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Abstract: Dynamic structural color provides an additional time dimension in contrast to the
static one, enriching the information load and functionalities. As a phase change material,
vanadium dioxide offers great opportunities to implement dynamic structural color as its insulator-
metal transition. Nevertheless, the multiple states also place a barrier to the efficient design of
the structure configurations. This work firstly reports the dynamic structural color inverse design
of asymmetric Fabry-Pérot cavity through a parameter-based conditional generative adversarial
networks approach. The proposed structure attains a gamut as large as 117% of sRGB in the
insulator state and can produce a 5% color coverage variation via the phase change of VO2 layer.
By using the trained conditional generative adversarial networks, the inverse design accuracy
with the average color difference ∆E of 0.98 is achieved. A monochromatic pattern is designed
by the trained networks to demonstrate different color dynamics of the various structures.
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1. Introduction

Structural colors arising from optical interference, diffraction, or scattering have gained significant
interest from the research community. Compared with the conventional organic pigment-based
coloration which is potentially toxic and vulnerable to degradation under longstanding illumination
of intense light [1], structural colors have the advantages of high durability, high resolution,
and environmental friendliness [2,3]. These excellent properties give rise to several potential
applications in color printing [4–8], data encryption [9,10], and color filter [11–14]. Taking
advantages of the nano-patterning techniques, such as electron-beam lithography [15] and nano-
imprinting lithography [16–18], a number of structural color prototypes have been successfully
manufactured based on metallic plasmonic resonances [19–21], dielectric Mie-scattering [22–25],
or resonant cavity [26–28]. Normally, once the structure is defined, the presented color cannot be
changed. This static nature of structural colors has significantly limited their application. The
capability of dynamically modulating the color is advantageous to extend the structure color with
the dimension of time and enrich its information capacity and applications [29].

To implement dynamic or tunable structural colors, it is necessary to embed functional materials
into the structure. The change of their optical constants under external stimuli can result in a
resonant wavelength shift after the structure is defined. One approach to induce the color change
is to adjust the optical constant of the material by chemical reactions [29–31] or ion injection
and extraction [32–34]. An alternative method is to employ phase change materials (PCMs)
whose optical constant can be modulated by voltage or temperature [35,36]. Vanadium dioxide
(VO2) is a typical correlated electron material. The Mott transition in VO2 induces a reversible
insulator-metal transition (IMT) within 100 fs at 68°C, which can prominently affect its optical
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and electronic properties [37]. Hence, VO2 is widely used in dynamic spectral modulations, such
as infrared absorbers [38–40], and structural colors [37,41–44].

Typical nanophotonic design is usually carried out by sweeping structure parameters in an
ample design space via numerical simulations to attain a specific structure [45]. Identifying a
satisfactory design requires designers with rich experiences and prior physical knowledge [46].
Additionally, the growth of structure complexity would consume vast computation resources,
which could prohibitively slow down the iteration period [47]. The inclusion of the additional
dimension of the phase state in the phase change material further aggravates the design difficulty
of dynamic structural color. Recently, the applications of deep learning (DL) technology in the
design of nanophotonic structures have experienced significant development. DL is a technique
of machine learning inspired by the neural network of the brain. After applying iterative training
processes, the DL model, comprised of artificial neural networks (ANN), can be optimized to fit a
function [48]. Owing to its design speed and computation efficiency, numerous works have been
reported in which ANNs were utilized to inversely design the structure configurations of different
nanophotonic devices for desired optical responses [49–52]. The tandem network is a commonly
used DL model in the nanophotonic inverse design [45,53]. It circumvents the “one-to-many”
characteristic of most photonics designs by allowing direct comparison in the physical domain.
However, the tandem network still suffers a drawback termed dead zone where some solutions and
solution spaces are unreachable or discarded during the ANN training process [46,54,55]. This
problem is caused by the inherent conflicts between the ANN “one-to-one” mapping nature and
the inverse design “one-to-many” requirement. To fully tackle this “one-to-many” problem, we
recently developed an approach based on conditional generative adversarial networks (cGAN) to
the parameter-based inverse design [56]. By introducing the latent vector and distribution shaping
ability of cGAN, the dead zone trouble is handled, and one optical response can therefore achieve
multiple solutions through cGAN. Furthermore, the design accuracy is improved simultaneously
since the cGAN is able to perform searches in the entire solution space which significantly
increases the probability of finding the optimal solution.

Here we report, for the first time, an inverse design of reflective dynamic structural color
filter via cGAN. The structural color filter is realized by an asymmetric Fabry-Pérot (F-P) cavity.
Combined with VO2, the structural color can be switched by varying the temperature. The
proposed F-P cavity covers the gamut as large as 117% of sRGB in the insulative state and
obtains 112% sRGB area after the phase transition of VO2 layer. In order to efficiently predict the
structure configuration from demands, we adopt the cGAN model to perform the inverse design.
By directly embedding the temperature condition into the inverse task, both VO2 state design
tasks can be executed by a single versatile cGAN. The achieved design accuracy reaches the color
difference ∆E2000 (denoted as ∆E below) of 0.98, which exceeds the human eye discernment.
The cGAN ability to find multiple solutions is demonstrated by designing an image which is
monochromatic at 30°C but shows a distinct pattern when the temperature increases to 85°C.
The dynamic structural color inverse design provides a promising approach to find nanophotonic
structures to encrypt information and anti-counterfeiting.

2. Method

2.1. Color prediction module

The color prediction module is comprised of the transfer matrix method (TMM) and the color
matching function (CMF). The TMM is used to calculate the spectrum, and the CMF takes the
spectrum to obtain the color.

Transfer matrix method
The reflective and transmissive spectra of the multilayer structures are calculated via the TMM

that is provided in Max Born’s Principles of Optics [57]. The refractive indices of nickel (Ni),
silicon dioxide (SiO2), and aluminum (Al) are obtained from the Handbook of Optical Constants
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of Solids by E. D. Palik [58]. The refractive index of titanium dioxide (TiO2) is extracted
from in-house ellipsometry data (Woolam M-2000DI) from a TiO2 thin film deposited by a
reactive sputtering system (Leybold Helios Pro XL). The refractive indices of VO2 at different
temperatures are extracted from the work of Kana et al. [59]. The detailed calculation equations
and processes are provided in Supplement 1, Section 1.

Color matching function
The colors in this work are computed by the discrete CIE 1931-XYZ CMF which is provided

in The Science of Color edited by Steven K. Shevell [60]. After the XYZ tristimulus is obtained,
the corresponding CIELAB vector Lab is converted from XYZ by the transformation equations
in Shevell’s work. The detailed equations of the CIE 1931-XYZ color matching function and
equations between CIEXYZ and CIELAB are in Supplement 1, Section 1.

2.2. Deep learning

Dataset generation
The thickness combinations in the dataset are uniformly sampled by the open-source library

Numpy in the ranges of 0 to 1,000 nm for TiO2 (d1), 0-20 nm for Ni (d2), 0-500 nm for VO2 (d3),
and 0-500 nm SiO2 (d4). Before applying the thickness sampling, the random seed is fixed as 42
to ensure repeatability. The sampled thickness combinations are then computed to achieve the
reflective spectra through the TMM, which will be converted to the CIELAB vectors by the CMF.

Artificial neural network training
The ANN training loss functions, training processes, and hyperparameters are discussed in

Supplement 1, Section 3.
Image design and reconstruction
The image reconstruction in this work is first converted to a grayscale image. The 50%

threshold is applied to binarize the grayscale image. The pixel with the value of 1 in the binary
image is set to fill with the background color, and the pixel with the value of 0 in the image is
filled with the pattern color.

Computation environment
The deep learning is implemented on the open-source library PyTorch. The dataset prepro-

cessing is executed by Scikit-Learn. The color calculations are fished by Colour-Science. ANN
training and testing programs are developed and performed on a Windows PC with the hardware
of CPU: Intel Core i7-11800H, RAM: 32 GB, and GPU: NVIDIA RTX 3080 (16GB).

3. Results and discussion

The reflective dynamic structural color filter schematic is illustrated in Fig. 1(a). This thin-film
structure consists of a TiO2/Ni/VO2/SiO2/Al stack. The Al layer is fixed at 100 nm at the bottom
and serves as a back reflector due to its high reflectivity. The lossless SiO2 layer is adopted
as a spacer layer to form an asymmetric Fabry-Pérot (F-P) cavity. The dynamic property of
the structure is enabled by the phase change material VO2, which is sandwiched by SiO2 and
Ni. When the temperature changes from 30°C to 85°C, the VO2 layer will undergo a lattice
transformation from insulative to metallic state, resulting in a variation of its refractive index (as
shown in Fig. S1). This variation causes a shift in the F-P resonant wavelength and leads to the
change of color. The Ni layer serves as an absorption layer and the top semi-transparent reflector
of the F-P cavity to tailor the reflective spectrum. A layer of TiO2 covers the top of the multilayer
structure as an anti-reflection layer to extend the color gamut. The proposed multilayer structure
can be represented by the thicknesses of TiO2/Ni/VO2/SiO2, which are denoted as d1, d2, d3, and
d4 for TiO2, Ni, VO2, and SiO2, respectively, or as a brief single design vector D. Figure 1(b)
shows the color change of the proposed structure with the design of (100, 5, 100, 100) nm. The
reflective spectrum while VO2 at 30°C has two reflective peaks at the wavelengths of ∼500 and
∼700 nm, respectively. At a higher temperature of 85°C, the peaks blue-shifts to ∼480 and ∼640
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nm. The peak at ∼480 nm also has an intensity decay due to the VO2 phase change. These shifts
of peaks are accompanied by a clear change of its color from cyan to pink (shown in the inserts
of Fig. 1(b)). This example proves that the proposed VO2 based F-P cavity structure can realize
the temperature-induced dynamic structure color.

Fig. 1. (a) The schematic of the proposed five-layer structure. (b) The reflective spectra
of the structure with the thickness of D (100, 5, 100, 100) nm at 30°C (cyan curve) and
85°C (red curve), in which the inserts are the corresponding colors. (c, d) The CIE 1931-xy
chromaticity diagrams of the dataset at 30°C (c) and 85°C (d), respectively.

To implement the dynamic structural color inverse design, a dataset with 50,000 samples is
generated. 50,000 different TiO2/Ni/VO2/SiO2 thickness combinations are uniformly sampled
from the ranges of 0 to 1,000 nm for d1 (TiO2), 0 to 20 nm for d2 (Ni), and 0 to 500 nm for both
d3 (VO2) and d4 (SiO2). These thickness combinations (Ds) were then input to the TMM to
calculate the reflective spectra, which were fed to the CMF to acquire the corresponding CIELAB
coordinates (Labs) and CIE 1931-xy chromaticity diagrams. Among the 50,000 samples, 25,000
were converted to colors at 30°C while the other 25,000 combinations were converted at 85°C.
The obtained color gamuts at 30°C and 85°C are shown in Figs. 1(c) and 1(d), demonstrating a
color coverage area of 117% and 112% of the sRGB, respectively. The obtained dataset is split
into three groups with a ratio of 8:1:1 for training, validation, and testing, respectively.

The inverse design of the dynamic structural color presented in this work is implemented by a
cGAN. A common cGAN usually consists of two parts, a generator, and a discriminator. The
generator is fed with a latent vector (z) and a condition. The output of the generator is known as
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generated data (also called fake data). The discriminator evaluates the distribution difference
between the dataset (termed real data) and the generated data (fake data). The training of the
discriminator shapes the fake data distribution close to the real data. Owing to the randomness of
the latent vector and the discriminator’s ability of distribution control, the generator can produce
multiple structure designs across the entire solution space [56]. This architecture was adopted
and modified in this work to allow the incorporation of temperature. Figure 2(a) provides the
cGAN architecture and data flow in this work. The networks have three parts: a generator, a
discriminator, and a color prediction module (CPM). To adopt the inverse task going to take place
at 30°C and 85°C, the color (Lab) and temperature (T) are simultaneously fed into the generator
as conditions. The temperature condition is realized by digitalizing the low temperature (30°C) as
0 and the high temperature (85°C) as 1. The latent vector z is sampled from the standard normal
distribution. The generator is comprised of a residual connected multilayer perceptron (MLP). In
the data flow of the generator, the conditions (Lab and T) are embedded into the generator via
the conditional batch normalization layers, and the latent vector is directly fed into the generator
which generates the fake thickness as output. In contrast, the discriminator consists of a residual
connected MLP with the normal 1-dimensional batch normalization layer. The discriminator
separately takes the real and fake thicknesses and outputs the corresponding real and fake scores
to measure the distribution distance between real thicknesses and fake thicknesses. In order to
improve the generator inverse design accuracy, we used the CPM to predict the color but not a
neural network. This module is carried out by the TMM and the CMF. The TMM taking fake
thickness and temperature outputs the reflective spectrum to the CMF to acquire the predicted
Lab. The introduction of CPM can predict the color of the structure without deviation to improve
the performance of the generator. The CPM used in this work is fully developed with PyTorch
to ensure that the color prediction process is differentiable. The implementation details of the
generator, the discriminator, and the CPM are available in Supplement 1, Section 2.

Fig. 2. (a) The data flow and the cGAN architecture in this work. (b) The loss curves
of the discriminator (black curve) and the generator (red curve). (c) The components of
discriminator loss, where the black curve is the fake score and the red curve is the real score.
(d) The components of generator loss, where the black curve is the fake score, the red curve
is the MSE which is computed between the input Lab and predicted Lab in Fig. 2(a).

https://doi.org/10.6084/m9.figshare.20440431
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To keep the training stability of the cGAN, the Wasserstein distance is utilized as the distribution
loss [61]. The spectral normalization is applied to both the generator and the discriminator
ensuring the 1-Lipschitz continuity [62]. The generator and the discriminator are alternatively
updated with the step ratio of 1:1 to minimize the hinge adversarial loss by two Adam optimizers
[63]. The detailed training hyperparameters and loss functions can be seen in Supplement 1,
Section 3. The training loss curves of the generator and the discriminator are displayed in
Fig. 2(b). The discriminator loss is steadily ca. 2 after an initial fluctuation. This indicates
the cGAN experienced a stable training process. The evolution of discriminator fake and real
scores as the iterations can be seen in Fig. 2(c). Both the fake score and the real score of the
discriminator were maintained at around 1 over the entire training process, indicating that the
generator and the discriminator are evenly improved. This is crucial to the performance of the
generator [56]. Figure 2(d) presents the loss details of the generator. The small fluctuation of the
generator’s fake score around the 0 translates into a stable generator evolution, and no model
collapse happened during the training process. The continuous descending mean squared error
(MSE) in Fig. 2(d) is computed between the Lab predicted by the CPM and the ground truth
Lab. After a fast drop in the first 10,000 iterations, the MSE practices a slow decline and finally
bottoms at ca. 4.9× 10−2, reflecting that generator’s prediction accuracy improved quickly and
then gradually converged.

The dynamic structural color inverse design accuracy benchmark is represented by the color
difference index ∆E between the trained generator’s predictions and the ground truths in the
testing set. The meaning of ∆E is described in Ref. [64]. Typically, it is considered that no color
difference is perceived by the human eye when ∆E < 1. In the testing process, the colors (Labs)
from the testing set and the latent vector (z) sampled from the standard normal distribution
are fed to the generator to predict the fake thicknesses. The fake thicknesses are taken into the
CPM to calculate the predicted Lab. The ∆E calculation function is applied to calculate the
color difference between the predicted Lab and the ground truth Lab to identify the design bias.
The testing ∆E histogram when each Lab is assigned with one z is shown in Fig. 3(a). Almost
all ∆E are found to be less than 10 with an average ∆E of 4.86. This can be easily improved
by increasing the number of z for each Lab to generate different D combinations for selection.
Figure 3(b) presents the histogram of ∆E when the number of z for each Lab was increased to
1,000. By selecting the best design (lowest ∆E) from the 1,000 designs, the majority of ∆E is
found to be below 1. The average ∆E for all 5,000 samples is 0.98, which is beyond the human
eye’s color resolution, reflecting a satisfactory inverse design accuracy. Figure 3(c) illustrates
the average lowest ∆E in the testing set as the function of the z number of each Lab. As the
increase of z number, the average ∆E initially drops drastically (insert presents the enlargement
of the yellow shading area) and breaks the threshold of 1 when the z number exceeds 1,000.
Afterward, the design accuracy gains limited improvement with the z number growth. It is worth
mentioning that increasing the z number is straightforward and largely effortless. For example,
applying inverse design and solution selection for 5,000 colors with 1,000 z sampling for each
color will only consume 38.82 s in our computation environment, which is equivalent to 7.76 ms
per color. Additionally, the CPM (non-ANN part) costs 6 ms during the solution selected from
1,000 candidates and occupies 77.3% time consumption of a color inverse design, indicating that
the ANN only spends a small proportion of the wall-clock time and shows a high computation
efficiency. In this work, a z number of 1,000 was subsequently adopted for all designs to balance
both the performance and computational time.

To better evaluate the performance of our network, we selected four colors that the network
has never seen before. The eight target colors shown in Fig. 3(d) were fed into our network with
their corresponding temperatures and 1,000 z to generate and select designs with the lowest ∆E.
The designs were subsequently converted to colors and compared with their targets. It can be

https://doi.org/10.6084/m9.figshare.20440431
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Fig. 3. (a, b) The testing ∆E histograms when each Lab is assigned with 1 z (a) and 1,000
z (b), respectively. (c) The testing average ∆E as the function of the number of z, in which
the insert is the enlargement of the yellow shading region. (d) Eight cGAN inverse design
examples, the target colors with 30°C are outlined by a blue dash frame (left), and the target
colors with 85°C are outlined by a red dash frame (right).

observed that our network was able to predict structural colors that are very close to the original
target for both high and low temperature scenarios.

The key performance indicator of the five-layer stack is the color change performance. Here we
define a dynamic ∆ED to evaluate the color difference between the low and high temperatures of
one design. A larger ∆ED is more advantageous to demonstrate the color modulation capability.
Taking advantage of the cGAN developed in this work, we are able to identify the design that
gives rise to the largest ∆ED for each color. As a demonstration, we selected five colors in the low
temperature region from the testing set. For each color, we generated 1,000 different solutions
by feeding 1,000 z to the generator. The design with the lowest ∆E and the largest ∆ED of each
color is listed in Table 1, in which the solution with the lowest ∆E is referred to as accurate
(ACC) solution, and the solution with the largest ∆ED is termed dynamic (DYN) solution. The
color cells are shaded with the corresponding colors. Significant color variances can be observed
between the low temperature and high temperature scenarios with that the DYN ∆ED over 20 is
obtained for all six colors in the DYN solutions. This clearly demonstrates the capability of our
structure to color modulation. It should be noted that selecting the structures with the largest
∆ED compromises the design accuracy as the most color dynamic structures may not always be
the most precise design. As an example, the DYN solution of sample #4 shows a large ∆ED of
39.89 where totally different colors were observed at 30°C and 85°C. However, the ∆E of this
DYN solution (∆E= 4.71) is inferior to that of the ACC solution (∆E= 0.28). It is evident that
the capability of our network in identifying multiple solutions enables the selection of designs
that suits different requirements, e.g. temperature indication.

To demonstrate the potential application, we used the cGAN to design the logo of the
University of Southampton (raw image shown in Fig. S4(a)). The designed pattern structure has
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Table 1. The Inverse Design Examples with Temperature Induced Color Variation

True D (nm) True Color
(30°C)

DYN
Solution (nm)

DYN Color
30°C   85°C

DYN
ΔE   ΔED

ACC
Solution (nm)

ACC Color
30°C   85°C

ACC
ΔE   ΔED

227-1-302-334 157-136-130 946-4-123-160 2.01 22.74 944-1-135-137 0.26 19.27

163-15-104-29 0-103-201 46-15-46-218 2.70 23.14 46-15-46-218 2.70 23.14

329-14-383-152 170-171-168 82-3-96-5 6.58 25.67 92-4-197-5 3.92 13.96

133-2-364-248 162-106-114 47-0-124-16 4.71 39.89 133-2-270-100 0.28 11.84

127-11-124-46 180-152-110 197-0-87-41 0.43 24.58 197-0-87-41 0.43 24.58

a configuration of D (83, 4, 96, 125) nm, which fills in the pixels of the logo. The background
is set as a design with the D of (87, 6, 129, 163) nm. The designed logo shows as light blue
when the temperature is 30°C (Fig. 4(a)) but appears pink after the temperature rises to 85°C
(Fig. 4(b)), while concurrently the background changes from gray to green, demonstrating a large
contrast between the two images.

Fig. 4. (a) The cGAN inverse designed University of Southampton logo at 30°C. (b) The
same image at 85°C.

Potentially more interestingly, the capability of identifying multiple solutions for each color
allows the design of a pattern with undistinguishable colors at one temperature but drastic color
contrast at another. As an example, we selected a color with the sRGB value of (198-127-149)
as the design target. The color was fed to the generator with 1,000 z at 30°C to produce 1,000
solutions. Two solutions, that are similar at low temperature but have good contrast at high
temperature, are chosen. The obtained two solutions have the structures of: solution 1 D1 (481,
2, 44, 186) nm with the ∆E of 0.97 and the ∆ED of 6.32; solution 2 D2 (237, 4, 143, 91) nm with
the ∆E of 2.11 and the ∆ED of 12.50. The spectra and corresponding colors of solutions 1 and
2 are displayed in Figs. 5(a) and 5(b). Solution 1 has 6 resonant peaks, while solution 2 only
has 2, but they present a very similar color at 30°C, which proves the “one-to-many” mapping
nature of this five-layer stack inverse design and that our cGAN demonstrates a great ability to
find multiple solutions. The target reproduction pattern is taken from a photo of the University of
Southampton Highfield campus. The photo is converted to a grayscale image, then, binarized
by the 50% threshold. The binary pattern is shown in Fig. S4(b). During the reproduction,
the white pixels are filled with solution 1, and the black pixels are filled with solution 2. The
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reproduced pattern results are shown in Figs. 5(c) and 5(d). It is impossible to find a pattern
in Fig. 5(c), and only a monochromatic pink blank is observed. Whereas a clear binary map
with the sign of “University of Southampton”, buildings and other features can be clearly seen at
85°C. Fig. S5 presents another set of designs that shows the similar effect. This highlights the
unique advantages of our cGAN in designing dynamic structural colors and points toward its
applications in data encryption and anti-counterfeiting, etc.

Fig. 5. The spectra of (a) solution 1 and (b) solution 2, where the inserts are the corresponding
colors of the spectra. The reproduced campus photo at 30°C (c) and at 85°C (d).

4. Conclusion

In conclusion, we demonstrate the inverse design of VO2 based dynamic structural color via
cGAN. The proposed F-P cavity structure has a gamut that is 117% gamut area of sRGB and
is capable of dynamically modulating color when the temperature changes from 30°C to 85°C.
After training, the cGAN can produce structure designs for both temperatures with an average
color difference ∆E as small as 0.98 when sampling 1,000 z for each color. In addition, the
capability of generating multiple design solutions for one target color enables the identification
of designs that allows the largest dynamic color change between the two temperatures. This
dynamic structural color design has the potential to encode spatial information by selecting
designs showing indiscernible color differences at one temperature but a large difference at
another. The VO2 based structural color design allows the ability to control color dynamically
and the unique capability of inverse design of its structures via our cGAN can significantly boost
its applications in data encryption and anti-counterfeiting.
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