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Abstract

The production of traditional Peking opera facial masks often relies on hand painting by experienced painters, which
restricts the inheritance and development of this intangible cultural heritage. Current research mainly focuses on the
digital reconstruction and storage of existing Peking opera facial masks, while high-quality facial mask generation
technology is still in an infancy stage. In this paper, different deep learning frameworks are improved for learning fea-
tures of Peking opera facial masks and generating new masks, which can effectively promote the creative application
of Peking opera facial masks. First, using different data enhancement methods, an improved Style Generative Adver-
sarial Network-2 (StyleGAN2) can learn implicit and explicit features of Peking opera facial masks and automatically
generate new facial masks. In addition, an image translation framework for joint cross-domain communication under
weak supervision is used to translate face sketches and color reference maps to an intermediate feature domain, and
then synthesize new facial masks through an image generation network. The experimental results show that the
generated Peking opera facial masks have good local randomness and excellent visual quality.

Keywords Peking opera facial masks, Image generation, Generative adversarial network (GAN), Image translation

Introduction

As one of the important performance aids in Peking
opera, facial masks contain the unique cultural gene of
Peking opera. Peking opera facial masks have rich colors,
and their musical forms are complex and diverse. In the
traditional production of Peking opera facial masks, it
can only rely on hand painting by experienced painters.
In the modern world of diverse entertainment, Peking
opera facial masks, as an intangible cultural heritage, are
becoming increasingly marginalized. In order to promote
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the inheritance and development of Peking opera facial
masks, relevant studies have analyzed and expounded the
symbolic meaning and aesthetics of Peking opera facial
mask colors [1]. Integrated Peking opera facial mask ele-
ments into poster design to create modern graphics with
traditional cultural elements [2]. Similarly, in order to
inherit and develop the local tradition cultural, research-
ers have used augmented reality to create traditional
masks with Indonesian cultural genes [3], and also used
the Augmented Reality (AR) kit face tracking package to
detect faces and implement an AR application for Malang
masks [4].

The development and application of digital technol-
ogy can bring technical possibilities for the preserva-
tion, transmission, and creative use of cultural heritage.
For example, 3-Dimensional (3D) modeling techniques
can realize interactive simulations of traditional cos-
tumes or Chinese landscape paintings [5, 6]. With the
application of deep learning techniques for image gen-
eration, the effect of image generation can approach the
level of human creation [7-9]. Applying deep learning
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algorithms such as image generation and image transla-
tion to the generation of Peking opera facial masks can
generate images of faces that inherit the relevant cultural
genes and help preserve the culture of Peking opera.

However, there are still many challenges in the appli-
cation of these deep learning frameworks to the gen-
eration of Peking opera facial masks. On the one hand,
image generation techniques based on StyleGAN and its
series of variants can generate realistic images by train-
ing on a large number of image datasets [7]. However,
when the number of training datasets is insufficient, the
discriminators of these networks are highly susceptible to
over-fitting, which leads to severe instability in the train-
ing dynamics. Currently, there is no mature Peking opera
facial mask dataset, which leads to the unsatisfactory
generation of StyleGAN series network models based on
a small number of Peking opera facial masks [7]. On the
other hand, existing image translation models encode the
style of the example image into a latent space and syn-
thesize images that are similar to the style of the example
images [10]. These approaches only consider the style of
example images and fail to consider spatial correlations,
leading in too poor network portability [11]. In addi-
tion, most of these image translation models applied to
human faces and natural scenes are unable to learn well
the hidden cultural genes in Peking opera facial masks,
which results in most of the generated Peking opera facial
masks with mixed lines and colors.

To solve the above problem, we use explicit data
enhancement methods and a microscopic data enhance-
ment method to improve the StyleGAN2 generation
architecture, and adopt an advanced image translation
framework. These deep learning frameworks can learn
the features of Peking opera facial masks and gener-
ate new facial masks. In addition, to validate the perfor-
mance of these deep learning frameworks, we construct
a Peking opera facial mask dataset and conduct compre-
hensive experiments based on the dataset. Our contribu-
tion can be summarized as follows:

1. This paper delves into the benefits of different data
enhancement approaches to model training. Differ-
ent display data enhancement methods and implicit
data enhancement methods are used to improve the
network structure of StyleGAN?2. It avoids discrimi-
nator over-fitting, trains good generators, and solves
the drawback of poor generation for small datasets.
The improved image generation architecture can
effectively learn the explicit and implicit features of
Peking opera facial masks and generate new Peking
opera facial masks.

2. We use a cross-domain communication network
for learning the correspondence between the input
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images. This image translation network translates
face sketches and color reference maps into interme-
diate feature domains and establishes reliable dense
correspondence. Then, the estimated feature cor-
respondences are semantically aligned to the input
through the image generation network to synthesize
new Peking opera facial masks.

3. The original data are obtained through web down-
load and e-book extraction. Then mirror transforma-
tion and other data enhancement methods are used
to construct the Peking opera facial mask dataset
which contains a total of 7128 pictures. Based on
this dataset, a comparative analysis of the perfor-
mance of the above two deep learning frameworks
is performed. In order to further evaluate the quality
of Peking opera facial mask generations, the gener-
ated images are used as test sets, and the relationship
between the visual elements in Peking opera facial
masks and the characters behind them are studied
based on Residual Networks (ResNet) to complete
the multi-classification task.

Related work

The development of deep learning provides a viable solu-
tion for people to use computers to generate images.
Selecting a valuable image and converting it into another
image with desired characteristics is a hot research topic
in recent years, which is generally realized by image gen-
eration algorithms and image translation algorithms.

Image generation

The current mainstream image generation techniques
include Variational Auto Encoder (VAE), Generative
Adversarial Network (GAN), and Flow-Based Model
(FBM). GANs which surpass other methods in image
generation are considered a milestone in unsupervised
learning [12]. It introduces the idea of game theory into
the training process. The generator generates false images
and the discriminator discriminates the data authenticity,
and the final generated images are made to be false by
the game between the two. In the same year, researchers
proposed Conditional GANs (CGANSs) with the addition
of constraints [13]. CGANs introduce conditional vari-
ables into the generative and discriminative models, uses
additional information to add conditions to the models,
and guides the data generation process. StyleGAN2 [14]
redesigns the normalization and designs a new network
structure, which makes the network smoother, the hid-
den space more decoupled, and the quality of generated
images higher. However, the realistic generation effect of
StyleGAN2 benefits from a large number of images. In
reality, it is still a challenge to collect a large image set for
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a specific field. The key problem of training GANs model
with a small data set is that the discriminator is easily
over-fitted, which leads to serious instability of training
dynamics. Data enhancement is a popular technique to
alleviate the over-fitting of neural networks, especially
for training data, so various data enhancement strate-
gies are applied to the training of GANs. By introducing
a random enhancement pipeline with 18 transforms, an
Adaptive Data Augmentation (ADA) method is further
designed to control the intensity of data enhancement
adaptively [15]. Using pseudo-samples synthesized by the
generator fed to a limited amount of real data, the Adap-
tive Pseudo Augmentation (APA) technique is presented
to the discriminator in an adaptively enhanced manner
[16]. The purpose of this pseudo-enhancement of real
data is not to expand the real data set, but to inhibit the
discriminator’s confidence in distinguishing between real
and spurious distributions. Diffusion-GAN randomly
transforms data by using a differentiable forward diffu-
sion process, which can be regarded as an enhancement
method of domain agnosticism and model agnosticism
[17].

Image translation

Image translation converts one representation of an
image to another by understanding the mapping rela-
tionships between different image domains. CGAN is
proposed to be applied to various supervised image
translation tasks [18]. Pixel-level loss and GAN loss
adopted by CGAN will lead to image blurring. When the
image is severely distorted, CGAN and its variants are
unable to capture the structural correspondence between
different domains by a single translation network. To
solve this problem, a multi-channel attentional selection
GAN based on scene images and semantic mappings is
proposed. Selection GAN can generate images of natu-
ral scenes from arbitrary viewpoints [9]. Subsequently,
adaptive semantic consistency loss and style consistency
discriminators are proposed to check whether image
pairs are consistent in style [19]. The SPatially Adaptive
DE-normalization (SPADE) method with an addition
of a spatially adaptive normalization layer can further
improve the quality of the generated images [20]. Essen-
tially, the mapping from one image domain to another
image domain is multi-modal. These basic models gen-
erally promote synthetic diversity by random sampling
from a potential space. However, because the represen-
tation of the potential space is quite complex, none of
these methods can provide fine control over the output
or achieve good image-style correspondence. Unlike all
the above approaches which only transfer global styles,
an exemplar-based images translation framework Cross-
domain Correspondence Network (CoCosNET) can
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transfer fine-grained styles from the semantic counter-
part regions of the exemplars and enable the translation
of images between different domains [21]. Therefore, the
image translation framework meets the requirements of
Peking opera facial mask generation and the generated
Peking opera facial masks match the aesthetics of the
public.

System model and algorithms

In this paper, we explore the generation method of Peking
opera facial masks from two directions: image generation
and image translation. For image generation, using the
StyleGAN2 network which currently generates images
with better quality, and avoiding discriminator over-fit-
ting by using different data gain methods to improve the
StyleGANZ2. For image translation, CoCosNET, an image
translation framework for cross-domain semantic com-
munication, is used. It inputs semantic sketches and color
style maps to provide more constraint information for
the generated images.

Image generation network framework

In this paper, the image generation network adopts
StyleGAN2, and different data gain methods are used
to improve it. Next, we will first introduce the GAN
network with the data enhancement module, and then
detail the three data enhancement methods used in the
experiments.

GANs with data enhancement module

General supervised learning and training tasks use data
gain methods (rotation, color transformation, add-
ing noise, etc.). Unlike classical data augmentation, the
improved StyleGAN?2 in this paper augments both true
and false samples and lets the gradient propagate through
the augmented samples to the generator. Specifically, the
loss function of each network is formalized as follows:

Lp = —Ex~p,[81(D6 (T (x)))] — Ez~p,[82(De (T (G (2))))],
(1)
LG = Ez~p,[g2(Do (T (Gy (2))))], (2)

Where the generator G is a distribution mapping func-
tion that converts the low-dimensional potential distri-
bution p, to the target distribution p; The discriminator
D evaluates the difference between the generated distri-
bution pg and the true distribution p,. E(-) indicates the
calculation of the average function. Furthermore, z rep-
resentatives the random latent code and x representatives
the input image. g1 and g stands for different functions
for different GAN. ¢ and 0 respectively stands for the
parameter of generator and the parameter of discrimi-
nator. 7(-) indicates the enhancement of different data
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Fig. 1 Stylgan2 network structure with data expansion modules (T is the data expansion module.)

conversion technologies. Standard data conversion meth-
ods can usually be divided into two types. One is spatial
transformation, including rotation, flip, translation, and
geometric transformations such as scaling and stretching.
The other is visual transformation, such as brightness and
color. In practice, we also investigate for these two data
enhancement methods. Figure 1 shows the framework of
the GAN network after adding the data expansion mod-
ules, using the StyleGAN2 image generation model as an
example. We can see that the input data of the discrimi-
nator is processed by the data expansion module.

If the data augmentation is used directly in the training
task of GAN, the network after adding the data expan-
sion module may lead to gain leakage to the generator.
For example, if a rotation transformation is added to the
data gain module, the generator will also generate rotated
images. Experimental results of data perturbation on
GANs have shown that if the transformation of the data
is reversible in terms of the probability distribution, then
the training of the model will find the correct distribu-
tion bypassing the data perturbation [22]. This shows
that the training of the generator is not affected and the
problem of gain leakage does not occur when the data
gain is reversed. In our experiments, the strength of the
data enhancement is defined as a scalar p, and controlling
p€[0,1), then the data gain can become reversible.

Adaptive discriminator enhancement module

Since GANs training is in a dynamic equilibrium,
dynamic control of the enhancement strength accord-
ing to the degree of discriminator over-fitting can avoid
the complexity and computational cost associated with

manual adjustment. Therefore, in order to quantify over-
fitting, we study a series of reasonable heuristics derived
from the original output logic of the discriminator and
then match the appropriate target value to automatically
adjust p.

In the experiments of this paper, a total of three adap-
tive discriminator enhancement methods, ADA [15],
APA [16], and Diffusion-GAN [17], are investigated.
ADA is an adaptive discriminator enhancement mecha-
nism that introduces a random enhancement pipeline
with 18 transforms. APA uses generators to mitigate
over-fitting and augment the true data distribution with
the generated images. Diffusion-GAN uses a microscopic
data enhancement approach to inject instance noise into
the data with a Gaussian mixture distribution generated
by a forward diffusion chain. The heuristic algorithms for
each method are specified below.

The ADA defines the part of the heuristic algorithm
used to estimate the training set to obtain the output of
the positive discriminator. The over-fitting heuristic algo-
rithm can be represented by the following equation:

rt = E[sign(Dtrain)] (3)

For this heuristic, 7 = 0 means no over-fitting and
r: = 1 means complete over-fitting. Dtrain denotes the
discriminator output of the training set, sign(-) repre-
sents the symbolic function, and E[-] denotes the average
of N consecutive small-batch discriminators. In practice,
we use N = 4 to correspond the images of 4 x 64 = 256.

The strategy for using rt to adjust p is as follows. Firstly,
setting a threshold value t and initializing p to zero. If r¢
represents too much/too little over-fitting (i.e., greater
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than/less than t) about t, the probability p will increase/
decrease by a fixed step. The experimental setup adjusts
p once every four small batches and clamps p from below
to O after each adjustment. In this way, the intensity of
data enhancement can be autonomously controlled
according to the degree of over-fitting.

As GAN itself has powerful image generation capa-
bility, it is also a natural and feasible scheme for data
enhancement to use the generator in GAN to generate
images. APA solves the problem that ADA may lead to
over-fitting of discriminator. It uses the standard data
conversion method to process the generated data and
takes it as a new data enhancement method. The new
heuristic can be calculated by the following equation:

/lt = E(Sign(Dreal))

= E(sign(logit(D(x)))) @

Note that the strategy of using A; to adjust p is consist-
ent with the strategy of using rt to adjust p mentioned
above and logit(-) stands for logit function. As the gener-
ated data is passed to the discriminator as real data for
training, the optimization objective is updated with the
following equation:

mGin mDax V(G,D) = (1 — a)Ex~p,x)[log Dy (x)]

+ O[Ez'vpz(z) [10g Dy (th (z))]
+ Ez~pz(z) [log(l — Dy (th ()]
(5)
Where V(D, G) represents the difference between the
generation model and the discrimination model. « is
the expected intensity that approximates the dynamic
adjustment effect throughout the training process. Since
p € [0,1), specifies 0 < & < pmax < 1, where pmax is the
maximum value of the intensity of the pseudo-sample
added throughout the training process.

Diffusion-GAN adds noise to the input data of the dis-
criminator for the purpose of data enhancement. The
network incorporates a diffusion model that injects noise
from a Gaussian mixture distribution to achieve data
transformation (The Gaussian mixture distribution con-
sists of weighted diffusion samples from clean images at
different time steps.). Diffusion-GAN min-max target is
defined as following equation:

min max V (G, D)
G D

= Ex~pr),t~pry~qyx [10g Do (y, )]
+ Eznp,@)t~priye~a(yIGy 2,0 [l0g(1 — Do (yg, 1))]
(6)
For Vt € {1,---, T}, the discriminator learns how to
distinguish the diffusion-generated sample y, from the
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diffusion-true observation y. The specific priority is deter-
mined by the value of the mixture weight 7; (non-negative
and summing to 1). y ~ g(y|x, t) stands for the edge distri-
bution that becomes x after ¢ steps of the forward diffusion
chain. yg ~ q(y|Gy(z),t) can be re-parameterized as fol-
lows: yg = v/atGy(z) + /(1 — at)oe,e ~ N(0,I) Both
the pre-defined variance schedule 8t and variance o2 are

deﬁnectl by the forward diffusion chain, at =1 — §t,

at = [] ai. The gradient which is calculated according to

Eq. (6) can be directly back-propagated to the generator.

This paper delves into the benefits of different data
enhancement approaches to model training. Explicit
enhancement includes geometric transformations, color
transformations, and data expansion using pseudo-sam-
ples generated by the generator. The micro-enhancement
method is to randomly transform the data by using the
micro-forward diffusion process and inject the instance
noise. The StyleGAN2 improved by data augmenta-
tion can well avoid the discriminator over-fitting. It can
enhance the stability of the training process, and improve
the fidelity of the generated face images.

Image translation network framework

In this paper, the image translation network model
uses a joint cross-domain communication framework
under weak supervision. The Peking opera facial mask
sketches belong to the source domain and the color ref-
erence images belong to the target domain. The frame-
work implements the translation from the source domain
to the target domain. Firstly, the semantic correlation
between the source domain and the target domain is
found. Then the sample images are distorted. Finally, new
Peking opera facial masks are generated according to
the distorted images. The line features of the generated
images come from the source domain, while the color
features are similar to the target domain. The algorithm
framework for the image translation model proposed in
this paper is shown in Fig. 2, which contains two parts:
the cross-domain alignment network and the image com-
position network.

Cross-domain alignment network

Cross-domain alignment network realizes mapping
the images of the source domain and the target domain
to the intermediate domain W, and finds the semantic
correspondence in the intermediate domain, thereby
distorting the sample images. Usually, the semantic cor-
respondence is obtained by matching the patch [23]
in the feature domain with a pre-trained classification
model. As the pre-training models are trained accord-
ing to the images in specific scenes, they are only suitable
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Fig. 2 Image translation network framework

for the semantic correspondence of specific images, so
they cannot be used to express the semantic information
of images in different scenes. The cross-domain align-
ment network model adopted in this paper can map the
semantic information of different domains to the inter-
mediate domain W and find the corresponding relation-
ship in the W domain, which is suitable for most images.
In the experiment of this paper, the model can accurately
find the semantic correspondence information between
the Peking opera facial masks’ sketches and the color ref-
erence images.

The input sketches x4 are from domain A and the refer-
ence images yp are from domain B. Firstly, x5 and yp are
fed into a Feature Pyramid Network (FPN) [24] to extract
different scale feature maps, which are then converted
into representations xy and yw in the W domain by a
transformation relation. The conversion relationships are
expressed as follows:

xw = Faow(Xa; O, A > W), (7)

yw = Fg—w(y; 0r,B — W), (8)

Where F denotes the transformation relationship from
the input domain to the intermediate domain. xy and
yw represent the semantic features of images in the
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intermediate domain. x5 and yp denote the seman-
tic features of the two input domains. 0 is the param-
eter that need to be learned. Because the Peking opera
facial masks’ sketches and the color images are different
domain images in the same scene and contain the same
semantics, the conversion of x5 and yg to W domain is
completely aligned. The loss corresponding to this step is
the loss of domain alignment:

Ldomain = [Fasw(xa)— Fp>w(xs)|, 9)

After converting both the sketches in domain A and
the references in domain B to domain W, the relation-
ship between xw and yw is found. The similarity matrix
between them is calculated according to Eq. (10), where
each pair of elements xyw (#) and yw(v) are characteristi-
cally related.

X (u) r ? (u)
M(u,v) = (10)

X(u)

H‘/(u)

The matrix element M(u,v) represents the semantlc
similarity between xw(x) and yw (V). x(u) and Y(V)

denote the channel concentration Characterlstlcs of
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elements xw(#) and yw(v), which are calculated by
Egs. (11-12):

X () = xw (1) — mean(xw (), (11)
\?V(V) =yw () — mean(yw(v)), (12)

By weighted summation of the pixels with the high-
est similarity in yp, the corresponding relationship
between domain B and domain A can be obtained, which
is marked as ry ,x With proper learning, it is possible
to obtain yp by transforming into A domain. In other
words, it is possible to obtain an image of the sample
images after distorting them according to the lines of the
input sketch. A correspondence regularity term is intro-
duced here. The regularity term requires that the original
images are obtained by distorting the lines of the original
sample images in the same way. The loss corresponding
to this step is called the correspondence regularity loss:

Lreg = ||ry~>x~>y —YB||» (13)

where ry_.x .y is the correspondence from domain B to
domain A and then to domain B.

Image composition network

The purpose of the image composition network is to pro-
gressively generate high-quality target domain images by
using the input sketch x4 and the distorted example image
ry_x aligned with it.

The image composition network mainly uses a modified
spatially adaptive de-normalization layer. For style injec-
tion, a multi-layer convolution method is used to gradu-
ally inject style information of distorted images. In terms
of structure generation, a SPADE block is used to project
distorted images generated by the cross-domain alignment
network to different activation locations in order to better
preserve the image structure information synthesized by
previous layers [20].

The simple transformation is used to map x and ry_.x
to modulation coefficients of the regularization layer, and
then the style of the generated images is controlled by
modulating the regularization layer. The transformation
process is implemented by Eq. (14).

Fc,a,h — HKab
aa,b(ry—n(xxA) X ——————
Oa,b

+ :Ba,b(ry—nu X4) (14)
where the conditional inputs x5 and ry_x stand for
2-Dimensional images. c is the channel dimension. a and
b are the feature space sizes. 0, and p,;, stand for regu-
larization statistics. o, ; and B, stand for de-normaliza-
tion coefficients.
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To learn the correct correspondence, the image com-
position network imposes the following losses on output
images: losses for pseudo exemplar pairs, perceptual loss,
contextual loss, and adversarial loss.

Losses for pseudo exemplar pairs x, and xp are pairs of
images semantically aligned in domain A and domain B. xg
is the image of xp after geometric deformation. If x;3 is used
as the example image and x4 is used as the input image, xg
is the generated image.

Lieae = Zil“wl(G(xA’xB) — p1(xB) ||, (15)
!

where ¢; represents the layer 1 activation of Visual

Geometry Group (VGG-19) and /; is the equilibrium

parameter.

Perceptual loss Penalizing perceptual loss to minimize
semantic differences.

L =

perc

) (16)

1) = ¢(xe)

where § = xpg — mean(xp), ¢; represents the activation of
layer 1 of VGG-19.

Contextual loss To keep the output image in the same
style as the example images, context loss is used to match
the statistical distribution of xig and yg on the underlying
feature map of VGG19.

1
Leontexs = > <1l =log(- > | max A'(¢; (xB), ¢! (yB)))],
! i

(17)
where w; controls the relative importance of layer [. n;
represents the features contained in the /-th layer acti-
vation of VGG-19. A’ represents the [-th level of the A
domain.

Adversarial loss  Similar to the loss function of the gen-
eral GANSs, the main purpose of adversarial loss is to make
the generated images belong to the B domain and improve
the quality of the generated Peking opera facial masks.
The discriminator D is trained alternately with the trans-
lation network G, which eventually makes the generated
images difficult to distinguish from the example images.

LD, = —E[h(D(yp))] — E[A(—~D(G(xa,yp))], (18)
LS, = —E[D(G(xa,y8))], (19)
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where /i(¢) representatives the hinge function for the reg-
ularized discriminator.

The total loss of the image translation framework is the
weighted sum of the loss of the cross-domain alignment
network and the image generation network.

L= mGin mg)( ¢1Lfeat + §02Lperc + QDSLCOHtgx[
(20)
+ ¢4Ladv + ¢5Ldomain + ‘/’6Lreg;

where @1 ~ @g are the weights, which are used to balance
several losses and generate high quality target images.

The image cross-domain communication network
can accurately correspond to the semantic relationship
between Peking opera facial masks’ sketches and color
references so that the generated images will have the
characteristics of real Peking opera facial masks. The line
relationship between the different colors of the generated
images is clear, which can accurately correspond to the
line characteristics of Peking opera facial masks’ sketches
and the color characteristics of reference images.

Experimental results and analysis

This section mainly includes several parts such as dataset
creation, experimental environment introduction, exper-
imental result analysis, and conclusion.

Datasets
Up to now, no publicly available datasets of Peking opera
facial masks can be found. We download images from the
web related to Peking opera facial masks and screenshots
of e-books as the original images. Since the hand-drawn
and computer-drawn images differ in color and detail,
there is no duplication problem, so the two are finally
combined to get a total of 1782 raw data. For the gen-
eration task, the more data required the better genera-
tion results, whether it is an image generation algorithm
or an image translation algorithm. In order to avoid the
problem of generator leakage caused by excessive data
enhancement, the data enhancement operation is only
completed by image inversion and color change of the
dataset. Finally, we get 7128 Peking opera facial masks.
The line drawings needed for the image translation
algorithm are obtained by extracting the face edges,
which use the extended difference-of-Gaussians algo-
rithm [25]. All images in the experiment are preproc-
essed to a uniform resolution of 256*256.

Experimental environment

The network models of the two methods adopted in this
paper are based on the Pytorch framework. The running
platform configuration CPU is an Intel Core i7-9700 K
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processor, which with 12 M cache, 3.60 GHz, 8 cores, and
16G RAM. The two GPU models are NVIDIA GeForce
GTX 1080 Ti with 11 GB of dedicated memory.

Qualitative analysis

In terms of image generation, the Peking opera facial
masks generated by StyleGAN2 and the model improved
by three different data enhancement methods have good
visual effects. Some of these images almost reach the
quality of the original dataset images from the naked
eye. Figure 3 shows the comparison of the visual quality
of generated images by different methods. However, we
can also find that some images generated by StyleGAN2
have uneven colors and interrupted lines (The images are
highlighted by the red boxes in Fig. 3). In contrast, the
data-enhanced model produces higher-quality images.
The three data enhancement methods which are studied
in this paper, including two display data enhancement
(APA and ADA) and one microscopic data enhancement
(Diffusion-GAN), can produce images that are difficult to
distinguish between true and false.

In terms of image translation, the CoCosNET frame-
work used in this paper generates images that combine
the shape characteristics of line drawings and the color
characteristics of reference drawings. The generated
images also have good visual effects, as shown in Fig. 4.
In addition, another advanced image translation method,
SPADE, is used in this paper as a comparison. Figure 5
shows the comparison of the generated images by both
SPADE and CoCoSNET methods. The colors and lines of
SPADE generated images are messy. They only have the
rough features of Peking opera facial masks and cannot
be used as usable images. In contrast, the face images
which are generated by CoCosNET achieve a level of
quality similar to the real images. In addition, because the
dataset used in this paper does not annotate the Peking
opera facial masks in fine chunks, but directly extracts
the overall line drawings of the images, the process of
coloring will lead to color mixing in some areas of some
images (The part marked with red boxes in Fig. 5.). Such
an approach can form a new Peking opera facial mask
style.

According to the evaluation of the Peking Opera Facial
Masks Expert Group, the Peking opera facial masks gen-
erated by a series of improved StyleGAN2 models and
CoCosNET models studied in this paper are in line with
the traditional masks making standards in color and
spectrum. This proves that the generated masks can be
used in different aspects of the practice, such as mask
design and Peking opera performance. This proves that
the automatic generation technology of Peking opera
facial masks studied in this paper can provide new ideas
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(2)StyleGAN 2 Flawed Images

(d)Diffusion-GAN
Fig. 3 Visual comparison of generated images. a Images generated by StyleGan2. (Defective images are marked with red rectangular boxes.) b
Images generated by StyleGan2-Ada. c Images generated by StyleGAN2-APA. d images generated by Diffusion-GAN
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(c)Generated Images
Fig. 4 Peking Opera Facial Masks Images Generated by CoCosNET. a Line Drawings b Style References ¢ Generated Images

(a) Generated Images with CoCosNET (b) Generated Images with SPADE

Fig. 5 Visual comparison of images generated by both CoCosNET and SPADE models. (Red box marks the color blending area)



Yan et al. Heritage Science (2023) 11:20

Table 1 Comparison of the quality of images generated by
image generation models

Image FID KID (x 1073) SSIM MS-SSIM
generation

models

StyleGAN2 2163 14.94 0.4981 0.2965
ADA 15.09 6.97 04887 0.2801
APA 18.87 10.81 0.4902 0.2853
Diffusion-GAN 22.58 11.65 04963 0.2959

The best scores are highlighted

and technical support for the inheritance and preserva-
tion of Peking opera facial masks.

Quality assessment of generated images

In this paper, four image quality assessment metrics, Fre-
chet Inception Distance (FID), Kernel Inception Distance
(KID), Structural Similarity (SSIM), and Multi-Scale-
Structural Similarity (MS-SSIM), are used to compare
the quality of the Peking opera facial masks images gen-
erated by several methods applied in this paper [26-28].
FID represents the distance between the distribution
of the generated images and the distribution of the real
images. KID calculates the square of the maximum aver-
age difference between the feature representation of the
real images and the feature representation of the gener-
ated images. Lower values of FID and KID represent
better quality of the generated images, and as the values
increase, the generated images become more distorted.
SSIM measures the structural similarity between two
images. MS-SSIM is a multi-scale based on the SSIM
index. SSIM values and MS-SSIM values range from 0 to
1, and as the value increases, the more similar the images
are to each other.

As can be seen from Table 1, the FID score and KID
score of StyleGAN2-ADA are the lowest values among
the four models. This proves that the network with the
ADA module achieves the best generation effect. How-
ever, the experimental results of APA are unexpected. In
theory, expanding the training set with a constant stream
of generated dummy samples is a way to avoid model

Table 2 Comparison of the quality of images generated by
image translation models

Image FID KID (*1073) SSIM MS-SSIM
translation

models

SPADE 5803 4413 0.3423 0.1461
CoCosNET 8.988 2.89 0.850 0.896

The best scores are highlighted

Page 11 of 14

overfitting, stabilize training and improve the quality of
synthetic images. The reason why the improvement effect
is not so amazing may be that the addition of false images
interferes with the normal training of the discriminator.
Diffusion-GAN becomes worse with the same number
of trainings. We speculate the main reason is that dis-
criminator learning not only distinguishes between true
and false data but also needs to distinguish diffusion-
generated samples from diffusion-true observations. In
addition, the injection of instance noise aggravates the
learning task of model training, which prolongs the train-
ing time, although avoids catastrophic forgetting of the
discriminator to some extent.

In addition, we note that the StyleGAN2 model has the
highest SSIM value and MS-SSIM value among the four
models. This indicates that the images generated by the
StyleGAN2 model are most similar to the real images,
while the images generated by the network with the addi-
tion of the data enhancement module are less similar to
the real images. This is because the real data distribu-
tion in GAN training will be disturbed by adding a data
enhancement module.

Table 2 shows a comparison of the image qual-
ity between our adopted image translation model and
another advanced image translation method, SPADE. We
can see that the method used in this paper is significantly
better than SPADE.

Comparing Table 1 and Table 2, we can see that the
image translation method is obviously superior to the
image generation method in this experiment. Both the
FID score and KID score of CoCosNET are lower than
StyleGAN2-ADA which is the most effective of the image
generation methods. We speculate that it is because the
image translation uses the idea of coloring the shape
structure of the Peking opera facial masks, which makes
the generated images more detailed and accurate than
the fake images generated directly by the image gen-
eration model. The SSIM and MS-SSIM values of the
CoCosNET model are higher than those of image genera-
tion models because the structures of images generated
by CoCosNET are all from real images.

Diversity evaluation of generated images

In this paper, Learned Perceptual Image Patch Similarity
(LPIPS) is used to measure the average feature distance
between the generated samples. LPIPS represents the
perceptual similarity between image blocks and is used
to measure the difference between two images [29]. The
lower the LPIPS score, the less the difference between the
images. In other words, the higher the LPIPS score, the
better the diversity among the generated image samples.
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0.3911 0.374
0.45 7 0.3725
0.4048 0.3898

0.4 1 0.3892

Real images
Fakes

0.3232
0.3615 0.3585

0.25 1 0.1726

ADA APA Diffusion-gan  StyleGAN2 ~ CoCosNET

Fig. 6 LPIPS values of the generated images from different models.
The blue color represents the LPIPS values between generated
images and real images, and the yellow color represents the LPIPS
values between generated image samples

As can be seen from Fig. 6, the diversity of image sam-
ples which are generated by the image generation model
is higher than the diversity of image samples generated
by the image translation model. The similarity between
the images generated by the image translation model and
the real images is higher. This is because the image trans-
lation model generates the image structures from the real
images. Therefore, the generated images are more similar
to the real images, but the price is that the diversity of the
generated images will be reduced. The image generation
model learns the distribution of real images and gener-
ates new images, so the diversity of generated samples is
higher.

On the other hand, we can also see that the diversity of
image samples generated by the StyleGAN2 network with
a data enhancement module is higher than that without
data enhancement. This indicates that data enhancement
is an effective method to improve the diversity of the gen-
erated Peking opera facial mask images.

Treacherous Righteous Loyal

Fig. 7 Criteria for classifying Peking opera facial masks

Serious
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Classification task

In order to further evaluate whether the Peking opera
facial mask generation task is up to standard, and com-
pare the quality of Peking opera facial mask images gen-
erated by image generation and image translation, this
paper uses an image classification task to verify. The main
color of Peking opera facial masks represents the charac-
ter and significance of the characters. In this paper, the
Peking opera facial masks in the original dataset are clas-
sified into seven categories according to different primary
colors. The classification criteria are shown in Fig. 7.
After the manual screening, 500 Peking opera facial
masks of each type are extracted from the original data-
set as the classification training set and 20 Peking opera
facial masks of each type are obtained from the remain-
ing dataset and the images generated by the model stud-
ied in this paper as the classification test set.

Considering that data sets are classified by color, the
classification task is relatively simple, so the required net-
work layers need not be too deep. In this paper, a famous
convolutional neural network, ResNet18, is adopted as
the feature classifier. The transfer learning technology
is used to modify the output category of the classifica-
tion layer. The pre-training network is used to initialize
the network. The last fully connected layer is replaced
by a new layer with random weight, and only this layer
is trained. In this paper, the batch_size is set to 8 and the
num_epochs is set to 50. Table 3 shows the performance
comparison between the research method in this paper
and the original data set after training through feature
extraction on the classification model.

Taking the classification accuracy of the original data-
sets as the standard, we find that the classification accu-
racy of the images generated by CoCosNET is closest to
the classification accuracy of the dataset (real images) and
is the highest among the research methods in this paper.

Brave Savage  Chivalrous
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Table 3 Comparison of classification accuracy of images generated by different models

Model Real datasets ADA Fakes APA Fakes

Diffusion-GAN Fakes

StyleGAN2 Fakes CoCosNET Fakes

Acc 94.2% 90.5% 89.7%

79.8%

81.4% 92.9%

(The best scores are highlighted)

This illustrates that the images generated by CoCosNET
are closest to real images and can be used in place of real
images for Peking opera facial mask character classifica-
tion applications. At the same time, it also proves that for
Peking Opera face images, the quality of the images gen-
erated by the image translation technique which is based
on the instance images is better than that generated by
the image generation technique.

On the other hand, the classification accuracy of
the images generated by StyleGAN2 adding the data
enhancement modules ADA and APA is much higher
than that only generated by StyleGAN2. It demonstrates
that applying the data enhancement modules to the
StyleGAN2 network can reliably stabilize the training
and effectively improve the quality of image generation.

Conclusion

The construction of the cultural gene pool of Peking
opera facial masks and the automatic generation of
Peking opera facial masks are technological innovations
in traditional arts. In this paper, we explore the intel-
ligent generation method of Peking opera facial masks
from two directions: image generation and image
translation. The generated images have achieved good
results both in qualitative analysis and quantitative
analysis. This has important practical implications for
promoting both the dissemination and reuse of Peking
opera cultural resources.

In terms of image generation, this paper explores the
best data processing in the generative model by applying
different data enhancement methods on the StyleGAN2
network. Our experiments show that data enhancement
remains the simplest and most effective way to avoid dis-
criminator over-fitting and to improve the quality of gen-
erated images. This will lay a good foundation for Peking
opera facial mask generation, including improving net-
work structure and training strategies. In terms of image
translation, the CoCosNET achieves a good generation of
Peking opera facial masks, but the problem of color mix-
ing in some regions occurs in the generation of certain
complex spectral patterns. The quality of the generated
images can be further improved if the dataset is finely
chunked and calibrated.

We intend to focus our future work on building mask
datasets of Peking opera facial mask segmentations

and researching data enhancement. Combining these
two aspects to improve the network structure, further
improving the quality of Peking Opera facial masks,
and providing reliable technical support for the devel-
opment and protection of Peking Opera facial masks.

Abbreviations
StyleGAN  Style generative adversarial network

GAN Generative adversarial network

AR Augmented reality

VAE Variational auto encoder

ResNet Residual networks

3D Three-dimensional

APA Adaptive pseudo augmentation
ADA Adaptive data augmentation

FID Frechet inception distance

KID Kernel inception distance

SSIM Structural similarity index

MS-SSIM - Multi-scale-structural similarity index
LPIPS Learned perceptual image patch similarity
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