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Abstract 
 

In this study, we have developed a novel three-layer cylindrical periodic structure utilizing metamaterials, combining a 
periodic cylindrical arrangement with a Metal-Insulator-Metal (MIM) three-layer configuration. The finite difference time 
domain method is used to calculate the reflection curve of the structure, and then the color coordinates of the structure 
under the D65 light source are calculated. We obtain the relationship between the color presented by the structure and the 
variation of structural size parameters. Then the random forest algorithm is used for machine learning, and a more accurate 
learning model is obtained. The coefficient of determination R2 is above 0.98. This result ensures that the random forest 
algorithm can be used in the calculation of superstructure. The article presents a novel light filter design with tunable color 
properties and machine learning framework for accurate color predictions based on structural parameters. 

Keywords: Metamaterials; Selective reflective films; Machine learning; Light filter. 

Received: 22 April 2024; Revised: 03 May 2024; Accepted: 25 May 2024. 

Article type: Research article. 
 

1. Introduction 

Metamaterial is an artificially made material with special 

optical properties, usually composed of multiple tiny 

structures.[1] The size of these tiny structures is much smaller 

than the wavelength of light waves, so they can control the 

propagation direction, speed and polarization state of light 

waves. Metamaterials can be used to manufacture optical 

devices such as mirrors,[2] lenses,[3] and optical fibers,[4] and to 

develop optical sensors,[5] optical communications[6] and 

optical computing.[7] Metamaterials are an interdisciplinary 

field of materials that play an important role in optics,[8] 

physics[9] and engineering.[10] Theoretical research[11,12] and 

experimental verification[13,14] of this microstructure are also 

research hotspots. 

Traditional metamaterials basically use certain metals as 

media to achieve surface plasmon resonance,[15] thereby 

realizing the properties of metamaterials. The manipulation of 

electromagnetic waves by plasmonic structures[16] has been the 

subject of extensive research, with wavelengths ranging from 

microwave[17] and terahertz radiation[18] to infrared[19] and 

visible light.[20] Plasmonic structures have tightly controlled 

sizes and geometries, allowing the absorption spectrum to be 

tuned by locally controlling the size of the resonant cavity 

which determines the resonant frequency.[21] This technology 

has been used in optics to act as color filters and absorbers in 

transmission,[22] reflection,[23] and phase-critical optical 

components.[24] 

Metamaterial perfect absorber (MPA) is an important 

application of metamaterials in optics. Metamaterial absorbers 

usually consist of a three-layer structure, known as a 

metal/insulator/metal (MIM) structure.[25] The top layer is 

composed of periodically arranged metal nanopatterns, such 

as disk,[26] cross,[27] cube,[28] groove,[29] and triangular pillar.[30] 

The middle layer and the bottom layer are composed of 

insulator layers and metal layers. A three-layer structure with 

gold nanopillars with a period of 340nm as the upper metal 
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layer, SiO2 and Au as the middle layer and the bottom layer 

can achieve selective reflection of visible light.[31] By changing 

the diameter of the gold nanopillars and the thickness of the 

intermediate silica layer, reflection and transmission of visible 

light in different wavelength bands can be achieved. 

In this study, we fabricated a three-layer periodic pillar 

structure consisting of Au/SiO2/Au layers on a silicon 

substrate to harness plasmonic effects. By changing the 

thickness of the top layer and the middle layer and the 

diameter of the pillar structure, we calculate the reflection 

curve of the plasma in the visible light band under different 

parameters. With the help of color system knowledge, we 

calculate the color coordinates corresponding to each 

reflection curve of plasma under D65 light source. Using 

structural parameters as independent variables and color 

coordinates as dependent variables, machine learning was 

used to establish a prediction model and analyze the accuracy 

of the model and the impact of each structural parameter on 

the results. 

Machine learning is to automatically analyze and obtain 

patterns from data, and use the patterns to predict unknown 

data.[32] We use computers as tools and are committed to 

simulating human learning methods in real-time and dividing 

existing content into knowledge structures to effectively 

improve learning efficiency. Machine learning is a 

multidisciplinary field that plays an important role in 

physics,[33] materials,[34] and engineering. At the same time, 

machine learning can be applied to traditional energy fields[35-

37] and new energy technologies.[38,39] Establishing machine 

learning models can also optimize material properties.[40,41] 

Random Forest (RF) is an algorithm that integrates 

multiple trees through the idea of ensemble learning.[42] It 

performs classification or regression analysis by building 

multiple decision trees and combining their outputs. This 

ensemble learning method can handle high-dimensional data, 

imbalanced data sets, and missing values, and can evaluate the 

importance of features. Due to these characteristics, the 

random forest algorithm has been widely used in various 

aspects such as statistics,[43] materials science,[44] and 

biology.[45] This work uses the random forest algorithm to build 

a machine learning model. Based on the open-source code in 

the literature,[46] make some changes to the parameters of your 

own calculation model. In the prediction study of the machine 

learning model, 80% of the data set was used for training, and 

5-fold cross-validation was used for parameter selection 

during the training process. 

 

2. Modeling 

Figure 1 presents a schematic diagram of the model 

constructed for this study. The model was built and analyzed 

using Lumerical Finite-Difference Time-Domain (FDTD) 

software. The base material is silicon (Si), with a columnar 

structure consisting of gold (Au) layers above and below a 

SiO2 layer. The parameters of each layer are taken from the 

database provided by FDTD. The parameters of Au are taken 

from Johnson and Christy, and the parameters of Si and SiO2 

are taken from Palik. The period of the cylindrical unit is set 

to 500 nm, and the thickness of the underlying gold is 100nm. 

These two parameters remain unchanged. We change the 

thickness of the upper gold layer, the thickness of the middle 

layer silica and the diameter of the cylinder unit, and calculate 

the results under different parameters. The diameter varies 

from 10-500 nm with a increments of 10nm. Three distinct 

upper gold layer thicknesses (10 nm, 30 nm, and 50 nm) were 

selected for the thickness of the upper gold layer, and two 

parameters of 30 and 50nm were selected for the thickness of 

the silicon dioxide in the middle layer. 

The FDTD method, a prevalent technique for 

electromagnetic field calculations,[ 47]  was employed in this 

study. Fig. 2 depicts the model establishment and calculation 

domain setting in FDTD. The orange box area is the 

calculation domain. The dimension of the computational 

domain is 3D, and the simulation time is 5000 fs, and the 

simulation temperature is 300K. The blank area in the 

calculation domain is the background material and is set to 

object defined dielectric. The index of the background 

material is set to 1, and this means the model is in an air 

environment. An auto non-uniform mesh with the highest

 
Fig. 1 Schematic diagram of the multi-layer model in this study. 
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Fig. 2 Model establishment and calculation environment settings. 

 

attainable accuracy level of 8 was implemented, which is the 

highest accuracy that can be set in FDTD. The min mesh step 

is 0.25 nm and the stability factor of the time step is 0.99. The 

boundary conditions in the x and y directions of the 

computational domain are periodic, which means that the 

model is a periodic arrangement of the units in the xy plane in 

the figure. The boundary condition in the z direction of the 

computational domain is a perfectly matched layer, which 

means that there are relatively infinitely thick air and silicon 

above and below the model, respectively. 

The light source in this setup is represented by a gray 

square with an arrow, emitting a plane wave characterized by 

a Bloch/periodic boundary condition. The light source is a 

plane wave with a wavelength range of 400-800 nm. Next is 

the setup of the monitors. The yellow box represents the 

frequency-domain field and power monitor. The monitor is set 

to measure the field intensity at 400 frequency points within 

the 400-800 nm wavelength range. It can receive visible light 

reflected back by the model and output it in the form of a 

reflected light intensity curve. In addition, time monitors are 

installed at a distance of 10 nm from every interface of the 

model. 

 

3. Result and discussion 

According to the knowledge of the color system, the color 

perceived by the human eye depends on the light source and 

the object. As shown in Fig. 3, the principle of how we observe 

objects is that the light emitted by the light source is reflected 

by the surface of the object and then enters the human eye. 

Here e is the spectral distribution of the environment, r is the 

reflection coefficient of the object surface, and l is the light 

radiation received by the human eye. It can be seen that when 

we know the spectral distribution of the light source and the 

reflection curve of the surface of the object being observed, 

we can obtain the color stimulation function, that is, the light 

energy that enters the human eye to produce color perception. 

Color indicators include the well-known GRB system, as well 

as Lab, XYZ color system, etc. Here we use the 1931CIE-

XYZ system to digitize the reflection curve obtained. The light 

source uses D65 light source, which is artificial daylight with 

a color temperature of 6500K, similar to natural daylight.  

Color coordinates XYZ are calculated using the following

 
Fig. 3 Principle of object color rendering. 
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formulae, X = K ∫ 𝑒(λ) x̅(λ)𝑟(λ)d(λ) , Y =
K ∫ 𝑒(λ) y̅(λ)𝑟(λ)d(λ) , Z = K ∫ 𝑒(λ) z̅(λ)𝑟(λ)d(λ) . K in the 

formula is calculated by the following formula, K =
100

∫ S(λ)y̅(λ)d(λ)
. e(λ) is the relative spectral power distribution of 

CIE standard light source D65. x̅(λ)， y̅(λ)  and z̅(λ)  are 

Standard observer tristimulus curve. r (λ)  is calculated 

reflectivity of the object at each wavelength. When calculating, 

the wavelength step d(λ) is taken to be 10nm. By getting the 

color coordinates XYZ of the reflected light of the object 

under the D65 light source, you can know the color of the 

object. 

Figure 4a shows the reflection curves of periodic column 

structures with varying diameters when other size parameters 

(thickness of upper and middle layer) are held consistent. The 

period is 500 nm, and the thickness of the upper and middle 

layers is 30 and 20 nm. The diameter selection range is 50-500 

nm, and the step size is 50 nm. It can be seen that as the 

diameter increases, the overall reflection curve first decreases 

and then increases. In the middle, along with the generation of 

wave crests and troughs, the wave crest height increases with 

the increase in diameter. When the diameter is 50 nm, the 

reflection curve response is basically equivalent to the 

reflection of visible light by the silicon substrate. As the 

diameter of the cylinder on the silicon substrate increases, the 

area of blocked silicon also increases. However, the small-

diameter cylindrical structure cannot yet affect the visible light 

band. Therefore, in the early stage of diameter increase, the 

reflection curve will first show a downward trend. Then when 

the diameter increases to a certain value, the structure affects 

the visible light band, increasing its reflection. This behavior 

could be due to interplay between increased absorption and 

resonance effect where with increase in diameter the area of 

block silicon substrate increases and results in decrease in 

reflection of light across all spectrums observed. But once 

structure reaches a certain value it resonates with specific 

wavelength of visible light and results in increase in reflection 

of wavelength.  

Figure 4b shows the theoretical colors corresponding to the 

ten diameter parameters in a. The color coordinates XYZ 

corresponding to the reflection curve are obtained through the 

formula, and the corresponding color is obtained on the color 

selection website Colorhexa. It can be found that small change 

in the diameter of the cylinder increases can significantly 

change in color of light, the color of the structure gradually 

becomes brighter from the gray-black color of the silicon 

substrate itself at the beginning. Fig. 4c shows the distribution 

of theoretical colors corresponding to ten diameter models in 

the 1931cie-xy chromatic diagram. Change the color 

coordinate XYZ to xyY through the following formula，x =
X

X+Y+Z
, y =

Y

X+Y+Z
. The two parameters x and y represent the 

chroma of the color, and Y represents the brightness. 

Subsequent machine learning is also mainly performed on the 

chromatic coordinate (x, y).  

The figures in Fig. 5 illustrate the reflection curves of the 

model with different silicon dioxide layer thicknesses Fig. 5(a) 

and different upper gold layer thicknesses Fig. 5(b) when the 

diameter is 100 nm. It can be observed that as the thickness of 

the two layers increases, the overall height of the reflection 

curve does not change significantly. This indicates that the 

overall reflectance of the light is relatively insensitive to the 

thickness variations of these layers. Comparatively, the 

thickness variations in the upper layers exhibit a smaller 

influence on the reflective properties of the structure. This 

suggests that though the thickness of these layers might 

influence the intensity of specific reflected wavelengths, it has 

a minimal effect on the overall color of the light. Through 

calculation, these two parameters have little impact on the 

color coordinates. Through comparison, it can be seen that the

 
Fig. 4 (a) When the thickness of the upper layer of gold and the thickness of the middle layer of silicon dioxide are 30 and 20nm 

respectively, calculated reflection curves under different diameter conditions. (b) The theoretical color of the object under the D65 

light source under different diameter conditions. (c)The distribution of these ten points on the 1931cie-xy system chromatic diagram. 
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Fig. 5 (a) Reflection curves of models with different silicon dioxide layer thicknesses when the cylinder unit diameter is 100nm. (b) 

Reflection curves of models with different upper gold layer thicknesses when the cylinder unit diameter is 100nm. 

 

main parameter affecting the reflective performance of the 

structure is the radius of the periodic structure, and the 

thickness of the upper two layers has a smaller impact. 

 

4. Machine learning 

To construct the dataset required for machine learning, we 

systematically varied three independent variables: the 

diameter D of the cylindrical unit, the thickness of the upper 

gold layer h1, and the thickness of the middle layer of silicon 

dioxide h2. The variation range of D is 10-500 nm, the value 

of h1 is 10, 30, 50nm, and the value of h2 is 20, 50nm. In 

addition, when the diameter D is 100, 200, 300, and 400nm, 

the value range of h1 and h2 is expanded to 10-100nm (step 

size is 10nm). For the data set of this study, M = {X， Y}, Y is 

the calculated color coordinates corresponding to input 

parameter X (D, h1 and h2). 

Random forests improve overall prediction performance 

by constructing multiple individual decision trees. Each 

decision tree is trained independently by observing features 

and deciding how to separate the data into different categories 

or predict numerical values.The core features of the random 

forest algorithm include: randomness, parallel computing, 

prevention of overfitting, high accuracy and feature 

importance. In today's research, random forests can also be 

combined with classification and regression trees, which have 

demonstrated powerful results in many fields.[48] 

The construction of a machine learning model using the 

random forest algorithm, as depicted in Fig. 6, involves 

several key steps.  

1) Data Resampling: First, the bootstrap resampling method is 

used to randomly generate an n-tree data set from the data set 

M. It is important to create n-copies of original data set to crate 

diverse training environments. 

2) Training and Testing: Subsequently, the data sheet is 

divided further to 80% of each data set is the training set and 

20% is the test set. Following this, n-tree decision trees will be 

grown on the n-tree data set. The training dataset will build the 

decision tree and testing data set will check model 

performance. 

3) Model building: Based on the randomness of the algorithm, 

multiple decision tree are grown by varying diameter and  

 
Fig. 6 Machine learning flow chart. 
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thickness, each decision tree is different, which also ensures 

the integration performance of the final forest.  

4) Model optimization: Finally, Bayesian optimization is 

leveraged to automatically fine-tune the hyper-parameters of 

the model.[49] This ensures model performs at its best.  

To assess the accuracy of out random forest model, this 

study employs four widely accepted statistical criteria to 

evaluate the prediction performance of the model: mean 

absolute error (MAE), mean absolute percentage error 

(MAPE), mean square error (MSE), and coefficient of 

determination (R2). Minimizing MAE, MAPE, and MSE 

indicates a more accurate model, while an R² value 

approaching 1 signifies a stronger correlation between 

predicted and actual values. The calculation formulas used to 

calculate these metrics are shown in Table 1. 

Table 1. Calculation formulas of statistical criteria. 

Evaluation indicators                        Expression 

Mean absolute error (MAE) 

Mean absolute percentage error 

(MAPE) 

Mean square error (MSE) 

Determination coefficient (R2) 

MAE =
1

n
∑ |fi − yi|

n
i=1   

MAPE =
1

n
∑ |

fi−yi

yi
| ×n

i=1

100%  

MSE =
1

n
∑ (fi − yi)

2n
i=1   

R2 = 1 −
∑ (yi−fi)

2n
1

∑ (yi−y̅)2n
1

  

Table 2. Prediction performance of evaluation indicators. 

Models 
Evaluation indicators 

MAE      MAPE(%)   MSE      R2 

x 

 

y 

training 

testing 

training 

testing 

0.0024 

0.006 

0.0015 

0.004 

0.69 

1.79 

0.52 

1.52 

0.000013 

0.000081 

0.0000046 

0.000035 

0.997 

0.981 

0.999 

0.989 

 

The machine learning model was trained to predict two 

color coordinates (x and y) of light filters. The machine 

learning process is performed twice for x and y respectively 

both with training dataset and testing dataset. The coefficient 

of determination R2 was used as statistical metric for 

predicting the accuracy. For the x coordinate, the coefficient 

of determination R2 for the training and test sets are 0.997 and 

0.981 respectively. Similarly, for the y coordinate, the R2 for 

the training and test sets are 0.999 and 0.989. Table 2 shows 

high R2 value > 0.98, indicating that the learning models of the 

two-color coordinates have strong accuracy. This indicates a 

strong correlation between the predicted and actual color 

coordinates, suggests machine learning model performs well 

in predicting the colors of the light. 

Figure 7 visualizes the distribution of each data within the 

model. The horizontal and vertical coordinates are the true 

value and the predicted value of the model respectively. The 

closer the point is to the y = x curve in the graph, the more 

accurate the prediction of the value. This observation is further 

supported by the absolute percentage error (APE) shown in 

Fig. 8. The relative error of most points remains within 5%. 

This further signify good model performance.   

It was also noted from Fig. 7 and 8 that absolute percentage 

error (APE) is centered around 0% error with slight positive 

skew means that model might slightly overestimating the color 

coordinates in few instances. This aligns with the observation 

in Fig. 7 where most points are concentrated in y = x line but 

the cluster seems to be weak at higher true color coordinates 

suggested model might be slightly less accurate at higher color 

coordinates. 

The results presented in Fig. 9 demonstrate that, the 

thickness of two layers among the three selected independent 

variables exerts a negligible influence on the color coordinates 

of the final structure. In contrast, the most important parameter 

is the diameter of the periodic cylindrical element, accounting 

for 92.83% and 94.32% respectively. This finding suggests 

that, when other parameters remain unchanged, altering the 

cylinder diameter can induce a more pronounced shift in the 

final color. 

 
Fig. 7 Prediction results of x and y. 
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Fig. 8 Absolute percentage error of x and y. 

 

5. Other calculations 

For the above model, we also made some other calculations. 

What we calculated above is the reflection of the model in the 

visible light band under smaller size parameters. We found that 

by increasing the size, period and other parameters of the 

model, the model can be controlled in the infrared band. For 

example, when the thickness of the three layers in the model 

is 300nm, the radius is 1200 nm, and the period is 1500 nm, 

the reflection curve is as shown in Fig. 10. There is a lower 

reflectivity at 2400 nm and a reflectivity above 90% from 

2700 to 4000 nm. This shows that this model also has great 

potential in infrared control applications by manipulating 

physical parameters. 

In addition to changing the model size parameters, you can 

also change the shape of the model itself based on the 

cylindrical structure, such as changing the cylindrical shape to 

a ring-cylindrical shape. As shown in the Fig. 11, change the 

model to a ring-cylindrical structure with an inner radius half 

the outer radius. We calculated the reflectivity of the structure 

under different radii and compared it with the cylindrical 

structure under the same parameters, and obtained the curve 

on the right. Under different wavelength bands of visible light, 

compared with the columnar structure, the reflectivity of the 

ring-column structure is enhanced and weakened. 

 
Fig. 9 Results of feature importance, which shows the diameter of the periodic cylindrical element is the most influential parameter. 



Research article                                                                                                                                                                                Engineered Science 

 

8 | Eng. Sci., 2024, 30, 1158                                                                                                                                                   © Engineered Science Publisher LLC 2024 

 
Fig. 10 Control of the infrared band by the structure of large-scale 

parameters. 

 
Fig. 11 Derived structures based on the original structure and 

comparison of reflectance with the original structure. 

 

6. Conclusion 

This study investigates the optical properties of a novel surface 

plasmon structure composed of periodic cylinders coupled 

with a metal-insulator-metal (MIM) three-layer configuration. 

The FDTD method was employed to calculate the reflection 

spectrum of the structure within the visible light band. 

Subsequently, with the help of relevant knowledge of the color 

system, the computed reflection curves were translated into 

corresponding color coordinates under a defined light source. 

By systematically varying specific structural size parameters, 

different colors can be obtained with a wide range of color 

distribution. The comprehensive set of calculated results was 

then compiled into a dataset and utilized for machine learning 

via the random forest algorithm. The resulting model exhibited 

high accuracy, with the cylinder diameter identified as the 

most influential parameter among the three independent 

variables considered. 

This structure presents opportunities for further 

computational investigations. Future studies could explore the 

effects of varying material types and adjusting structural 

parameters. The larger the amount of data calculated, the 

higher the accuracy of machine learning specially at higher 

color wavelengths. Later, a data set for this structure can also 

be established to implement the function of inputting the target 

color and obtaining the corresponding structural parameters. 
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