𝑇2

′       (2.4) 

The Jones matrix can be written in the following form after multiplication: 

 

𝐽(𝜃1, 𝜃2)𝑐𝑜𝑚𝑏𝑖𝑛𝑒𝑑

= [

1

4
𝑇1𝑇1

′ +
1

4
𝑇2𝑇2

′𝑒𝑗2(𝜃2−𝜃1)
1

4
𝑇2𝑇1

′𝑒𝑗2𝜃1 +
1

4
𝑇1𝑇2

′𝑒𝑗2𝜃2

1

4
𝑇2𝑇1

′𝑒−𝑗2𝜃1 +
1

4
𝑇1𝑇2

′𝑒−𝑗2𝜃2
1

4
𝑇1𝑇1

′ +
1

4
𝑇2𝑇2

′𝑒𝑗2(𝜃1−𝜃2)

] 

 

 

(2.5) 

 

For a right circular polarized (RCP) input (1
0
), the transmission is:  

 

𝐸𝑡 = 

1

4
𝑇1𝑇1

′(1
0
) +

1

4
𝑇2𝑇2

′𝑒𝑗2(𝜃2−𝜃1)(1
0
) +

1

4
𝑇2𝑇1

′𝑒−𝑗2𝜃1(0
1
) +

1

4
𝑇1𝑇2

′𝑒−𝑗2𝜃2(0
1
)  

 

(2.6) 
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The result has four terms: the first term is RCP output with no phase shift; the second 

term is RCP with 2(𝜃2 − 𝜃1) phase shift; the third and fourth term is left circular polarized 

(LCP) polarization with −2𝜃1  and −2𝜃2  phase shift, respectively. These terms can be 

categorized into two groups: the first and the second term have the same helicity as the 

incoming beam, while the third and fourth have the opposite. The term with 2(𝜃2 − 𝜃1) 

phase shift is particularly interesting. On a macroscopic scale, when two layers of periodic 

structures are superimposed on top of each other, a third pattern with different 

periodicity can be perceived, which is called the Moiré effect. Here we argue that a similar 

phenomenon happens: a diffraction order with a phase shift equal to the rotation angle 

difference of the two layers can be observed. 

 

Figure 2.1: (a) The illustration of the P-B phase; o and e represent the ordinary and 

extraordinary axis. (b) The schematic of two layers of P-B phase elements stacked 

Second layer: TiO2

Filling material: SiO2

First layer: TiO2

Substrate
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x y

z
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vertically. (c) The illustration of the bifocal metalens. (d) The illustration of the proposed 

structure for fabrication (e) The geometrical parameters of a single P-B phase element. 

2.3 Numerical simulation for bifocal metalenses 

There are three terms with phase shifts in the equation, which means a focusing lens with 

three focal spots can be engineered. However, there exist only two independent control 

variable  𝜃1 and 𝜃2, which is impossible to control three focal spots independently. So we 

have to restrict the design to bifocal lenses. To achieve this 𝑇1
′  must be 0, and the 

transmission becomes: 

 𝐸𝑡 =
1

4
𝑇2𝑇2

′𝑒𝑗2(𝜃2−𝜃1) (
1

0
) +

1

4
𝑇1𝑇2

′𝑒−𝑗2𝜃2 (
0

1
) (2.7) 

The output contains an RCP term with a phase delay of 2(𝜃2 − 𝜃1) and a left circular 

polarized (LCP) term with a phase delay of −2𝜃2 . To achieve focusing, the spatial 

modulation of the phase shift is set based on the following equation:   

 
𝜑𝐹(𝑥, 𝑦) =

2𝜋

𝜆
(𝑓 − √𝑥2 + 𝑦2 + 𝑓2) 

(2.8) 

In this equation, 𝜆 is the operating wavelength and 𝑓  is the focal length. Plugging the 

phase shift in Equation (2.6) into this equation, we get the following equations whose 

solution ensure the bifocal effect: 
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 {
2(𝜃2 − 𝜃1) = 𝜑𝐹1(𝑥, 𝑦)

−2𝜃2 = 𝜑𝐹2(𝑥, 𝑦)
   (2.9) 

By assigning each nanofin with the rotation angle specified by this equation, the designed 

metalens can transform an incoming RCP beam into the combination LCP and RCP beam 

and then focus them at two focal spots F1 and F2. This process is illustrated in 

Figure 2.1(c). For fabrication purposes, we designed the unit cell as shown in Figure 2.1(d). 

The fabrication of single-layer P-B phase metalens can be achieved by standard 

procedures [13, 48, 60]. The main difficulty in the fabrication is the filling material 

deposition and the alignment of the two P-B phase layers. The reason SiO2 and TiO2 are 

chosen as the building material for the metalens is that they have a large refractive index 

contrast (1.46 and 2.49) and can be easily fabricated by the current CMOS technology.  

Given 𝑡𝑜
′ + 𝑡𝑒

′ = 𝑇1
′, the only condition to make 𝑇1

′ = 0 is when |𝑡𝑜| = |𝑡𝑒| and arg(𝑡𝑜)-arg 

(𝑡𝑒) = 𝜋. That is, the amplitude of the transmission 𝑡𝑜 and 𝑡𝑒 should be equal, and their 

phase difference should be 𝜋. This can be achieved by tuning the geometrical shapes of 

the second P-B phase layer. We fix the lattice size, length d2, and height H be 300, 600, 

and 200 nm respectively, and sweep the d1 of the nanofin using the Finite-Difference 

Time-Domain method (FDTD). The working wavelength of the metalens is chosen to be 

480 nm. The amplitude of the transmission 𝑡𝑜 , 𝑡𝑒  and their phase difference in the 

optimized condition are shown in Figure 2.2(a-b). To follow conventions, we will use 

transverse electric (TE) polarization to represent 𝑡𝑜 states and transverse magnetic (TM) 
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polarization to represent 𝑡𝑒 states. The optimized d1 is 94 nm. The TE and TM behave 

differently as a result of the anisotropy. The phase of the transmission is smooth as a 

function of the wavelength except for three discontinuities at ~410, ~460, and ~505 nm. 

These phase jumps arise from three TM resonances. It can be observed from Figure 2.2(b) 

that the transmission drop to 0 at these wavelengths due to the resonance. These 

resonances can increase the phase difference for TM and TE, contributing to the 𝜋 phase 

difference at the design wavelength. The TE and TM transmissions are 0.86 and 0.89 

respectively at the design wavelength (Figure 2.2(b)), which is close to unity and a close 

approximation for the condition |𝑡𝑜| = |𝑡𝑒|.  

The optimized phase profile for TE and TM polarizations at 480 nm is shown in 

Figure 2.2(c). It is easy to verify that there is a phase delay of 𝜋 between TM and TE 

polarizations. Together with the transmission amplitude, these conditions ensure 𝑇1
′ = 0 

and therefore 100% polarization conversion efficiency for the second P-B phase layer. 

 

Figure 2.2: The design of the single P-B phase element. (a) The phase shift for TE and TM 

incidence. (b) The transmission amplitude for TE and TM polarizations. (c) The phase 
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profile for TM and TE incidence at 480 nm. The yellow rectangle outlines the nanofin 

structure. 

With the condition 𝑇1
′ = 0 met, a metalens with two degrees of freedom controlling two 

focal spots can be designed using the rotation angles solved from Equation (2.8). We 

perform a series of three-dimensional (3D) FDTD calculations to verify the operation of 

such metalenses. A metalens size of 13 × 13 μm is considered. The height H of the first 

layer P-B phase element is 400 nm to reduce fabrication difficulty. A total number of three 

bifocal metalens designs with different focal lengths combinations are studied. In these 

configurations, the value of F1 is kept constant at 8 μm while the value of F2 is varied. The 

E field profile at the x-z cross-section is shown in Figure 2.3(a-c) for different designs. Two 

distinctive focal spots can be discerned with little cross-talk. We also plot the intensity of 

E field at the focal plane in Figure 2.3(d-f). The full-width at half-maximum (FWHMs) of 

the focal points are approximate to the theoretical diffraction-limited value of 
𝜆

2NA
, with 

NA being the numerical aperture and 𝜆 the wavelength. We summarize the performance 

of all the configurations in Table 2.1. The simulated focal length matches the design value 

very well with little error, with the focal spot size close to the theoretical limit, indicating 

excellent focusing performance. As an example, we will demonstrate this for Design 2.  

With an aperture size of 13 μm and focal lengths of 8 and 12 μm, the NAs of the two focal 

spots are 0.65 and 0.5, which yields theoretical diffraction-limited FWHMs of 369 and 488 

nm, respectively. The calculated FWHMs from FDTD simulations are 394 and 512 nm, 
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which is similar to the theoretical value. Restricted by the computational resources, it is 

unable to simulate lenses with larger aperture sizes. So the NA of F1 is much higher than 

that of F2, which explains why the FWHM of F2 is much larger than F1. Similar phenomena 

have been reported before [61]. In actual situations, this can be circumvented by a lens 

with a larger aperture size so that the NA is similar for both focal spots.  

 

Figure 2.3: (a-c) The lectric field intensity for different designs. (a) Design 1, (b) Design 2, 

(c) Design 3. (d-f) The FWHMs of the focal spots for different designs. (d) Design 1, (e) 

Design 2, (f) Design 3.  
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Table 2.1: The focusing performance of the multifocal metalenses. 

 

 
Design value 

(μm) 
Simulated value 

(μm) 
FWHM 
(nm) 

NA 

Design 1 
F1 

8 7.6 396 0.65 
F2 

Design 2 
F1 8 7.6 394 0.65 

F2 12 11.5 512 0.5 

Design 3 
F1 8 7.6 394 0.65 

F2 14 13.3 570 0.44 

 

The proposed bilayer structure is more straightforward to design than other architectures 

for bifocal applications. For example, in the multifocal length designed by the 

combination of the propagation and the P-B phase [56], the control of both TM-TE phase 

difference and the propagation phase value have to be considered simultaneously. Much 

optimization is necessary to obtain the perfect geometry to form a library for different 

phase delays, which is costly in both computational resources and time. The design is 

more straightforward in the proposed architecture since the same nanofin structure is 

used all over the device, and therefore only one optimization is needed for the geometry. 

Another advantage of the current architecture is the flexibility in controlling the relative 

intensity of the two foal spots. The intensity ratio of focal spot F1 and F2 can be derived 

from Equation (2.7): 
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𝐼𝐹1

𝐼𝐹2
=

|𝑇2𝑇2
′|2

|𝑇1𝑇2
′|2

=
|𝑇2|2

|𝑇1|2
=

|𝑡𝑜 − 𝑡𝑒|2

|𝑡𝑜 + 𝑡𝑒|2
 (2.10) 

It can be seen that the intensity ratio of F1 and F2 depends only on the complex 

transmissions (𝑡𝑜 and 𝑡𝑒) of the first P-B phase layer. Since it has been established that 

the focal lengths are controlled solely by the rotation angles of the nanofins, the focal 

lengths and the intensity ratios are controlled by two sets of parameters. Thus they can 

be controlled independently, making the arbitrary control of focal length and intensity 

ratios possible. We demonstrate the control of the relative intensity in Figure 2.4. In the 

figure, the two focal spots are fixed while their relative ratios are changed from 2.5 : 1, 

0.9 : 1, to 1 : 3 by changing d1 of the first P-B phase layer when all the other parameters 

remain fixed. The proposed method to achieve relative intensity control is quite different 

from the spatial multiplexing scheme in which the lens surface is separated into 

concentric rings [20] with each ring forming one focal point. The focusing efficiency and 

the NA for each focal spot vary greatly depending on the area of each ring, which makes 

it challenging to manipulate the intensity ratio of the focal spots. In contrast, the relative 

intensity of the focal spots depends solely on the complex transmission of the first P-B 

phase layer in the proposed design. Thus, it can be controlled easily by the geometrical 

parameters. Furthermore, since the whole lens surface is contributing to each focal point, 

the NA and focusing efficiency are also more controllable. Using the CMOS fabrication 

methods, more layers can be added to the design for more complicated applications.  
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Figure 2.4: (a-c) The electric field profile for different intensity ratios. (d-f) The FWHMs for 

different focal intensity ratio designs. 

2.4 Initial fabrication results of the metalenses 

As a first step toward implementing the bilayer metalens, we optimize the fabrication 

process of the single-layer metalens. The fabrication process is shown in Figure 2.5(a). 

Firstly, a layer of single-crystal GaN layer is grown on a double-side polished sapphire 

wafer by metal-organic chemical vapor deposition (MOCVD). After that, the surface is 

cleaned and spin-coated with 200 nm PMMA 950 A4 photoresist at a speed of 3000 rpm. 

Subsequently, the sample is baked on a hotplate for 2 minutes at 170° followed by the 

electron-beam lithography (EBL) to define the metalens patterns. After development, a 

layer of Ni metal (50 nm) is deposited on the sample, after which a lift-off process is 

-4       -2        0        2       4 -4       -2        0        2        4-4       -2        0        2       4

x(μm)

20

16

12

8

4

1

0.5

0

z 
(m

ic
ro

n
)

(a) (b) (c)

(d)

F1:F2=2.5:1 F1:F2=0.9:1 F1:F2=1:3

x(μm) x(μm)



36 

 

carried out. The Ni metal serves as a hard mask during the dry etching process using 

inductively coupled plasma etching (ICP). The ICP is carried out in a gas mixture of Ar and 

Cl2/BCl3, which combines the physical etching of Ar plasma and the chemical etching of 

Cl2/BCl3. There are many etching parameters to tune to get the highest etching selectivity 

and vertical sidewalls, such as the RF power, ICP power, Cl2/BCl3 ratio, and pressure. Two 

main factors are at play during the etching process: On the one hand, more chemical 

etching is desirable to achieve higher selectivity because the metal mask is relatively thin; 

On the other hand, more physical etching is desirable to get vertical sidewalls. The optimal 

recipe strikes a balance between these two processes. After the ICP process, the residual 

Ni metal is removed by commercial Ni etchant (Transene Company, Inc.). The obtained 

single-layer metalens shows good agreement with design with each building blocks in 

good shape, as shown in Figure 2.5(b). The future work includes the fabrication of bi-layer 

metalens and the demonstration of bi-focusing experimentally. 
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Figure 2.5: Initial fabrication results. (a) The fabrication process of the single-layer 

metalens. (b) The SEM image of a single layer metalens fabricated using e-beam 

lithography.  

2.5 Conclusions 

In this chapter, we explore the unique phenomenon arising from the interaction of two 

superimposed Pancharatnam-Berry phase elements. Jones Matrix calculations are used 

to study the diffraction orders and the corresponding phase delays. A phenomenon 

similar to the Moiré effect is discovered. A bifocal metalens is designed using the 

calculated diffraction order. The focal length and intensity ratio of these two focal spots 

are controlled by two different sets of parameters, thus enabling flexible control of two 

focal spots. This is the first study of multilayer P-B phase elements for metalens 

applications. The architecture could be used for other complex applications, such as 

achromatic metalenses.  

  

(a) (b)
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Chapter 3 Reflective metalenses and the effects of fabrication errors  

3.1 Background 

As mentioned in the previous chapter, the metalenses manipulate the light by sub-

wavelength nanoantennas fabricated by CMOS compatible technologies [42]. This means 

they can be combined with other micro optoelectronic devices such as laser [34], another 

metalens [35, 36], and MEMS drivers [37]. These combinations significantly improve the 

versatility and flexibility of the metalenses.  

The reflective metalenses, which can be made by integrating metalenses with a reflective 

component, play an essential role in areas such as imaging and metaholograms [17, 18]. 

However, previous reports use metallic mirrors as the reflective components [62-66], 

which show relatively low reflectivity, high plasmonic loss, and difficulty in fabrication. 

The reflective metalenses integrated with dielectric distributed Bragg reflectors (DBRs) 

could be a solution to the abovementioned problems since they can have very high 

reflectivity (~99%) and are easy to fabricate.  

The main challenge in dielectric metalenses arises from the complicated interactions of 

the nanostructures with the incoming light. Among them, the Mie type magnetic dipole 

and electric dipole resonances have been shown to have profound effects in the 

operation of metalenses [67]. They are the lowest order mode in the Mie theory and are 

most likely to occur in nanometer-scale geometries. The higher-order modes, however, 
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are less investigated because they are usually less significant. However, previous reports 

show that the higher-order modes can be leveraged to create devices with extraordinary 

properties such as broadband characteristics [68], high transmission [69], and controlled 

emission direction [70].  

The dielectric metalenses typically consist of high aspect ratio nanostructures whose 

heights are similar to the operating wavelengths to provide a 2π maximum phase shift 

[42]. However, the dimensions in the lateral directions are subwavelength to control the 

in-plane phase modulation [71]. This results in Mie type resonances in the lateral direction 

and higher-order Fabry-Pérot type resonances along the height dimension [72]. One 

problem that remains unanswered in this setting is: What if a tapering angle is introduced 

to the structure? Does it deteriorate or improve metalens performance? Answering this 

question could yield more physical insights into metalens design and operation. 

Furthermore, due to the high aspect ratio shapes and the quest for mass production 

methods, a slight tapering angle is inevitable during the process of manufacturing [73-

75]. Such mild tapering angles come from the errors of the fabrication processes and, 

therefore, cannot be engineered and controlled. Therefore, numerical simulations are the 

only tools to reveal their effects.  

In this chapter, a metalens is integrated with an all-dielectric DBR structure and the 

influence of the tapering angle of the nanopillar on the metalens performance is studied 

numerically. We show that a tapering angle is detrimental to metalens performance. The 
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origin of this deterioration can be explained by the interaction of Mie type and Fabry-

Pérot type resonances arising from the unique geometry shapes.  

3.2 Simulation of the reflective metalenses  

The reflective metalens structure studied in this chapter is shown in Figure 3.1. It consists 

of a SiO2/TiO2 DBR structure and TiO2 nanopillars that introduce a phase shift to the 

incident light. The incident light will be reflected and focused as it passes through the 

nanopillars. In the DBR, the thickness of both SiO2/TiO2 is designed to be equal to the 

quarter wavelength (λ/4n), which ensures a complete reflection at its stopband. The 

refractive index of TiO2 and SiO2 can be found in reference [76, 77]. We simulated 20 pairs 

of DBR, and the reflectivity for transverse electric (TE) and transverse magnetic (TM) are 

shown in Figure 3.1(c-d). The operation wavelength of 600 nm is centered at the DBR 

stopband. A bandwidth of 100 nm with reflectivity > 99.9% is realized when the incident 

angle ranges from 0° to 60°. The reflectivity we observe in the stopband is higher than 

typical metal mirrors [78].  

Two reflective processes happen in the metalens operation, as shown in Figure 3.1(b). 

The first reflection R1 happens at the interface of air and the nanopillars, while the second 

reflection R2 happens at the surface of the DBR. R1 does not contribute to the focusing 

because it does not pass through the nanopillars and thus has no phase delay. On the 

other hand, R2 can be focused properly because of the phase delay introduced by the 

nanopillars. From an intuitive point of view, a tapering angle can reduce R1 because it 
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creates a smooth transition of the refractive index. However, our analysis indicates 

contradicting results, as will be illustrated in the following paragraphs.  

 

Figure 3.1: (a) The schematic of the reflective metalens. (b) The breakdown of the 

reflective process at the interfaces. (c-d) The DBR reflectivity for (c) TE and (d) TM 

polarization. 

The tapering of the nanopillar during fabrication can be shown in Figure 3.2. In this SEM 

image, the nanopillars are fabricated by ICP dry etching with Ni metal as the hard etching 

mask. The dry etching is in a gas mixture of Ar and Cl2/BCl3, which combines the physical 

etching of Ar plasma and the chemical etching of Cl2/BCl3. Typically a mild tapering angle 
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is inevitable because of the mask etching and the momentum of the Ar plasma in the in-

plane direction. In this SEM, a tapering angle α of 2-4 degrees is observed. Examples of 

tapering angle in other fabrication techniques can be found in Ref [73-75].  

 

Figure 3.2: The illustration of the tapering angle during fabrication for high aspect ratio 

nanopillars; the scale bar is 1 μm. 

FDTD simulation is used to calculate the phase shift introduced by a single nanopillar [79]. 

In the simulation, a broadband plane wave source is launched toward the nanopillar, and 

the resultant transmission and phase shift are analyzed. PML and periodic boundary 

conditions are applied in the height and the lateral directions, respectively. The 

periodicity is set to be 400 nm, as stipulated by the Nyquist sampling criterion (P <

𝜆/2NA). The nanopillar height H is set to 500 nm to provide 2π phase coverage. 

The obtained phase delay is shown in Figure 3.3(a) for nanopillars with varied tapering 

angles and bottom radius. The phase delay shifts to a higher value as the radius increases. 

α
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A jump occurs in the curve due to the resonance. There is a shift as the tapering angle 

changes, which indicates a tapering angle would bring undesirable phase discrepancy. The 

phase delay is plotted as a function of the volume in Figure 3.3(b). In this plot, all the 

curves coincide, indicating that the volume is the determining factor for phase delay. This 

observation could be applied to the compensation of fabrication errors if the tapering 

angle is known.  

 

Figure 3.3: The phase shift for nanopillars as a function of (a) the bottom radius (b) the 

volume for various tapering angles α. The inset shows the geometrical parameters of the 

nanopillar. 

Using the calculated phase shift, we can design a metalens by appointing the diameter of 

the nanopillars based on the following phase equation: 

(a) (b)



44 

 

 𝜑𝑓(𝑥, 𝑦) =
2𝜋

𝜆
(𝑓 − √𝑥2 + 𝑦2 + 𝑓2) (3.1) 

Where 𝜆 is the operating wavelength, 𝑓 the focal length, and 𝑥, 𝑦 are the coordinates of 

the nanopillars. The designed phase profile and the nanopillar diameter across the 

metalens are shown in Figure 3.4(a) and (b) for α = 6°. The total side length of the 

metalens is 15 μm, and the focal length is 10 μm, which results in a NA value of 0.6. We 

carried out a series of simulations for metalens with different α and θ to compare the 

metalens performance. Figure 3.4(c) shows the electric field distribution for various 

incident angles θ. It is evident the focal spot moves in the horizontal direction as the 

incident angles change. The shifting distance 𝛥𝑥 can be expressed by the equation 𝛥𝑥 =

𝑓 𝑡𝑎𝑛𝜃. The FWHM of the focal spots and the focusing efficiencies at various incident 

angles θ and tapering angle α are shown in Figure 3.4(d-e). The focusing efficiency is 

calculated as the ratio of the optical power within a radius of 3×FWHM of the focal spot 

to the total incident power [62]. From Figure 3.4(d), it can be seen that the FWHM is not 

affected by the tapering angle α. However, it has an increasing trend as θ increase. The 

focusing efficiency, on the other hand, is influenced by both the incident angle θ and the 

tapering angle α, as shown in Figure 3.4(e). A higher incident angle deteriorates the 

focusing efficiency due to the lateral propagation modes as the incident angle increases. 

More importantly, the tapering angle also deteriorates the focusing efficiency. For 

example, the focusing efficiency is around 66% at 𝜃 = 0°  and 𝛼 = 0°  and it keeping 

dropping progressively to a value of ~46% when 𝛼 = 6°. 
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Figure 3.4: (a) The designed phase profile across the metalens. (b) The corresponding 

bottom radius R of nanopillars across the metalens. (c) The electric field intensity map for 

different incident angles θ. (d) The FWHM of the focal spot for various incident angles and 

tapering angles α. (e) The focusing efficiency for various θ and α values. 

The decrease of the focusing efficiency can be explained by the transmission of the 

nanopillar arrays as shown in Figure 3.5(a). The transmission is close to unity at a smaller 

radius (R<95 nm), and it decreases to 0 at the resonant wavelength. The resonance shifts 

to a higher radius for nanopillars with higher α. However, when the curves are plotted 

against the volume, all the resonances coincide, as shown in Figure 3.5(b). The FWHMs 

become larger as the tapering angle α increases. As a result, the transmission decreases 

for the tapered structure. This reduced transmission means an enhanced R1 in 

Figure 3.1(b), which reduces the focusing efficiency.  
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Figure 3.5: The transmission of nanopillars with various tapering angles plotted against 

(a) the bottom radius (b) the volume. 

3.3 The interaction of multipole modes 

A multipole expansion analysis is carried out for the scattered field to reveal the 

mechanism of this reduced transmission for the tapered structures [80]. We consider the 

multipole components of the magnetic dipole (MD), electric dipole (ED), electric 

quadrupole (EQ), and magnetic quadrupole (MQ). The multipole expansion for  

nanopillars with 0o and 6o tapering angles are shown in Figure 3.6(a-b). The shaded areas 

have a transmission lower than 70%. This area is much wider for nanopillars with a 6° 

tapering angle, indicating a low Q factor. In this area, the transmission has a minimum 

value at the resonance wavelength [81] because of the cancellation of the forward 

scattering, as stipulated by the generalized Kerker condition [82-84]. The phase of 

contributing resonances changes by π off-resonance, which creates a high transmission 

(a) (b)
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at wavelength ~0.62 μm. The multipole contributions of the nanopillar with 𝛼 = 0° have 

a much narrower FWHM so that it can flip signs rapidly. On the contrary, the multipole 

contributions for 𝛼 = 6° cannot flip the sign so quickly, which results in a wider FWHM of 

the overall transmission. The x-z plane cross-section view of the electric field vector and 

the magnetic field intensity is shown in Figure 3.6(c). It can be seen the field distribution 

is more symmetrical in the vertical direction for untapered nanopillars due to the 

symmetry of the geometry. The electric fields form two vortex in the untapered pillars 

which produce a strong MD response. The field vectors of these two loops happen to form 

an EQ configuration as indicated by the arrows in Figure 3.6(c), which explains the 

coexistence and overlapping of MD and EQ we observed in the untapered structures in 

Figure 3.6(a), which contributes critically to the satisfaction of the Kerker condition. On 

the other hand, the field distribution in the tapered nanopillar is quite distinct: there is 

only one vortex of the electric field because the reduced dimension at the top is not 

enough to support a second one. The magnetic field vector and the electric field intensity 

is shown in Figure 3.6(d). The field for the untapered structure consists of alternating 

nodes, as a consequence of the Fabry-Pérot type resonance. In tapered nanopillars, the 

Fabry-Pérot type resonance is significantly weakened due to the broken symmetry, which 

also contributed to the lower Q factor and higher FWHM of the total transmission. 

To sum up, the untapered nanopillars enhanced the overlapping of MD and EQ modes, 

leading to the satisfaction of the Kerker condition. Additionally, they also promote vertical 
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Fabry-Pérot type resonance. These are two reasons for the reduced FWHM in the 

transmission curve.  

 

Figure 3.6: (a-b) The multipole expansion for (a) untapered nanopillars, (b) tapered 

nanopillars. (c) The x-z cross-section view of the electric field vector and magnetic field 

intensity for tapered and untapered nanopillars. (d) The y-z cross-section view of the 

magnetic field vector and electric field intensity for tapered and untapered nanopillars. 

It can be observed from Figure 3.6(a-b) that the MD and EQ modes are enhanced while 

the ED mode is suppressed in the untapered nanopillars. To clarify the evolution of these 

modes, we analyze the multipole contributions of untapered nanopillars with different 

heights. The multipole contributions of a nanopillar with R=100nm, H=250 nm is shown 

in Figure 3.7(a). The structure has a low aspect ratio, and hence the main multipole 
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contribution comes from MD and ED [85]. As the height gradually increases, all the modes 

start to redshift, as shown in Figure 3.7(b-d). The ED redshifts with an increasing lower Q 

factor and lower amplitude while the EQ and MD redshift with increasingly higher Q 

factors. The evolution of EQ and MD follows similar trends, which can be attributed to the 

coexisting relationship mentioned in the previous part. From these figures, it is clear the 

enhancement of MD and ED results from the increased aspect ratio of the nanopillars. 

Another interesting phenomenon is the presence of two magnetic modes MD1 and MD2 

at higher aspect ratio, with MD1 having one node and MD2 having two. When the height 

H is low, only the MD1 appears because the geometry supports only one resonant node. 

However, as the aspect ratio grows, two nodes are supported, giving rise to MD2. 

 

MD1

MD2

(a) (b)

(c) (d)
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Figure 3.7: (a) The multipole expansion for the untapered nanopillar with height 

H=250nm. (b) ED (c) MD (d) EQ components for untapered nanopillars with different 

height H, the unit is nm. 

3.3 Conclusions  

In this chapter, we integrate a metalens with a dielectric DBR to form a reflective 

metalens. Using numerical simulations, we studied the influence of tapered nanopillars 

on the performance of the metalens. We discover the detrimental role of the tapering 

angle originates from the low transmission near the resonance. Furthermore, by applying 

a multipole expansion, we reveal the inability to meet Kerker’s condition and the reduced 

Fabry-Pérot type resonance are the two reasons for the reduced transmission. The results 

in this chapter provide guidelines to analyze and compensate for fabrication errors for 

metalens.  
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Chapter 4 Inverse design of surface plasmonic metasurfaces by machine 

learning 

4.1 Background 

The deep neural networks (DNN) is an optimization method adopted in a wide range of 

fields including biology [86], chemistry [87], physics [88], and geology [89], covering both 

theoretical [90] and engineering aspects [91]. In the nanophotonics [92] community, it 

has been utilized for plasmonics [93], metalenses [94], integrated photonics [95] and 

nanocavities [96]. The main advantage of DNN is the capability to optimize complicated 

problems with high precision. The DNN can learn the physics embedded in the data 

statistics and keep the knowledge as weights through the learning process, other than 

solving the physical equations directly. In theory, problems with arbitrary complexity can 

be modeled by DNN as long as the network capacity is enough. However, the training 

process of DNN can be challenging. The DNN outputs are influenced by many factors, such 

as training data, the architecture of the networks, hyperparameters, and regularization 

techniques. Those factors have to be optimized when utilizing DNN in any specific task.  

Localized surface plasmons (LSPs) refers to the synergetic oscillation of the optical wave 

and the free electrons in conductive nanoparticles. They are vital components in the areas 

of surface-enhanced spectroscopies [97, 98], senors [25, 26], optoelectronic devices [27-

29], and imaging [21, 22]. The clustering of conductive nanostructures has shown to 
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exhibit a wide range of optical effects such as Fano resonances [99, 100] and the 

hybridization of different energy levels [101, 102]. Leveraging the interaction of LSPs can 

lead to photonic devices with an on-demand optical response, which requires a thorough 

knowledge of the physical image represented by Maxwell’s equations. Conventional 

optimization methods are based on finite-difference time-domain (FDTD) and finite-

element method (FEM). Handling simple geometries are relatively easy with these 

methods. However, the difficulty grows if the system becomes asymmetric and complex 

[103]. For example, the plasmonic surface studied in this chapter is represented by six 

parameters, which requires optimization in a six-dimensional space. It is challenging and 

time-consuming with conventional optimization methods. Owing to the abovementioned 

advantages of DNN, many efforts have been made to solve such problems with fully 

connected (FC) DNN [93, 95, 103-105] and convolutional neural networks (CNN) [106]. 

However, there is no verdict as to which structure yields better performance. The 

accuracy of these network structures has not been studied in detail in previous reports, 

especially in the area of LSP design.  

In this chapter, we attempt to solve the complicated plasmonic metasurface inverse 

design problems using DNN. Some practical challenges in increasing design accuracy are 

solved. In addition, we compare the performance of CNN and FC DNN and conclude that 

CNN yields better accuracy. The supremacy of CNN comes from two aspects: 1. the input 

in the inverse problem is typically a target spectrum whose peaks and valleys carry the 
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most critical information. CNN structures can capture these features and link them to the 

geometrical parameters, as has been illustrated in computer vision [107]. 2. CNN has a 

sparse connection structure [108], with only a limited number of neurons connecting to 

the next layer, which filters out the redundant information in the data [109], thus 

improving the algorithm efficiency and accuracy.  

4.2 Neural network design and training 

Figure 4.1(a) shows the schematic of the unit cell of the plasmonic metasurface. The unit 

cell contains three gold (Au) nanodisks with a thickness of 50 nm and a periodicity of 700 

nm. It has shown that such a structure exhibits rich interactions [101, 110, 111]. The unit 

cell of the plasmonic metasurface can be described by six parameters p1-p6, as shown in 

Figure 4.1(b). Among them, p1-p3 are the diameters; p4 and p5 define the spacing 

between disks, and p6 is the angle. Our goal is to design a DNN that takes a target optical 

absorption spectrum as input and yields parameters p1-p6. 
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Figure 4.1: (a) The schematic of the plasmonic metasurface. (b) The parameters to define 

the unit cell. (c) An illustration of the data inconsistency caused by the symmetry of the 

structure. 

Figure 4.2 shows the parameters of the CNN architecture for such a task. The input is a 

300 × 1 array representing the optical response of the plasmonic structure. The first layer 

is a convolutional layer (Conv1D) with filter size F = 5, channel C = 40, padding P = 2, and 

stride S = 0. The max-pooling is taken between two elements. After the max-pooling, a 

batch normalization (Batch norm) is followed, the results of which are fed into the second 

Conv1D layer. In general, the number of filters increases while the size of each filter 

decreases. After four convolutional layers, the data flows into the linear layers. In the 

diagram, I is the length of the input, and O is the length of the output for the linear layers. 

The output size gradually shrinks until the last linear layer, which has an output size of six 
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representing the parameters that define the plasmonic structure. The probability of the 

dropout layer is set to 0 throughout the network. The network is implemented in Python 

using the Pytorch machine learning library. 

 

Figure 4.2: The detailed parameters of the CNN. 

To compare the performance of CNN and FC DNN in the inverse design problem, we also 

design an FC DNN structure that consists of only linear layers. The detailed network 

parameters are shown in Figure 4.3. The FC DNN has a similar structure with that of CNN, 

except that the Conv1D layers are replaced by linear layers. The total trainable 

parameters of the Conv1D layers are calculated to be 1260 in the CNN, as oppose to 2.25 

× 106 in the linear layers used to replace them. Hence, the total trainable parameters are 

much higher for FC DNN.  
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Figure 4.3: The detailed parameters of the FC DNN. 

A total number of 25000 sets of training data are generated by FDTD simulations (FDTD 

solutions, Lumerical Inc). In the simulation, we use a linear polarized (in x-direction 

Figure 4.1(b)) broadband plane wave source from 600 to 1600 nm to excite the plasmonic 

modes. The boundary condition is the PML and periodic boundary condition in the z and 

xy directions, respectively. The absorption spectra and the corresponding geometrical 

parameters (p1 - p6) are collected as data pairs to train the DNN.  

A problem in data generation is how to handle the data inconsistency. As shown in 

Figure 4.1(c), the optical response remains constant under the mirror operation in the y 

and x-plane, but they correspond to four different sets of parameters p1 - p6. Therefore, 

the mapping from the optical response to the structure parameters is 1 to 4, which 

creates four subsets of conflicting data and hampers the convergence and generalization 

of the DNN. Similar problems have been observed and tackled by more complicated 

network structures to single out one solution [105], which increases the size of the DNN 
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and the training time. In this work, we discover it is more economical to simply restrict 

the symmetry during data generation. To this end, the following constraints are imposed 

on the unit cell: the center position of d1 and the angle θ are fixed; the angle p6 is set to 

< 90°; and the diameters are constrained to be p1 > p2 > p3. In this way, we eliminate any 

possibilities of conflicting data sets in the training data. Another consideration for the 

training data is normalization. The value of geometrical parameters is in the order of 

hundreds, which is not the optimal range for the DNNs. Therefore, both the parameters 

p1-p6 and the optical response are scaled and centered to the range of [-1, 1]. The whole 

set is divided into three groups: 16000 for training, 4000 for validation, and 5000 for 

testing. The mean squared error (MSE) is used as the loss function for the training of 

DNNs. The gradient descent and backpropagation are carried out by Adam optimization 

algorithm [108] with a batch size of 100. The initial learning rate is 0.01, and it drops by 

1.2 every 50 epochs.  The CNN and FC DNN performance are compared with and without 

batch normalization. The training and validation loss are shown in Figure 4.4(a-b). Sharp 

drops are discernable at epochs 100, 150, and 200 due to the drop in the learning rate, 

which is a sign that the learning rate modulation accelerates the convergence. We also 

observe the DNNs are prone to overfitting [112] without the batch norm layers: the 

training losses decrease to a low value while the validation losses begin to increase after 

initial declination for both FC DNN and CNN. However, with the batch normalization layer, 

both the training and validation loss decrease to a reasonable value. The best 

performance of FC DNN and CNN is represented by the purple and cyan curves in 
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Figure 4.4(a) and (b). It can be seen the training losses for both CNN and FC DNN 

converges to the same level, but the validation loss of the FC DNN is twice that of CNN, 

indicating poor generalization performance. This is mainly caused by the dense 

connections of FC DNN [109, 113, 114].  

 

Figure 4.4: The (a) training (b) validation loss for different neural network architectures. 

We also trained the CNN and FC DNN with and without batch normalization layers with 

different dropout rates, and the results are shown in Figure 4.5. In all situations, a higher 

dropout rate results in higher training and validation loss. However, the inclusion of the 

batch normalization layers reduces the validation loss. Therefore, a dropout rate of 0 and 

the inclusion of the batch normalization layers are chosen for both CNN and FC DNN.  
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Figure 4.5: The training and validation loss for different DNN structures with different 

dropout rates. 

Table 4.1: Structures for different CNN networks. 

CNN1 
A fifth convolutional layer is added with filter size F = 5, channel C = 40, padding 
P = 2, and stride S = 0, and the linear layer with I = 900, O = 500 is removed 

CNN2 
The last convolutional layer is removed, and a linear layer of I = 500, O = 200, is 
added. 

CNN3 
Both the first convolutional layer and the linear layer with I = 900, O = 500 are 
removed. 

CNN4 The CNN structure chosen for the inverse design. 

 

In Figure 4.6, we compare the performance of different CNN structures. In CNN1, one 

linear layer is replaced with a convolutional layer; In CNN2, one convolutional layer is 

replaced with a linear layer; in CNN3, one convolutional layer and one linear layer are 

removed. The details of each CNN structure can be found in Table 4.1. The CNN structures 

1 - 3 show a higher validation loss than CNN4, which means the current choice is optimal.  
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Figure 4.6: The training and validation loss for different CNN structures. 

4.3 Plasmonic inverse design  

After training, a target spectrum can be fed to the CNN to produce the geometrical 

parameters p1-p6. In Figure 4.7, we plot the CNN outputs from the testing data set and 

the real values to show the accuracy of the CNN. The black and red dashed lines represent 

𝑦 = 𝑥 and 𝑦 = 𝑥 ± 8 nm, respectively. A strong linear correlation is observed between 

the outputs of the CNN and the real values for p1 - p3, with 90% of the points within the 

boundaries of 𝑦 = 𝑥 ± 8  nm. However, the accuracy of p4 - p6 is lower. The difference 

in the accuracy can be explained by their relative importance: Parameters p1 - p3 control 

the diameter of the nanodisks and hence the overall shapes of the spectra, therefore they 

are the most critical parameters; On the other hand, p4 - p6 controls the coupling strength 

that fine-tunes the optical response, thus they are secondary in importance.  
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There is also a hierarchy of accuracy among p4 - p6. p5 has the lowest accuracy, with a 

large number of points falling out of the 𝑦 = 𝑥 ± 8 nm region. This is because p5 decides 

the d1 - d2 coupling, which is relatively low because the polarization direction is mostly 

parallel to the d1 - d2 gap. Following the same logic, there are occasional cases when the 

polarization direction is parallel to the d1 - d3 gap as nanodisk d3 rotates around d1, which 

explained the deviations of p4 and p6.  

The difference in accuracy indicates that the network can distinguish the relative 

significance of the parameters p1 - p6. Although there are significant deviations for p5 

and p6, the overall inverse design is adequately high since the critical parameters have a 

deviation of ± 8 nm, which is 1.5% of the shortest wavelength considered (600 nm) and 

close to the limit of current nanofabrication technologies.  

 

Figure 4.7: The comparison of DNN output and the real value (FDTD values) in the testing 

set.  
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Figure 4.8: The comparison of absorption spectra for different p5 values. 

To illustrate that p5 is less critical, we show in Figure 4.8 the absorption spectra with 

various p5 values when all the other parameters are fixed. As can be observed, the 

variation of p5 makes little difference to the overall shape of the spectra, which results 

from the polarization direction being parallel to the d1 - d2 gap.  

To further demonstrate the capabilities of the CNN, an arbitrary spectrum is fed to the 

CNN and FDTD simulations are used to calculate the optical response of the output  

structure. The comparison of the target spectrum and the one produced by the CNN 

predicted structure is shown in Figure 4.9(a). It is evident all three plasmonic resonance 

peaks at 680, 875 and 1225 nm in the target spectrum is well-matched by the structure 

produced by CNN. A plasmonic metasurface based on the predicted parameters is 

fabricated, and its absorption spectrum is measured to compare with the simulations. It 



63 

 

can be verified from Figure 4.9(a) that the experimental curve is also consistent with the 

target. Although the peaks are broadened and shifted due to the fabrication errors, the 

overall shapes match well.  

The charge distribution and the electric field vectors at the resonance wavelengths are 

plotted in Figure 4.9(c-f). It can be observed that the electric field vectors are mostly 

horizontal due to the incident polarization (Figure 4.9(c)). The antibonding and bonding 

hybridization modes of the plasmonic structures are observed at 680 nm and 1225 nm. 

The mode of d1 is quadrupole at 875 nm due to the interaction with d3. The d1 - d2 field 

intensity is weaker compared to that of d1 - d3, as a result of weak coupling [115, 116]. 

As a consequence, the parameter p5 has low importance in the optical response, hence 

the low design accuracy. In contrast, the field intensity between d1-d3 is consistently 

strong (Figure 4.9(c-f)), indicating strong coupling and hence the high design accuracy for 

p4. The strong coupling can be attributed to the small diameter of d3 and the fact that 

the polarization direction is perpendicular to the gap.  
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Figure 4.9: (a) The Comparison of the target absorption spectrum, the absorption 

spectrum of the plasmonic metasurface designed by the CNN, and the measured 

spectrum. (b) The values of p1-p6 produced by the CNN. (c) The charge distribution at the 

resonance wavelengths. (d-f) The charge distribution at the resonance wavelengths of (d) 

680 nm, (e) 875 nm, and (f) 1225 nm. 

In Figure 4.10, we show two more examples for using the CNN as an inverse design tool. 

It can be seen the spectrum calculated from the outputs of the CNN matches well with 

the targets. An interesting thing we find is shown in Figure 4.10(c), where the output of 

the CNN gives us a spectrum with a very narrow peak at ~1.2 μm when the target is 

smooth in this range. The FWHM of this peak is only 2 data points in the spectrum. The 

peak arises due to the magnetic-based Fano resonance [117]. As shown in Figure 4.10(e), 

the circulating electric field in the nanodisks form a loop which gives rises to the magnetic 
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dipole confined at the center of the cluster. The interaction of the magnetic dipole 

moment and the electric dipole moment results in an ultra-sharp fano resonance peak. 

Such magnetic Fano resonances have stirred a broad interest in the applications of 

metamaterials and sensing [118-120].  

 

Figure 4.10: More examples demonstrating the CNN for the inverse design. (a) The 

comparison of the target spectrum 1 with the spectrum obtained from the output of CNN. 

(b) The parameters p1-p6 predicted by the CNN. (c) The comparison of the target 

spectrum 2 with the output obtained from the output of CNN, the arrow indicated the 

magnetic Fano resonance. (d) The parameters p1-p6 predicted by the CNN. (e) The 

magnetic field intensity and the electric field vectors at the magnetic Fano resonance. 
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4.4 Fabrication and characterization of the metasurface 

We fabricate a metasurface based on the design in Figure 4.9 to verify its optical 

properties. The fabrication follows a straightforward process as illustrated in Figure 

4.11(a). First, a 50 nm Au layer is deposited on a double side polished sapphire substrate 

by sputtering. Subsequently, the surface is cleaned and covered with 200 nm PMMA 950 

A4 photoresist by spin coating at a speed of 3000 rpm. After that, the sample is baked on 

a hotplate for 2 minutes at 170° followed by the electron-beam lithography (EBL) to 

define the metasurface patterns. After development, the photoresist serves as the 

etching mask when Au is etched by ICP. Finally, the remaining photoresist is removed by 

acetone.  

Figure 4.11(b) shows the photos of a fabricated sample viewed from different angles. The 

size of the substrate is 10 mm by 10 mm and the metasurface area is 5 mm by 5 mm. The 

metasurface area shows radiant color when viewed from different angles due to the 

diffraction orders at different viewing angles, which indicates the sample has good quality 

and uniformity. The SEM image in Figure 4.11(c) shows each nanodisk is well defined with 

precise dimensions according to the design. After the fabrication, the sample is measured 

by UV-VIS with a polarizer to obtain the transmission T and the reflection R, based on 

which the absorption spectra is calculated. The absorption spectra are plotted in Figure 

4.9(a) and it matches well with the simulations.  
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Figure 4.11: The experimental characterization of the plasmonic metasurface. (a) The 

fabrication process of the sample. (b) Photos of the fabricated sample viewed from 

different angles. (c) The SEM image of the fabricated sample. 

4.5 Conclusions 

In this chapter, we used CNN for the inverse design of plasmonic metasurfaces. The 

comparison between different DNN architectures shows that CNN has better 

performance than FC DNN. The superiority of CNN is due to the feature recognition 

capabilities and sparse connections. The inverse design accuracy is determined by the 

importance of each geometrical parameter, and a deviation of ± 8 nm is observed for the 

critical parameters which is higher than previous reports and close to the fabrication limit 

of nanofabrication technologies. The DNN architecture and the tuning techniques in this 

work can also be applied to other inverse design problems.  
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Chapter 5 Engineering the optical bound states in continuum by machine 

learning  

5.1 Background 

The optical bound states in the continuum (BICs) refers to an exotic class of states that 

remain perfectly confined despite lying in a continuous spectrum of radiating waves [38, 

121]. The lack of outgoing radiation means these states have a theoretical infinite lifetime 

but are unable to be excited by far-field radiation. In practice, perturbations are 

introduced intentionally or unintentionally due to fabrication errors, which turns the BICs 

into leaky resonances with finite albeit high Q factors [122]. Engineering these modes to 

leverage their high Q factors is benefiting a wide range of applications such as lasers [123, 

124], sensing [125, 126], and nonlinear optics [127, 128]. 

Recent reports show the BIC states arise from the vortex centers of the polarization field 

and they carry quantized topological charges [129]. Merging of multiple BIC points can be 

used to achieve robust ultra-high Q factor modes immune to out-of-plane-scattering 

losses [130]. Moreover, manipulating BICs at multiple wavelengths simultaneously can 

further benefit areas such as multi-wavelength nonlinear optics [131], and multi-

wavelength sensing [132-134]. 

The core idea to realize a BIC is the parameter tuning to cancel out the far-field and to 

control the BIC wavelengths. This is achieved mainly by the sweeping of parametric 
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geometries such as circles, rectangles, ellipses, or the combinations of them. These 

geometrics can be easily described and modified by equations with a limited number of 

variables, thus a limited degree of tunability. They run into problems with more advanced 

tuning tasks such as the manipulation of multiple BICs simultaneously.  

The freeform structures optimized by evolutionary algorithms [135, 136] and adjoint-

method [137, 138] show great potential in the topology optimization of photonic 

structures and hold promise for new methods of tuning BICs. They are not bound by any 

equations and thus offer a limitless degree of tunability, which may yield designs that 

outperform those based on conventional geometries [138, 139]. However, these 

algorithms are generally costly in computational resources. Besides these interactive 

optimization methods, DNN is another tool in handling complicated photonic structures 

[139-141]. There have been some impressive attempts to design photonic structures with 

arbitrary structure by using the generative adversarial networks (GANs) [142-146]. A 

problem with the GAN models is the difficulty in training and the possibility of noisy 

outputs where extra filtering and smoothing algorithms are needed to refine the 

geometries [143, 144]. Another issue with GANs based networks is that the desired 

optical properties are directly linked to the geometrical shapes described by pixels, which 

have much higher dimensions than the optical properties such as the transmission and 

reflection spectra. This might result in converging problems and bad generalization 

performances. Furthermore, structures with predefined symmetries, which is a highly 
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sought-after quality in the field of photonics, has not been demonstrated by GAN. How 

to make the DNN learn and generate the symmetry and parity properties of the real-life 

structures is an active research topic in the machine learning community [147-149]. 

Special techniques such as symmetry loss [150] and structured GANs [151] are necessary 

to make the output symmetrical.  

In this chapter, we demonstrate a DNN structure based on the variational autoencoders 

(VAE) that can handle freeform photonic crystals with predefined symmetry. Instead of 

connecting the property to the pixel representation of the geometries directly, we 

convert the geometries into the latent representation with similar dimensions as the 

optical properties, which increases the stability and generalization of the inverse design. 

The latent representation also allows small perturbations of the geometries, which in turn 

allows continuous manipulation of the photonic properties. By training a property 

readout network, we demonstrate arbitrary, on-demand control of BIC wavelengths with 

a high level of accuracy. The band inversion and accidental degeneracy arising from these 

symmetrical freeform structures can also be a platform for further discoveries and 

innovations.  

5.2 Symmetry protected BIC in C4v lattices 

Consider a photonic crystal with C4v symmetry. At Г point and below the diffraction limit, 

the only radiation channel is the 0th order diffraction which has an odd parity under C2 

operation. Therefore any modes with an even symmetry are decoupled and turn into BIC 
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modes [38]. As shown in Table 5.1, the C4v group has four nondegenerate irreducible 

representations (A1, A2, B1, B2) and one doubly degenerate irreducible representation (E). 

It is interesting to see that all the nondegenerate representations are even under C2 

transformation. So it is easy to conclude that any nondegenerate modes below the 

diffraction limit turn into a BIC at Г point. Since these BICs are protected by the symmetry, 

their frequencies can be tuned by geometrical perturbations as long as the symmetry is 

maintained. We analyzed the free form structures with C4v symmetry as shown below in 

Figure 5.1(a).  

Table 5.1: Character table for the C4v group 

 E 2C4 C2 2σv 2σd 

A1 1 1 1 1 1 
A2 1 1 1 -1 -1 
B1 1 -1 1 1 -1 
B2 1 -1 1 -1 1 
E 2 0 -2 0 0 
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Figure 5.1: (a) Top: an example of the C4v geometry considered. Bottom: definition of high 

symmetry points in a C4v lattice. (b) The band diagrams for TE-like and TM-like modes. (c) 

The Hz and Ez Bloch mode profiles for TE-like and TM-like modes, respectively. 

The photonic bands are calculated along the path X (0, 0.5) - Г (0, 0) - M (0.5, 0.5) in 

reciprocal space using MPB [152]. We consider a lattice size of 1 μm with the material 

refractive index of 3.5, which corresponds to Si in the infra-red region. The geometry is 

assumed to have a fixed height of 550 nm. The photonic modes can be classified as TE-

like and TM-like modes because of the mirror symmetry about the z plane. The photonic 

bands and the corresponding Bloch mode profiles are shown in Figure 5.1(b-c). The Hz 
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TM1 TM2 TM3 TM4 TM5

Г
X

M

(a) (b)

(c)



73 

 

field is plotted for TE-like modes, and the Ez field is plotted for TM-like modes. The TE2, 

TE4, TM1, and TM5 are doubly degenerate modes, as can be verified from the band 

diagrams. These mode profiles have an odd parity with respect to C2. The nondegenerate 

modes are all even with respect to C2 and they all lie below the diffraction limit 𝑐/𝑛𝑎, 

where  𝑐 , 𝑛  and 𝑎  are the speed of light, the refractive index of air, and lattice size, 

respectively. Therefore they are all symmetry protected BIC modes. The Bloch modes of 

the freeform structures largely follow the Mie type profile; however, they are distorted 

and deformed with a lot of local features that do not exist in simple Mie resonances. 

These local features are the key to control the multiple BIC modes since they can be 

engineered to fine-tune the BIC frequency.  

5.3 Latent representation of geometries using β-VAE 

A VAE structure as shown in Figure 5.2 is designed to manage the freeform structures with 

C4v symmetry. In the VAE, the input 𝐱 is passed through the encoder q(𝐳|𝐱), the latent 

vector layer 𝐳and the decoder p(𝐱|𝐳) sequentially to output a probability distribution 𝐱’ 

as close to 𝐱 as possible. The latent vector 𝐳 has a much lower dimension than the input 𝐱. 

As the input passes through such a bottleneck layer, the data is compressed and the 

network is forced to learn an efficient representation of the input while keeping as much 

information as possible. Data in a much higher dimension can be represented by a low 

dimension vector faithfully after training. In our case, the input is 64 by 64-pixel binary 
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images with 1 representing material and 0 representing void. The latent vector 𝐳 is an 

array with the form [𝑧1, 𝑧2, … . . 𝑧10]. 

 

Figure 5.2: (a) The β-VAE structure used for geometry management. (b) The training loss 

for β-VAE. (c) Examples of the β-VAE generated geometries. 

We use the β-VAE [153, 154] structure with a loss function of the following form:  

 ℒ = −𝔼q(𝐳|𝐱)[log p(𝐱|𝐳)] + βDKL[q(𝐳|𝐱)||p(𝐳)] (5.1) 

The first term is the reconstruction loss, which forces the decoder to represent the input 

as closely as possible. The second term is the Kullback-Leibler (KL) divergence between 

the prior distribution p(𝐳)  and the encoder distribution  q(𝐳|𝐱) . It is a regularization 

term that forces the latent representation to assume the same normal distribution as the 

prior  p(𝐳) , whichis a standard normal distribution  N(𝟎, 𝐈) . The resultant latent 

(b) (c)

x'

zq(z|x) p(x|z)
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representation is centered and closely packed in the latent space, and most importantly, 

continuous and interpolable. The β factor imposes extra weight on the KL divergence, 

thus increase the regularization power. Previous reports show an increase in the β factor 

can promote the disentanglement of the latent representation [154], allowing them to be 

more interpretable. In this work, we choose a β value of 3. The β-VAE can not only 

reproduce the training data but also create new data with the same distribution as the 

training data. As the high dimension data is collapsed to a lower dimension, a lot of the 

high dimension features and minor details are filtered out, so the output geometry is 

naturally smooth with less ultrafine structures such as sharp corners and small islands. 

Moreover, the latent representation has similar dimensions with our optical response, 

which makes it easier to link to the optical response by DNN.  

20, 000 randomly generated geometries with C4V symmetry are used to train the β-VAE. 

The training geometries are generated by applying symmetry operations to random 

polygons. The training loss of the β-VAE in Figure 5.2(b) shows good convergence, which 

is an advantage over GAN. Randomly generated latent vectors are used to test the output 

of the β-VAE after the training. Some examples of the output are shown in Figure 5.3(c). 

The VAE can produce a wide variety of geometrical shapes with different topologies while 

maintaining perfect C4V symmetry. These geometries are obtained without any additional 

filtering, but the profile is smooth without any noise. Since the latent representation is 
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continuous, a perturbation in the Δ𝐳 results in a perturbation Δ𝐱’ and the continuous 

change of 𝐳 vector results in the continuous change of the output geometry. 

The VAE becomes an independent geometry handling network after training and we can 

interact with freeform geometries by modifying the latent vector. This is used to study 

how the continuous deformation of such freeform structures will influence the photonic 

band structures.  

 

Figure 5.3: (a) The shapes of geometries 8 and 12. (b) The shift of TE-like and TM-like Band 

at Г point as the latent vector is varied continuously. (c) The Hz field of TE-like modes for 

geometry 12; the inversed bands are grouped by dashed green boxes. 
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We generate a random initial geometry and then vary one component of the latent vector 

z3 continuously with a step of 0.02. A total number of 20 geometries are generated and 

geometries 8 and 12 are compared in detail. Geometry 8 is the same as the one depicted 

in Figure 5.1 and geometry 12 is a slightly deformed version. Their shapes are shown in 

Figure 5.3(a). The calculated band diagram at Г point is shown in Figure 5.3(b). The band 

frequencies shift smoothly as the geometrical shapes change. An interesting 

phenomenon is the band crossing during this process. Comparing with the TE Bloch mode 

profiles in Figure 5.1, we find the TE2 and TE3 bands are swapped. Between these two 

shapes, there is an intermediate shape (geometry 10) where these two bands cross and 

form an “accidental degeneracy”. The TE2 is a nondegenerate mode with even parity and 

TE3 is a doubly degenerate mode with odd parity. Previous studies show that a Dirac cone 

with linear dispersion [155, 156] appears when these bands meet. Such a Dirac cone 

dispersion plays a vital role in zero-index materials [157, 158] and topological photonics 

[159], which could be another application for these freeform structures.  

The reason for this band crossing can be understood from the Bloch mode profiles. In 

Figure 5.3(c), the field of TE2 is mostly localized at the center of the heart-shaped structure 

so it is less sensitive as the heart shape deforms. While TE3 is more susceptible to such 

changes because a considerable amount of field intensity is located at the site of 

deformation. Since the amount of the frequency shift is proportional to the field 

concentration in the perturbation area [160], the TE2 band remains largely unchanged 
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while the TE3 band shifts more drastically, giving cause to the band crossing. In this 

geometry, TE1, TE2, and TE5 are symmetry protected BICs. The shifting and crossing of the 

bands give us a lot of possible combinations of BIC to engineer. Since these shapes are 

controlled by a latent vector with 10 dimensions, there are 10 dimensions to fine-tune 

the geometry, which gives us a large abundance of BIC combinations. 

 

Figure 5.4: (a) The shift of TE-like and TM-like bands at Г point as the scaling factor is 

varied. The inset shows the geometry considered. (b) The Ez field of TM-like modes for 

geometry with a scaling factor of 0.8, the inversed bands are grouped by dashed green 

boxes. 
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Another way to modify the band frequencies is by scaling the geometries. The geometry 

in Figure 5.1 is scaled by a factor of 0.5 to 1.2. The band frequencies at Г point is shown 

in Figure 5.4(a) and the Bloch mode profiles of Ez field are shown in Figure 5.4(b). It is easy 

to verify that TM2, TM3, and TM5 are all symmetry protected BICs. Comparing the band 

order to that of Figure 5.1, we notice very drastic band crossing for TM polarization. Two 

sets of band crossing (TM2, TM3) and (TM4, TM5) are observed when the scaling factor is 

varied from 1 to 0.8. TM4 has odd parity and TM5 has even party and both TM2 and TM3 

have even parity. The crossing of TM4 and TM5 will result in a Dirac like dispersion while 

the crossing of TM2 and TM3 will result in a double quadratic dispersion [155]. These 

results show great potential for the band engineering for metasurfaces.  

5.4 On-demand multiple BIC design 

The continuous deformation and scaling of the geometries provide us with a large number 

of possible BICs. So far we interact with the latent vector directly to generate geometries 

and study their performances. To achieve the on-demand design of multiple BICs, a 

property readout network is necessary to link the latent representation of geometries to 

their photonic properties. The whole DNN structure is shown in Figure 5.5(a). The 

property readout network, consisting of two convolutional neural networks (CNN), is 

connected to the geometry handling network (β-VAE) by the latent vector 𝐳. The photonic 

property is represented by a vector 𝐛. The information flow during training is shown in 

Figure 5.5(b). In process 1, the geometry management network is trained first to realize 
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mapping between the input geometry 𝐱, latent space 𝐳, and output geometry 𝐱’. With this 

mapping established, we can specify a latent vector 𝐳  and the VAE outputs the 

corresponding geometry 𝐱’ and vice versa. A total number of 20000 points are sampled 

from the latent space and their corresponding geometries are recorded. After that, their 

band frequencies at the Г point are calculated. Then the BIC frequencies are selected by 

removing the degenerate modes. Three lowest BIC frequencies are picked to form the BIC 

vector 𝐛 = [b1, b2, b3]. The 𝐳 - 𝐛 pair are used as training data for the physical property 

management network. In process 2, the latent vector 𝐳 is set as the input and 𝐛 as the 

output to train CNN2. The training ensures the forward mapping from the latent vector 𝐳 

to its corresponding 𝐛 vector. After that, the weights of CNN2 are fixed and the BIC vector 

𝐛 is fed to the CNN1 - 𝐳 - CNN2 network. The weights of CNN1 are updated. This CNN1 - 𝐳 - 

CNN2 structure is similar to the tandem network [161] that is used to solve data 

inconsistency problems. Since the mapping from physical properties 𝐛  to the latent 

vector 𝐳 is not unique, there might be converging problems if CNN1 is trained directly. The 

idea is that the mapping from 𝐳 to 𝐛 is always one to one so CNN2 can converge to one 

possible solution. After that, this single solution is used as the criteria to train CNN1, which 

ensures the convergence. After all the subnetworks are trained, the whole DNN can be 

used for forward or inverse design, as shown in Figure 5.5(c). In the former case, a 

geometry is a feed to the network and the output is the BIC frequencies. In the latter case, 

a target 𝐛 vector is fed to the network and the output is the geometry that produces the 

BIC frequencies. Among the whole generated data set, 18000 sets of 𝐳 - 𝐛 data pairs are 
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used for training, 1000 for testing, and the final 1000 is used for validation. The mean 

squared error (MSE) is used as the loss function for training both CNN1 and CNN2. The 

training and testing loss is shown in Figure 5.6. It can be seen that the training and testing 

loss converges after 200 epochs of training for both CNN1 and CNN2.  

 

Figure 5.5: (a) The DNN structure studied in this work. (b) The information flow during 

training, where 1 is the training of β-VAE; 2 is the training of CNN2, and 3 is the training of 

CNN1. (c) The information flow for forward and inverse design. 
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Figure 5.6: The training and testing loss for (a) CNN2 and (b) CNN1. 

We use both the validation data set and randomly generated data to test the performance 

of the DNN. In Figure 5.7(a), the 1000 sets of reserved validation data are fed to the CNN1 

- 𝐳 - CNN2 network and the output is compared to the input value. In Figure 5.7(b), we 

generate 1000 random 𝐛 vectors to test the output of the network. In both figures, the x-

axis is the target value and the y-axis is the output of the CNN2 network. The green band 

is defined by 𝑦 = 𝑥 ± 15  nm. We can see strong linear correlations are observed 

between the target value and the network output, with 99% of the points lying within the 

band of 𝑦 = 𝑥 ± 15 nm, indicating good design accuracy. 

(a) (b)
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Figure 5.7: (a) The correlation between target BIC wavelengths in the validation data set 

and the output of the DNN; (b) The correlation between randomly generated target BIC 

wavelengths and the output of the DNN; the x-axis is the target value and the y-axis is the 

DNN value in both (a) and (b). 

Next, we show a few specific examples of using the DNN for the inverse design of multiple 

BICs. Three sets of random 𝐛  vector are generated and fed to the DNN through the 

inverse design pathway. The obtained geometry is simulated to determine its BIC 

wavelengths. We compare the target value, the value inferred by DNN and the value 

obtained by simulation of the output geometries in Figure 5.8. We can see they agree 

very well. The insets show the output geometry. Figure 5.8(b) shows the corresponding 
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mode profiles at the BIC points. It can be verified they have an even parity with respect 

to the C2 transformation.  

 

Figure 5.8: Demonstration of the DNN inverse design function. (a) The comparison of the 

random target BIC wavelengths, DNN output, and numerical simulation. The inset shows 

the output geometry of the DNN. (b) The Hz and Ez field profile for the TE and TM BIC 

wavelengths. 

In Figure 5.9, we show the band diagrams and Q factors of the designed structures. The 

green arrows indicate the BIC frequencies, which are all nondegenerate, as can be verified 

by the mode profile. Figure 5.9(d) shows the Q factors for design 1 at various incident 

angles. The Q factors increase exponentially as the incident angle approaches 0°, which 
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corresponds to the Г point. This drastic increase of Q factor, together with the mode 

profiles and band diagram, proves they are indeed symmetry protected BIC states at the 

Г point.  

 

Figure 5.9: The band diagrams and Q factors of the designed BIC states. (a) Band diagram 

for design 1. (b) The band diagram for design 2. (c) The band diagram for design 3. The 

green arrows in (a-c) indicate the target BIC frequencies. (d) The Q factor as a function of 

the incident angle for design 1. 

 

Г

Г

Г(a)

(b)

(c)

(d)

TE

TM



86 

 

5.5 Conclusions 

We demonstrate a DNN structure that can design multiple symmetry-protected BIC states 

by using freeform structures with predefined symmetry. The geometries are represented 

by latent vectors, which can then be mapped to the photonic property by a property 

readout network. We demonstrate the on-demand design of three arbitrary BIC 

frequencies. We also analyze the nature of complicated band inverse and accidental 

degeneracy when such freeform structures are tuned and scaled continuously, which 

shows the potential for further discoveries and applications in areas such as topological 

photonics.   
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Chapter 6 Conclusions and future works 

The optimization of geometry and topology is a central topic of nanophotonic research. 

In this dissertation, we explored some possibilities of topological tuning from the 

following aspects:  

In chapter 2, we explore the unique phenomenon of the bilayer and multilayer 

Pancharatnam-Berry phase elements and discover a phenomenon similar to the Moiré 

effect. Based on the theoretical results, we propose a metalens architecture that focuses 

the incoming circularly polarized light into two focal spots with controllable intensity ratio 

and focal length. This is the first study of multilayer P-B phase elements for metalens 

applications and the architecture could be used for other metalens applications, such as 

achromatic metalenses. 

In chapter 3, a reflective metalens integrated with DBR is studied with the focus on 

fabrication errors. The integration with DBR increases the reflectivity, and therefore 

better focusing performance is achieved. We show the interactions of Mie type and Fabry-

Pérot type resonances arising from the shape imperfection have a profound effect on the 

performance of the metalenses. The results can be a guide to analyzing and compensating 

the fabrication errors, which is vital for large scale production and commercialization of 

metalenses. 
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In chapter 4, we demonstrate the CNN as a powerful tool in the design of complex 

plasmonic metasurfaces. A few practical challenges, such as the data inconsistency and 

the use of batch normalization layers, are solved for higher design accuracies. The trained 

CNN can achieve a design accuracy of ± 8 nm, and distinguish between the critical and 

less critical parameters. The DNN architecture and optimization methods lay the 

foundation for a wide variety of other inverse design problems. 

In chapter 5, we demonstrate a network structure that can handle arbitrary, freeform 

structures with predefined symmetry. It is a new method to exploit the untapped 

potential of freeform photonic structures. Multiple BIC states can be engineered by such 

freeform geometries for applications such as multi-wavelength sensing. The high design 

accuracy we achieved demonstrates that machine learning is a promising technology to 

achieve the on-demand, smart inverse design of complicated nanophotonic devices. 

In exploring the tuning of geometries, we make meaningful strides in both dielectric and 

plasmonic nano-devices. For the metalenses, future topics could include using the bifocal 

metalenses and reflective metalenses to design systems for phase-contrast imaging. The 

plasmonic structure can be used for the multi-wavelength sensing of organic molecules. 

The ultra-high Q factors of the BIC states can be leveraged to achieve semiconductor 

lasers and sensors.  
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