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Structural colors based on metasurfaces have very promising applications in areas such as optical image encryption
and color printing. Herein, we propose a deep learning-enabled reverse design of polarization-selective structural color
based on coding metasurface. In this study, the long short-term memory (LSTM) neural network is presented to enable
the forward and inverse mapping between coding metasurface structure and corresponding color. The results show that
the method can achieve 98% accuracy for the forward prediction of color and 93% accuracy for the inverse design of the
structure. Moreover, a cascaded architecture is adopted to train the inverse neural network model, which can solve the non-
uniqueness problem of the polarization-selective color reverse design. This study provides a new path for the application

and development of structural colors.
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1. Introduction

Metasurfaces are artificial structures made of peri-
odic or non-periodic arrangements of sub-wavelength-sized
cells, which possess very excellent optical field modulation
properties.!!?] The structural units of conventional metasur-

[561 nanorods, "8 split

face are usually cylinders,>* bores,
rings,>!% etc. In 2014, Tiejun Cui’s team first proposed
the novel concept of “coding metasurface”,l'!! which re-
quires fewer cells to be designed than conventional metasur-
face but is more flexible in electromagnetic wave modula-
tion. In recent years, metasurface has been widely used in the
field of structural color design.['>~!131 Structural colors based
on metasurface can be divided into two parts, polarization-
independent structural colors and polarization-selective struc-
tural colors. Polarization-independent metasurface structural
colors are mainly used in the field of high-precision image
display,!'®!7! and polarization-selective metasurface structural
colors are mainly used in the field of realizing optical encryp-
tion of images or anti-counterfeiting. [!8-1%]

Mostly, the metasurface structural colors are designed
by the full electromagnetic simulation, such as finite element
method (FEM) 20211 or finite difference time domain method
(FDTD).[?>23] The metasurface structural color that presents
a particular target color can be obtained by changing the ge-

ometry or structural size of its micro and nano elements.!!7->4]
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This inevitably leads to a huge amount of time and compu-
tational power required for the design of complex nanostruc-
tures. Therefore, the design of metasurface structural colors
based on such methods is limited in practical applications.

In recent years, the application of deep learning
in micro—nano photonics has attracted much attention.
Deep learning methods can realize forward prediction of

optical response!>—27]

or inverse design of micro—nano
structures!?$3% in a very short time. Particularly, in 2019, re-
current neural networks (RNN), which is one of the branches
of deep learning, was used to realize the inverse design of
structural color by accomplishing the prediction of absorption
spectra generated by random silver micro-nano structures. ]
However, it can only cover a small range of color regions. In
2022, as a superior form of RNN, long short term memory
(LSTM) neural network was used to achieve the inverse de-
sign of structural color based on Si metasurface structure.3?!
The structure can achieve large coverage of colors, but it re-
quires changing the structural size of the entire metasurface
device. In 2024, Ma Taigao et al. proposed a reverse design
method for multilayer thin-film-based structures called Op-
toGPT, which can achieve an extremely rich optical function-
ality by taking the target spectra as the input and the serialized
physical structure and thickness of the materials as the out-

put. However, the variety of materials required and the uncer-
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tainty in the thickness of each material will lead to a consid-
erable engineering cost in the actual production application of
the structure’s color at considerable engineering cost in practi-
cal production applications. 33! Therefore, fast design of struc-
tural colors based on deep learning to achieve a large range of
color coverage is still a worthy research problem.

In this paper, a polarization-selective coding metasurface
structural color inverse design by combining deep learning and
coding metasurface based on LSTM networks is proposed and
investigated. The metasurface structural colors designed can
cover mostly regions of the standard color space (sSRGB) in
the CIE 1931 chromaticity diagram without increasing the size
and complexity of the device structure. In addition, by refer-
ring to feedback mechanisms in supervised learning, a cas-
caded architecture is adopted to train the inverse neural net-
work model, which can solve the non-uniqueness problem in
reverse design. This inverse design method can design the en-
coding parameters of the polarization-selective coding meta-
surface corresponding to tens of thousands of target colors in
10 s with 93% accuracy. Lastly, the optical encryption of color
images with certain text information is realized, based on the
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reverse design model.

2. Structure and design
2.1. Structure and dataset

Figure 1(a) shows a schematic structure of the coding
metasurface. The schematic contains four identical 10 x 10
coding units, demonstrating the polarization-selective proper-
ties of the same coding unit that will produce different colors
of reflected light at different polarization angles of incidence
of white light. The bottom layer of each coding unit is Ag,
the middle layer is SiO; and the top layer is the coding meta-
surface structure. The single 0/1 coding structure consists of
Ag-Si3Ny composite columns. The presence of a compos-
ite structure indicates a “1”, while the vacancy indicates a
“0”. The length and width of the Ag—Si3N4 composite column
are Iy = 30 nm and /, = 30 nm, and the height #; = 200 nm
and hy = 40 nm; the thickness of the SiO, and Ag layers are
h3 = 50 nm and h4 = 120 nm, respectively, and the period of
the coding structure is p = 300 nm. The refractive index data
of the materials used are obtained from Palik. 34

hy
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Fig. 1. (a) Schematic diagram of the polarization-selective coding metasurface and the structure of the coding cell. (b)—(c) The coverage of the
12000 coding structures of this polarization-selective coding metasurface in the two orthogonal polarization directions for the colors presented
on the CIE 1931 chromaticity diagram, (b) x polarization direction, and (c) y polarization direction.
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The coding metasurface on the top is generated by ran-
dom 0/1 code. The 13200 groups’ reflectance spectra in x and
y polarization directions with different coding forms are ob-
tained by using the FDTD simulation. Among them, 12000
sets of data are used as the learning datasets of the training
network, and the remaining 1200 sets of data are used as the
test data.

where Ings(A) is the spectral power distribution of the D65
illumination standard; T'(1) is the simulated reflectance spec-
trum obtained by FDTD simulation; X(1), ¥(4), and Z(A) are
the standard observer functions defined by the Commission In-
ternationale de L’Eclairage (CIE). Then, the chromaticity co-
ordinates can be calculated from the tristimulus values as!3!

X
Based on the spectral information, the tristimulus values =X 1Y+7’ )
are calculated according to the following equations: (3! _ Y 5)
YT Xyr+z
" / Ipes ()T (A)%(A) dA 0 Since the RGB color space is easier to verify the accuracy
/ Ines (A)F (1) dA of the forward and inverse neural networks compared to the
CIE 1931-XYZ color space. The CIE 1931-XYZ color space
/ Ines (A)T (X)y(A)dA is converted to RGB color space and the results are normal-
Y= T dA J (2)  ized. The linear relationship between XYZ and RGB can be
/ pes (4)3(2) described by the following equation°!
/ Ines (A) T (4)Z(4) dA R 3.2406,—1.5372,-0.4986 \ [ X
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Fig. 2. Multiple sets of polarization-selective coding metasurfaces with the same coding structures presenting reflectance spectra and reflectance colors in the
x and y polarization directions. The reflection spectra and colors of (a) structure 1, (c) structure 2, (e) structure 3, and (g) structure 4 in the x-polarization
direction. The reflection spectra and colors of (b) structure 1, (d) structure 2, (f) structure 3, and (h) structure 4 in the y-polarization direction.
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Selecting 12000 sets of spectral data from the training
network, the coordinates (x, y) are calculated and then all of
them are plotted in the CIE 1931-XYZ chromaticity diagram,
as shown in Figs. 1(b) and 1(c). As shown in the figures, by
random coding, this coding metasurface structural color can
cover the vast majority of the standard color space in both x
and y polarization directions.

While having a relatively wide color coverage, the struc-
tural color also has good polarization dependence. When light
incidents with two different polarization directions (x and y),
the coding metasurface structure can exhibit different colors
in the two polarization directions, as shown in Fig. 2. Fig-
ures 2(a)-2(h) shows the reflectance spectra and colors of sev-
eral randomly selected sets of identical coding metasurfaces in

both x and y polarization directions.

2.2. Forward prediction network

The basic architecture of the forward LSTM network
is built using TensorFlow and Keras. The optimal for-
ward LSTM network contains six hidden layers, as shown
in Fig. 3(a).

LeakyReLU (with an alpha value of 0.1) as an activation func-

Each intermediate layer of this network uses

tion, and the output layer uses a sigmoid activation function
to compress the output to between 0 and 1. The mean square
error (MSE) is chosen as the loss function and the Adam op-

timizer is selected, setting the learning rate to 0.0001. The
input of the forward LSTM network is the 100-bit 0/1 code
of the coding metasurface, and the output is the RGB value
of the structural color with two orthogonal polarization inci-
dent lights. During the training process, 10% of the whole
12000 learning datasets are used as the validation datasets,
and the other data are used as training data to update the
weights on each neuron of the neural network. The batch
size is 32. The iteration period of the model parameters is
1500 (epoch = 1500). Moreover, an early stopping procedure
is added (patience = 200).

©

(©

Fig. 3. (a) Schematic diagram of the forward prediction LSTM network for
predicting the color values in the two orthogonal polarization directions from
the corresponding coding sequences on the coding metasurface. (b) Colors
calculated by EM simulation for 25 coding structures in x-polarization direc-
tion. (c) Colors predicted by the forward prediction network for 25 coding
structures in the x-polarization direction. (d) Colors calculated by EM sim-
ulation for 25 coding structures in the y-polarization direction. (e) Colors
predicted by forward prediction network for 25 coding structures in the y-
polarization direction.
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Fig. 4. (a) Training set and validation set loss curves of the forward network. (b) The enlarged loss curves of the training and validation set loss curves of the
forward network. (c) The color difference between the predicted color and the true color in the 0° polarization direction AE. (d) The distribution statistics of
the color difference AE between the predicted color and the target color for the 0° polarization direction. (e) The color difference between the predicted color
and the true color for the 90° polarization direction AE. (f) The distribution statistics of the color difference between the predicted color and the target color

in 90° polarization direction AE.

The training results show that the magnitude of the nor-
malized mean square error (NMSE) of the model in the train-
ing set is 10~%, and the model loss curves can be seen in
Figs. 4(a) and 4(b). Figures 3(b)-3(e) show the difference be-
tween the colors predicted by the LSTM network and those
calculated by the FDTD simulation in the x and y polarization
directions. All 25 colors are randomly selected from 1200 test

datasets that did not participate in training. As can be seen, the

difference between the two methods is so small that it cannot
be distinguished by the naked eye. To further illustrate this
point, we further calculated the color difference between the
output colors and the target colors of the 1200 sets of data that
did not participate in the training of the model via the forward

network AE, with the following formula: 37!

2

AE = \/(Lpre - Llrue)2 + (apre - atrue) + (bpre - btrue)27 @)
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where Lyre, @pre, and byre are the predicted values of the for-
ward network; Liye, e, and by are the target values in the
test set. The values and distributions of the color difference AE
are shown in Figs. 4(c)—4(f). The result shows that the propor-
tion of AE < 2 in the color difference AE between the colors
predicted by the model and the target colors in the 0° polar-
ization direction and 90° polarization direction is about 98%
on average, and the average color difference AE = 0.797591.
Generally speaking, when AE<2 it is difficult for the human
eye to distinguish the difference between colors.*’-38] This in-
dicates that the prediction accuracy of this forward prediction

network is about 98%.

2.3. Reverse design network

The inverse LSTM network is the core part of the in-
verse design. It should be clear that there are cases in the
dataset where different coding sequences correspond to the
same color. In this case, the correspondence of the data is
expressed as many-to-one in the forward network and as one-
to-many in the inverse network. This will produce the problem
of non-uniqueness of the output value of the inverse network,
and lead to the adjustment direction of the inverse network pa-
rameter values can not be determined, which makes the model

Generator

v,

s

B«
>
e

A,
Zs

\) 1
3 i VA
P {
AN )
), i
()

can not converge normally.

In order to solve the problem of the non-uniqueness of
the output values of the inverse network and the inability of
the model to converge normally, we construct a cascade net-
work with reference to the feedback mechanism of supervised
learning. The cascade network takes the inverse network as the
generator and the forward network as the discriminator. Dur-
ing the training process, the parameters of the inverse network
are set to be trainable, while the parameters of the forward
network are locked to achieve the purpose of supervising the
training of the inverse network with the forward network.

At this point, after the RGB values of the target colors
(R1, G1, BI1, R2, G2, B2) are input to the inverse network
during the training process, the inverse network outputs a cod-
ing metasurface structure expressed as a sequence of 0/1. This
coding metasurface structure (0/1 sequence) is input to the for-
ward network, and the RGB values of the corresponding colors
(R1, G1’, Bl/, R2/, G2/, B2') are computed by the forward
network. Meanwhile, the coding metasurface structure (0/1
sequence) is recorded. The mean square error between (R1,
Gl1, B1, R2, G2, B2) and (R1’, G1’, B1’, R2/, G2/, B2) is
computed and recorded.

Predictor

Output
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Fig. 5. (a) Schematic diagram of the cascade LSTM network. (b) Training set and validation set loss curves for the cascade network. (c) Training
set and validation set loss curves of the directly trained inverse network. (d) The color difference between the predicted color and the true color for
the 0° polarization direction AE. (e) The distribution statistics of the color difference AE between the predicted color and the target color for the 0°
polarization direction. (f) The color difference between the predicted color and the true color for the 90° polarization direction AE. (g) The distribution
statistics of the color difference AE between the predicted color and the target color in 90° polarization direction.
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Train the network again, a new mean square error will be
obtained. If the new mean square error is decreased, the cod-
ing metasurface structure (0/1 sequence) record is refreshed
with the new one. Then the network will continue to be trained
again. If the mean square error is no longer decreasing in many
subsequent (patient value times) training sessions, the network
will stop training. The latest coding metasurface structure (0/1
sequence) is the designed structure. Through this process, the
inverse network can obtain a coding metasurface structure (0/1
sequence) for a target color, thus solving the problem of non-
uniqueness of the output values and the inability to converge
when directly training the inverse network. This process and
the cascade network can be seen in Fig. 5(a).

In this cascade network, the generator contains 8 hidden
layers, where each intermediate layer uses LeakyReLU (with
an alpha value of 0.1) as an activation function and the out-
put layer uses a sigmoid activation function. The mean square
error (MSE) is chosen as the loss function, the Adam opti-
mizer is selected and the learning rate is set to 0.0001. 10% of
the whole 12000 training dataset is used as validation dataset
and other data are used as training data. The batch size is

32. the model is preset to have an iteration period of 2000
(epoch =2000). In addition, an early stopping procedure (pa-
tience = 100) is added. The results are shown in Fig. 5(b),
where the loss value of the model in the training set is of the
magnitude of 1073, As a comparison, the loss curves when
the inverse network is trained directly are shown in Fig. 5(c),
where the model consistently has large loss values and fails to
converge. To further evaluate the generalization performance
of the model, we input 1200 sets of data that are not involved
in the model training into the model and analyze the color dif-
ference of its output colors. As shown in Figs. 5(d)-5(g), the
output shows no more than 7% color difference AE > 2 in
both polarization directions, with an average color difference
AE = 1.003865. Thus, with reference to the excellent per-
formance of the forward network, the accuracy of the inverse
network trained by this cascade structure can be determined to
be about 93%.”

Figure 6 illustrates the inverse network training method
used to coding metasurface polarization-selective structural
colors and the validation process of the inverse network de-
sign results.

Back propagation|4

FDTD E=25 | Generator Predictor R=25

10010--- 01010 = 10101 --- 01011 G =198

0010 simulation {G =198 network network o
1 B =226 3 -

6

R=255
G =200

B=226

FDTD
verification

ot

Fig. 6. The inverse network training method used to coding metasurface polarization-selective structural colors and the validation process of

the inverse network design results.

The 1 — 2 — 3 — 4 is the training method of the in-
verse network. Firstly, the reflection spectrum of a particular
coding metasurface under white light irradiation at a particu-
lar polarization angle is calculated by the FDTD method, and
the calculation result is converted into the RGB values of the
corresponding colors (the RGB values of a particular struc-
ture in Fig. 6 are R = 255, G = 198, and B = 226); then, the
RGB values are inputted into the inverse network to generate a
coding sequence of the desired coding metasurface; next, this
coding sequence is fed into a parameter-locked high-precision
discriminator network to predict the color; finally, the output
data of the discriminator network is compared with the input
data of the generator by a back-propagation algorithm and the
difference between the two data is minimized. The final out-
put RGB values are R = 255, G = 198, B = 225, and the error
between the two sets of RGB values is almost negligible.

The 1 — 2 — 5 — 6 is the verification process of the result
of reverse network design. The operation process and purpose
of 1 and 2 are the same as that of training the inverse net-
work. 5 calculates the coding sequence output from the gener-
ator network through the FDTD method to obtain the reflected
light spectrum and color values (R = 255, G = 200, B = 226);
and 6 compares the colors presented by the reverse-designed
coding metasurface with the actual target colors. The color
difference between the two colors is so small that it is almost
impossible to observe the color difference with the naked eye.

It is noteworthy that the coding sequences used for the
FDTD simulation are completely different from the coding se-
quences input from the forward network to the reverse net-
work, but the structure colors they can present are almost
the same. This phenomenon proves the existence of the case
where different structures in the dataset correspond to the same
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color and also proves that the solution proposed in this paper
for the problem of non-uniqueness of the model output values
and the difficulty of convergence of the model caused by this
problem is a practical approach.

Finally, an image with some text information is encrypted
by using the inverse prediction network in the paper, as shown
in Fig. 7.

In the first place, the RGB values of all pixel points on
the image are extracted. Then these values are recorded into a
dataset as the target color in the x-polarization direction. The
datasets are set as the inputs of the inverse prediction neu-
ral network. Next, the RGB values of the dataset in the y-
polarization direction are randomly taken to other specific val-
ues in SRGB as much as possible, to encrypt the specific in-
formation contained in the image. Following this, the dataset
is input into the inverse network. A coding sequence satis-
fying the target RGB values in both the x and y directions is
obtained. After the inverse network generates corresponding
coding sequences based on the target color, these coding se-
quences are sequentially input to the high-precision forward
prediction neural network for prediction.

The target image and the predicted images in the two or-
thogonal polarization directions are shown in Figs. 7(a)-7(c).
The inverse neural network shows excellent performance in
coding metasurface structural color design with high accuracy,
not only presenting the desired image information completely
in a specific polarization direction but also hiding the picture
information almost completely in the other polarization direc-

tion.

(@ (b) (c)

Fig. 7. (a) The target image with specific information. (b) The predicted image
is presented in the x-polarization direction after the image passes through the
cascade network. (c) The predicted image is presented in the y-polarization
direction after the image passes through the cascade network.

3. Conclusion

In this paper, the inverse design of the polarization-
selective coding metasurface structural color has been pro-
posed and studied based on LSTM networks. The result shows
that both forward prediction network and inverse prediction
network based on LSTM network have good prediction per-

formance and can realize optical encryption of images. In ad-

dition, the feedback mechanism of supervised learning is also
introduced in the training of the inverse network, and the prob-
lem of non-uniqueness and the inability to converge properly,
which exists when the inverse network is trained directly, is
solved by constructing a cascade network. This work will pro-
mote the development of polarization-selective coding meta-
surface structural color inverse design based on LSTM net-
works and provide a new idea for practical applications such
as optical image encryption and anti-counterfeiting based on
polarization-selective coding metasurface structural color.
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