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Abstract: We digitally reproduce the process of resource collaboration, design creation, and visual presentation
of Chinese seal-carving art. We develop an intelligent seal-carving art-generation system (Zhejiang University
Intelligent Seal-Carving System, http://www.next.zju.edu.cn/seal/; the website of the seal-carving search and layout
system is http://www.next.zju.edu.cn/seal/search_app/) to deal with the diﬃculty in using a visual knowledge
guided computational art approach. The knowledge base in this study is the Qiushi Seal-Carving Database, which
consists of open datasets of images of seal characters and seal stamps. We propose a seal character generation
method based on visual knowledge, guided by the database and expertise. Furthermore, to create the layout of the
seal, we propose a deformation algorithm to adjust the seal characters and calculate layout parameters from the
database and knowledge to achieve an intelligent structure. Experimental results show that this method and system
can eﬀectively deal with the diﬃculties in the generation of seal carving. Our work provides theoretical and applied
references for the rebirth and innovation of seal-carving art.
Key words: Seal-carving; Intelligent generation; Deep learning; Parametric modeling; Computational art
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1 Introduction
Seal carving is the art of engraving Chinese characters on seals, and it has an about 3000-year history.
The seal was initially used as a practical tool that
performs credibility authentication in political and
economic activities. The discovery and popularization of ophicalcite enabled the literati to self-seal and
carve. Due to the rise of seals for signing on art collections, the function of seal carving began to change
from applied art to artistic appreciation. Over time,
‡
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it became a popular form of art among the literati
(Gu, 2013).
The art of seal carving adheres to classical conventions, and the seal script is the major script style
used for seal carving. The correctness of the characters’ orthography is traditionally an important aspect of the seal-carving technique (Li GT and Ma,
2009), and the commonly used seal script typologies
are very diﬀerent from modern Chinese characters.
Chinese characters’ structural and stroke features
have changed so much that the seal script can no
longer be considered a style of modern Chinese characters (Wang L, 1980). Seal script information processing technology is slowly evolving, including industry standards for encoding (Unicode Consortium,
2020), recognition, and glyph production. Seal script

Zhang et al. / Front Inform Technol Electron Eng

1480

can still be seen in historical locations, cultural artifacts, and antiques, as well as in books and calligraphy works (Qiu et al., 2000). Previous studies of Chinese seal-carving art have primarily focused on identiﬁcation and authentication of the entire seal (Fan
and Tsai, 1984; Chen, 1995, 1996; Su, 2007a, 2007b),
but there have been few studies on the production
of seal characters. Compared with Chinese character calligraphy and other art forms, seal-carving art
is time-consuming, economically costly, and laborious. Therefore, exploring the intelligent generation
of seal-carving art could improve the eﬃciency and
quality of seal-carving art creation and assist in reviving this ancient art form. It would also lower the
cost of seal carving, enhance the quality of seal products, and make seal-carving art more accessible to
people.
The intelligent generation of seal-carving art is
complex and challenging, requiring multiple disciplines across computer science, such as data science,
computer vision, computer graphics, and humancomputer interaction. However, “visual knowledge”
(Pan, 2019), a new form of knowledge representation,
can guide many tasks on computer vision, including
the generation of seal carving. In this study, we propose a method to generate a seal with a speciﬁc style
and appropriate layout from a simple format of a

Generation of seal
characters
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standard script. The database of seal characters and
seal stamps oﬀers essential visual knowledge, which
guides the generation of seal characters and the layout of a seal. Fig. 1 depicts the ﬂow chart of the
intelligent generation of seal carving. Our study can
also be applied to other forms of art and design of
Chinese characters, thereby serving the cultural and
creative industry, as well as inheriting and promoting
traditional culture.

2 Related works
2.1 Generation of characters
2.1.1 Based on interaction
Most of the early studies conducted on character generation were based on interactive methods.
Artists undertook this type of study, and computers oﬀer assistance in improving human design and
artistic creation eﬃciency (Zhang JS, 2019). According to study content, it can be divided roughly into
two types, Chinese calligraphy generation and font
design.
Researchers study mainly the digital modeling of calligraphy tools for Chinese calligraphy generation, including virtual brush modeling and ink
diﬀusion simulation. Wang YG and Pang (1986)

Layout of seal

Layout of
standard script
Guide

Guide

0001-001.png

0001-002.png

0001-003.png

0002-004.png

0002-006.png

0002-007.png

0005-001.png

0005-011.png

0005-014.png

0001-011.png

0001-012.png 0001-015.png

0005-002.png

0005-003.png

0005-019.png

0006-001.png 0008-003.png

03-005-1.png 03-005-2.png

03-005-3.png

03-005-4.png

03-006-2.png 03-006-3.png

03-006-4.png

03-007-3.png

0005-004.png

Seal characters

Seal stamps

Database and knowledge

Fig. 1 Flowchart of intelligent generation of Chinese seal carving

Final seal

Zhang et al. / Front Inform Technol Electron Eng

proposed a computer-based Chinese calligraphy system. They simulated writing brushes, built a library of strokes, and used human–computer interaction to combine characters. Strassmann (1986)
studied the virtual brush modeling. The author divided the functions of the brush-writing process into
the brush, stroke, dip, and paper, and parameterized them separately. After that, more researchers
adopted various methods of modeling. For virtual
brush modeling, some researchers started from the
contact shape of the brush and paper, and employed
the scattered point set (Yu JH et al., 1996), ellipse
(Wong and Ip, 2000), raindrop (Mi et al., 2002; Bi
et al., 2003), etc. The user speciﬁed the crucial locations for the brush’s movement trajectory to make
calligraphic characters; however, the parameter settings are extremely complex. Xu SH et al. (2002) and
Girshick (2004) developed a generation model based
on the movement of the mouse. Lu et al. (2013)
proposed a data-driven calligraphy and painting system, RealBrush, which can synthesize more colorful
and texture eﬀects. Some researchers also applied
mechanical methods to model brushes from a physical viewpoint (Lee, 1999; Saito and Nakajima, 1999;
Baxter et al., 2001). In addition, Chu and Tai (2004,
2005) installed sensors on a brush to simulate the
movement of the brush in a three-dimensional space.
For the ink diﬀusion eﬀect, Guo and Kunii (1991)
considered the paper ﬁber structure to simulate the
dynamic diﬀusion of ink, and Lee (1999) proposed a
Chinese art paper model using a network structure
and an ink diﬀusion algorithm.
Many font designers choose auxiliary design systems for font creation, such as FontCreator (HighLogic, 2020), FontLab (FontLab, 2020), and Glyphs
(Glyphs, 2020). Chinese font design companies, such
as Founder, have also launched an auxiliary system
(Founder Group, 2020) dedicated to Chinese font design. Professional designers often use these tools in
font creation and adjustment.
In summary, interactive glyph generation methods can generate glyphs in a relatively controllable
manner. Users can control the creation process, and
the resulting glyphs are guaranteed to be straightforward and pleasing (Wang YG and Pang, 1986).
However, the disadvantage of this method is that it
is not intelligent enough; it depends heavily on the
user’s professional knowledge and still requires a lot
of user work.
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2.1.2 Based on graphics
Glyph generation based on graphical methods
generally starts at the font component level (such
as radicals, strokes, and skeletons). Then, it automatically generates glyphs through various techniques, such as parameterized representation, component mapping, and statistical models (Zhang JS,
2019). Moreover, the objects of glyph generation are
mostly modern characters, such as regular, cursive,
running scripts, and even personalized handwriting.
Unfortunately, there are very few studies of glyph
generation of seal script.
Xu SH et al. (2007, 2009) introduced a calligraphy creation method based on analogical and
integrated reasoning. A matching model based on
strokes was created using a hierarchical parameter
representation of characters. Furthermore, the speciﬁc process disassembles the characters to be generated and obtains a new character; the matching
model chooses similar strokes to match the corresponding topological structure. Shi et al. (2014)
modeled Chinese character components, constructed
a dynamic Bayes model, and adjusted character generation by applying the condition equation. Based on
texture mapping, Yu JH and Peng (2005) proposed
a method for generating cursive script and used
Markov interpolation for texture synthesis. Dong
et al. (2008) considered a calligraphy simulation
based on statistical models. Li W et al. (2014) proposed a weighted histogram of forces to measure a
character’s topological features and then to synthesize topologically consistent characters.
There is signiﬁcant research on personalized
fonts, in addition to Chinese calligraphy. Zhou et al.
(2011) proposed a model based on mapping between
familiar characters and handwriting, and all characters were generated using 20% handwriting. Lian
and Xiao (2012) generated handwriting by creating standard word templates, matching handwriting
with familiar characters, and replacing corresponding parts. Additionally, Lin et al. (2014, 2015) developed a system for generating partial handwriting.
Zong and Zhu (2014) created a component mapping vocabulary that automatically matches standard characters and handwriting. Then, without any
structural input from individuals, they developed
handwriting in a similar style. In summary, the
generation of glyphs using graphical approaches is
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dependent mainly on the parametric representation
and modeling of font components; the created characters are usually stable. Although visual methods
can eventually develop intelligent characters, speciﬁc expert knowledge is required to disassemble and
model characters. Furthermore, the number of characters is limited due to the complexity of disassembly
and modeling, and the cost of large-scale use is prohibitively high.
2.1.3 Based on machine learning
In recent years, machine learning, especially
deep learning, has been rapidly developed and extensively applied in computer vision, graphics, etc. For
example, numerous researchers have used deep learning methods for font generation and achieved a series
of results (Zhang JS, 2019). The key techniques are
convolutional neural networks (CNNs), variational
auto-encoders (VAEs), generative adversarial networks (GANs), recurrent neural networks (RNNs),
and feed-forward neural networks (FFNNs).
Tian (2016) used CNNs to transfer font style of
a regular script, built a style transfer network using
ﬁve-layer convolution, and tested fonts such as song
and regular scripts, but the results were poor. After
“pix2pix” (a kind of GAN) (Isola et al., 2017) was
proposed, Tian (2017) conducted experiments on a
regular script, named “zi2zi,” and good results were
achieved. Jiang et al. (2017) proposed DCFont based
on a deep convolutional GAN that learns to generate handwritten characters. Then they proposed
SCFont (Jiang et al., 2019) using high-level information, such as skeletons and strokes. Wen et al. (2019)
used CNNs and GANs to generate characters before
optimizing them. To encode content and style separately and to generate Chinese characters, Zhang YX
et al. (2018) used an encoder-mixer-decoder (EMD)
framework. Sun et al. (2017) used a style-aware VAE
(SA-VAE) to encode content and style separately, as
well as multi-level information such as structures and
radicals. Furthermore, using a hierarchical content
generator and discriminator, Chang J et al. (2018)
employed a hierarchical GAN known as the hierarchical adversarial network (HAN) to generate characters. Lyu et al. (2017) used an auto-encoding GAN
to generate ancient calligraphers’ handwriting. Lian
et al. (2018) proposed EasyFont, which extracts and
classiﬁes strokes before using an FFNN to generate
characters. Tang et al. (2019) proposed FontRNN
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to generate characters using an encoder and decoder
as the RNN input. Chang B et al. (2018) used the
unpaired CycleGAN method to generate characters,
employing two generators and two discriminators.
Zheng ZZ and Zhang (2018) proposed CocoANN,
which uses an adversarial approach to optimize two
content and style encoders to generate characters.
Details are shown in Table 1.
Three data dimensions—amount, paired or not,
and data label—can be used to describe the attributes of the seal character database. The amount
of data is reﬂected mainly in the diﬀerence between
the type of font and the number of characters in a
single font. The more font types there are, the more
generalized the algorithm will be; the smaller the
amount of data, the stronger the creativity of the
algorithm. Furthermore, the goal of the charactergeneration algorithm research is to use fewer data
to obtain better results on more font types. Paired
data mean that there is a one-to-one correspondence
between the target and reference fonts. The machine
can have a more accurate understanding when data
are input in pairs into the model. The data label
indicates that the algorithm uses information in addition to the image information. Algorithms that do
not use additional labels use the glyph image information for training on a single font each time; to
learn the associations and diﬀerences between diﬀerent font categories, algorithms that use font category
labels are trained on multiple fonts concurrently. Algorithms for high-level semantic tags, such as radicals, strokes, skeletons, key points, and time series
of critical issues, can better understand the composition of words and achieve more accurate results.
There are various models used in glyph-generation
research. GANs and CNNs are the most used ones.
In addition, the generator+discriminator framework
and the encoder+decoder framework are most common, and multi-model combination and multi-frame
nesting are usually adopted.
In summary, font-generation algorithms based
on machine learning are more intelligent and do not
need any expert knowledge. However, few studies
have focused on seal carving. This is because seal
script used in seal carving has existed for about 3000
years and is very diﬀerent from standard writings.
Because of this uniqueness, most of research cannot
be directly applied to seal script.
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Table 1 References about the generation of Chinese characters
Research

Method

Database

Additional label

Model(s)

Tian (2016)
Lyu et al. (2017)
Chang J et al. (2018)
Wen et al. (2019)
Chang B et al. (2018)

Rewrite
AEGN
HAN
CSR
CycleGAN

None
None
None
None
None

CNN
GAN
GAN
CNN, GAN
GAN

Zheng and Zhang (2018)

CocoANN

3000 characters, paired data
3000 characters, paired data
3000 characters, paired data
750 characters, paired data
Multiple fonts (each with 3000
characters), unpaired data
Multiple fonts (each with 6763
characters), unpaired data
Multiple fonts (each with 3000
characters), paired data
Multiple fonts (each with 775
characters), paired data
Multiple fonts (each with 1732
characters), paired data
Multiple fonts (each with 3000
characters), paired data
Multiple fonts (each with 775
characters), paired data
Multiple fonts (each with 775
characters), paired data
Multiple fonts (each with 775
characters), key points

None

CNN, GAN

Font category

GAN

Font category

GAN

Font category

CNN

Radical structure

VAE

Stroke category

CNN, GAN

Key points of skeleton

FFNN

Time series of key points

CNN, RNN

Tian (2017)
Jiang et al. (2017)
Zhang YX et al. (2018)

zi2zi
DCFont
EMD

Sun et al. (2017)

SA-VAE

Jiang et al. (2019)

SCFont

Lian et al. (2018)

EasyFont

Tang et al. (2019)

FontRNN

CNN: convolutional neural network; EMD: encoder-mixer-decoder; FFNN: feed-forward neural network; GAN: generative
adversarial network; HAN: hierarchical adversarial network; VAE: variational auto-encoder; SA-VAE: style-aware VAE

2.2 Layout of characters
There is little research or system development
concerning the layout of calligraphy or seals. Leung
(2004) analyzed and synthesized traditional Chinese
seals, and proposed a method for generating seal images from handwritten Chinese characters. Xu YX
(2007) designed and developed an interactive calligraphy plaque-generation system that allows users
to search for images of calligraphy characters with
consistent content from the established calligraphy
database; users can adjust the layout of characters on
the plaque. Yu K (2010) designed a system that can
calculate the layout based on the size of the plaque
and unify the size and stroke width of calligraphy
characters. However, related studies on the layout of
characters on seals are rare.

3 Method
“Visual knowledge” (Pan, 2019) is a new form of
knowledge representation that can guide many visual
tasks, for example, transformation from one visual
image to another. Pan (2021) took intelligent generation of Chinese seal carving as a typical example,
and we will show how visual knowledge guides us.

Visual knowledge K can express the dimension,
color, texture, spatial shape, and spatial relationships of an object. The task of style transfer can
be expressed as K Y = G(K X ), where K X is the
knowledge of style X, K Y is the knowledge of style
Y , and G is the generator that transforms the styles
from X to Y . In our task, we take the visual knowledge of seal carving as KSC . Style X is the layout
of the standard script and style Y is the real seal. A
Y
X
= G(KSC
) is obtaining
feasible way to achieve KSC
paired data of seals with styles X and Y and training
a deep learning model. However, this simple method
does not eﬀectively use visual knowledge. For example, some sub-knowledge between styles X and Y
is the same, such as the character skeletons on the
seals. Some sub-knowledge can also be obtained using graphical and statistical methods, such as layout
of characters. The division and explicit expression of
this sub-knowledge can guide and improve the generation signiﬁcantly. There are many diﬀerent glyphs
of the same characters, and they can hardly be paired
on the pixel level, which means that the end-to-end
model can barely work.
Thus, we propose a novel method guided by
visual knowledge. A visual concept usually has a
hierarchical structure. For the visual knowledge of
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seal carving KSC , we construct a hierarchical structure as shown in Fig. 2. Now we have the layout of
X
, and our target is to obtain
the standard script KSC
Y
a novel seal KSC . The character set of the standard script is suﬃcient, but the set of characters
used in seal carving is incomplete. Thus, we can
use all knowledge of style X, i.e., K X , as the source
rather than style Y . The standard script is written
by brush, whereas the characters on the seals are
carved, so their textures are diﬀerent but the skeletons are almost the same. Thus, we assume that
the skeleton knowledge between styles X and Y is
X
Y
= KSK
. Then we need only to
the same, i.e., KSK
Y
Y
obtain KSC from KSK .
Y
, we conIn detail, to obtain a seal carving KSC
Y
struct a system to obtain a seal stamp KS and combine it with a carving machine KCa . To obtain a seal
stamp KSY , we generate seal characters KCY and calculate the layout KLY from our seal stamp dataset.
In addition, we propose a deformation algorithm to
combine KCY and KLY . Then we construct a paired
dataset of the incomplete characters KCY and their
skeletons, and train a deep learning model to obY
tain rendering KR
. Now we need only to obtain
Y
X
KSK = KSK , which can be easily extracted from
standard scripts KCX .

2022 23(10):1479-1493

the seal stamp dataset, and to obtain the seal character’s knowledge KCX and KCY (incomplete), we build
the seal character dataset. We combine computer
and manual methods to obtain the data and compile
them by diﬀerent kinds of styles. There are about
6500 seal stamps and 70 000 seal characters in the
Qiushi database, which is our knowledge base for
generation and layout.
First, we collect seal stamp books such as
Hanyin Fenyun Hebian (Yuan, 1979), Zhongguo
Lidai Yinfeng (Huang, 1999), and Zhuanke Changyongzi Zidian (Liu, 2010).
After collecting a
large amount of data, we use an intelligent sealcarving image-processing procedure to construct the
database, as depicted in Fig. 3. After scanning, page
segmentation, deskew, matching, single-character
segmentation, style clustering, standardization, textimage matching, and index creation, the seal book is
ﬁnally processed into standard data classiﬁed by the
style. Because seals are often old and their edges are
easily worn, it is usually not a complete square when
it is stamped on the paper. For zhuwen (characters
in red), the boundary of the seal is often not obvious. We use pixel-level calculations supplemented
by professional knowledge to segment each seal image and the corresponding text in the seal book.
Moreover, we correct the rotation of the stamp using the Hough transform, i.e., deskew. Generally,
the seal image contains multiple characters, and to
facilitate generation research, we separate the characters from images using a crowdsourcing platform.
This study applies optical character recognition, supplemented with manual checking, to obtain textannotation images for matching between the text
and single-character image. Considering the various

4 Seal-carving database and knowledge
Visual learning of seals is the prominent issue for
intelligent generation of Chinese seal carving, so we
construct the Qiushi Seal-Carving Database as the
knowledge base. The visual knowledge of seal stamps
KS has two parts, seal character KC and layout KL .
To obtain the layout’s knowledge KLY , we construct

;
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Fig. 3 Construction of the seal-carving database (References to color refer to the online version of this figure)

seal-carving styles, the data are sorted according to
diﬀerent styles to facilitate further research. We use
some key style features, such as thickness, stroke
angle distribution, and vertical and horizontal symmetry. We achieve good results, such as zhuwen

and baiwen (characters in white) binary classiﬁcation
and style clustering. In the same style, the characters in the two-character seal images are long, but
they are square in the four-character seal images.
Furthermore, each character has a diﬀerent layout
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range on the sealing surface because of the number
of strokes, so the size of each character diﬀers. Therefore, a standardized method is needed to make the
characters within the same style class have consistent style features and the same size. If we stretch
the characters directly, they will be deformed, and
their appearance and even style will be aﬀected. This
study applies medial axis transformation to divide
the characters into skeletons and distance distributions, and then they are separately adjusted to make
the size and thickness uniform.
In addition, in this study, we supplement the
seal-carving database itself. The data-driven method
of deep learning is applied to intelligently generate
seal characters and seals. After selecting high-quality
results and adding them to the seal-carving database,
the database grows continuously. The designed standard database is deployed on the seal character retrieval platform. Additionally, users can input a single character to be retrieved, and the system will
return the seal image and seal character image with
the character (Fig. 4).
Font weight
Seal character
᯦

Fig. 4 Seal glyph retrieving platform

5 Generation of seal characters
In this section, we will show how we obtain the
target characters KCY . Although we obtain some
target characters on the seal from our database, the
character set lacks many characters because there
are some characters not shown in the existing seal
stamp books. Thus, we use these target characters
Y
by a deep learning model.
to learn the rendering KR
X
Combining skeletons KSK from the complete characY
, we obtain
ter set KCX and the target rendering KR
Y
all the target characters KC .
In practice, we set seal characters on seals from
Zhongguo Lidai Yinfeng (Huang, 1999) as style Y ,

2022 23(10):1479-1493

called the style of Hanyin. Then we set characters
in the Dictionary of Common Characters for Seal
Carving (Liu, 2010) as style X. The skeletons of
Miu seal characters in the Dictionary of Common
Characters for Seal Carving are correct and artistic,
but the characters are written with a brush, which
is not suitable for seal. As shown in Fig. 5, during
training, we extract the skeleton of seal characters on
Y
and characters
seals and combine the skeletons KSK
Y
KC as pairs. Then we input the pairs into a GAN
model named zi2zi (Tian, 2017). After the training,
the model can learn how to render a skeleton into a
character with the Hanyin style. During generation,
X
of the Miu seal charwe extract the skeletons KSK
acters in the Dictionary of Common Characters for
Seal Carving, and input the skeletons into the model
to generate the characters. After artifact removal,
the characters can be used in the seal. Our method
divides the skeleton knowledge and rendering and
develops the characters with skeletons of Miu seal
characters and Hanyin style.
This method maintains the skeleton of the original Miu seal script style. It thus avoids structural
errors and fusion of neighboring strokes, which are
universal in end-to-end models. The brush-written
texture is removed on the generated glyphs and
therefore ﬁts well into seal-carving aesthetics. The
skeleton-based generation method, either the seal
script or the modern Chinese characters, is chosen
as the training data. The model’s inference can result in a corresponding style of generated seal glyphs.
For example, if we want a “harder” style for seal characters, we can employ modern Chinese characters in
the Gothic font style as style Y for training. The
shortcomings of this method are the lack of structural changes and the dependence of the generated
character set on the source dataset.

6 Layout
To obtain seal stamps KSY from the layout of
seal KLY , we ﬁrst propose a deformation algorithm
to adjust the seal character size and location while
maintaining the character shape. Using this deformation algorithm, we can compose the characters
with interaction. Then, to make the layout more
intelligent, we calculate layout parameters from the
database to achieve a smart layout.
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Fig. 5 Generation model based on the skeleton guided by hierarchical visual knowledge

6.1 Deformation algorithm
Based on mathematical morphology and vector
parameterization, we propose an intelligent deformation algorithm as a basis for character layout. Diﬀerent from pictures, if scaling and other deformations
are simply applied to the glyphs, the strokes will be
out of shape and the structural characteristics will be
changed. For example, if you want to compress the
Chinese glyphs horizontally, the glyphs will become
narrower, and the vertical drawing should become
thinner to maintain symmetry. Therefore, simple
scale processing at the pixel level is impossible.
In this study, the method based on mathematical morphology uses mainly skeletonization and medial axis transformation. The binarized Chinese
character image is converted into a skeleton image
(denoted by S , which is a matrix with the same size
as the original image) and the distribution map (denoted by D , which is a matrix with the same size
as the original image) of the nearest distance from
each point in the skeleton image to the glyph outline. The converted S and D can be restored to the
original image by applying a simple image algorithm:
traverse all the skeleton points on S , for each point,
obtain the corresponding value in D named d, and
draw a circle on this point with a radius of d; the
superposition of all the circles is the original image.
The manipulation of S and D can cause the structure
and stroke shape of the corresponding glyph image
to change, respectively. For example, if you want to
change the font size without changing the thickness,
you can scale both S and D to the target size (with

the same multiplicator), and then restore both S and
D to a font image. Moreover, if you want to thicken
or thin the font stroke, you can multiply D by a value
while keeping S constant, and then restore S and D
to a font image.
The mathematical morphology based glyph manipulation method needs to recalculate the skeleton
and distribution maps of the closest distance many
times, so its computational cost is very high. Therefore, we propose a vector parameterized deformation
method that has high storage eﬃciency and image
transmission speed in browser/server (B/S) system
applications. Moreover, this method can be regarded
as the result of the previous method after sampling
on the image contour. Particularly, polygons are
used to ﬁt the contour of the image polygon, the
nodes of the polygon contour are recorded, and the
skeleton points closest to these nodes are recorded.
As shown in Fig. 6, we label the polygon contour
node set as C = {cc1 , c 2 , . . . , c n }, and its corresponding skeleton point is labeled as P = {ss1 , s 2 , . . . , s n };
we construct the oﬀset vector of the node on the
skeleton point O = {ooi |oo i = c i − s i , i = 1, 2, . . . , n}.
Thus, the manipulation of P and O can lead to
changes in the restored polygon outline node set.
The sequence of nodes and their contours will be
saved in advance, and the set of contour nodes can
always be restored to the glyph image. For example,
if you employ this method to change the font size
without changing the thickness, you can scale P to
the target size without changing O. Another example
is to thicken or thin the font stroke by multiplying O
by a value.
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that, we apply these parameters to the layout, and
the appropriate layout is achieved.
Glyph outline
Skeleton
Skeleton point
Outline point
Offset vector

Fig. 6 Parameterized model based on hierarchical
visual knowledge

In this study, we develop an intelligent layout
system that enables users to manipulate character
deformation and layout in real time and preview
the results based on the intelligent deformation algorithm. As illustrated in Fig. 7, users can ﬁrst query
the corresponding seal characters, search in our developed seal-carving database, add them to the layout surface, and then drag the vertices of the characters’ bounding boxes to adjust sizes and positions of
the characters on a seal in real time. To ease the user
operations, the interactive interface also provides an
automatic character layout based on the average layout method. We obtain the default parameters by
applying statistical techniques. The characters can
be quickly and evenly arranged on the layout surface, and they will be easier to ﬁne-tune based on
this arrangement. On one hand, using the developed
intelligent interaction can generate complex and diverse layouts of seal-engraving prints, thereby avoiding unreasonable character layouts. On the other
hand, for complex glyphs that do not exist in some
database, users can split them into two or multiple
simple glyphs and join them together to make complex glyphs.

The ﬁrst parameter is the thickness of the
stroke. By the parameterized model in Fig. 6, we
can calculate the norm of the oﬀset vector, which
means the thickness of the stroke. After calculating
the thickness of all characters with the same style
in the seal stamp dataset, we can obtain the average
thickness of this style. Then we adjust the oﬀset vector’s norm without changing the direction. Finally,
the characters on the seal have the same thickness of
strokes as the chosen styles.
Two parameters determine the location and size
of the characters: margin and character spacing.
First, we calculate the convex hull of all the characters in the seal (i.e., the yellow lines in Fig. 8).
Second, we calculate the hull of each character in the
seal separately (i.e., the blue lines in Fig. 8). Then
we calculate the media axis of the four hulls (i.e., the
red lines in Fig. 8). The average of twice the distance
between the convex hull and the media axis of the
seal can represent the margin. The average space
between the hull of one character and the media axis
or the convex hull of all characters represents the
character spacing of this character. By calculating
the average character spacing of all characters, we
can obtain the ﬁnal character spacing.
Hanyin usually adopts an average layout, so the
media axes of four characters are determined. After calculating the layout parameters above, we can
obtain the coordinates of the four points of each character’s bounding box. Then we use the deformation
algorithm to change the characters’ size and complete the ﬁnal layout.

Media axis

6.2 Intelligent layout guided by database and
knowledge
In this subsection, we calculate layout parameters KLY from the database and knowledge. After

Before composition Generate composition

Fine-tune composition

Fig. 7 User interface for seal composition

Convex hull of all
characters
Hull of one character

Fig. 8 Calculation of margin and character spacing
(References to color refer to the online version of this
figure)
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7 Experiments
7.1 Dataset and experimental settings
To evaluate the ability to generate seal carving,
we used seal characters on seals from Zhongguo Lidai
Yinfeng (Huang, 1999) as target style Y , called the
style of Hanyin. We used 3485 seal stamps in total.
Then we used layouts of characters in the Dictionary
of Common Characters for Seal Carving (Liu, 2010)
as style X. Finally, we used 6030 characters and
combined them into layouts that were paired with
the actual seal stamps.
We chose the pix2pix (Isola et al., 2017) model
as the baseline model, and used a data augmentation
method to develop more than 9000 paired images.
We trained the pix2pix model for 200 epochs.
We randomly selected nine seal stamps as the
testing set and compared the results of both methods. Because there are no ground truth images for
comparison, we recruited many participants to evaluate the results.
7.2 Experimental results
As shown in Fig. 9, our method is better than
the GAN. We obtained more stable and more aesthetically pleasing results. There were too many
structural errors and fusion of neighboring strokes in
the GAN results. The same character can have many
diﬀerent glyphs, and they are diﬃcult to pair at the
pixel level for the pix2pix model. Another reason
is that character layouts on the seal are not simple,
making it hard to match characters on the seal and
characters of the standard script. Some seals generated by our method are not good enough, such as the
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ﬁrst one. The character in the bottom right corner
is too large, and although we have a parameter to
adjust this, the default result is not good enough.
The seventh one is not good either, compared with
the true seals.
To evaluate these results, we conducted a user
study to compare these three kinds of results. To
ensure that participants did not know the seal’s
style, we shuﬄed the seals. There were 31 nonspecialists (Experiment I) and 20 professionals (Experiment II) involved, and we did the statistical analysis separately. We selected several metrics for nonspecialists (I): aesthetic harmony, visual balance,
texture roughness, stroke spacing, stroke uniformity,
and overall aesthetics. For professionals (II), we
added two metrics: variation of strokes and space
distribution. Every metric has 1–7 points that can
be chosen, and the higher the point, the better the
performance.
The descriptive statistics is provided in Table 2.
To learn more about the diﬀerences between
the three kinds of seals on these metrics, we ﬁrst
determined the homogeneity of variances and then
conducted the ANOVA test and robust equality of
means tests. For p < 0.05, we used Welch and for
p > 0.05, we used the ANOVA test. As shown in
Table 3, the results indicated a signiﬁcant diﬀerence
between these three kinds of seals.
Then we conducted multiple comparisons as
shown in Table 4. For non-specialists, our results
are better than those of the GAN and the true seals.
Our results are also better than those of the GAN for
professionals, but there are no signiﬁcant diﬀerences
between our results and the true seals.

True
seals

GAN

Ours

Fig. 9 Experiment results (GAN: generative adversarial network)
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Separately comparing the 27 seals in Fig. 9, nonspecialists believe that our ﬁrst and ﬁfth seals are
worse than the true seals while the second and fourth
seals are better. However, professionals think that
our ﬁrst, seventh, and ninth seals are worse, while
the second, third, and fourth ones are better.
In summary, our method is better than the GAN
without a doubt. Non-specialists think that our seals
are better than true seals, and the professionals believe that our seals and true seals have no signiﬁcant
diﬀerences.

2022 23(10):1479-1493

Given that users are mostly non-specialists and
that the operations such as printing are inconvenient
to perform on mobile terminals, our team adopted
a more intelligent and easy-to-use method to design
the system. The process involves three stages: customizing the seal characters and style, adjusting the
seal interactively, and waiting for carving. At the
ﬁrst stage, the users type the content text and select
the corresponding style. The system extracts the related seal characters from our database and uses the
average layout method to obtain the preliminary results. At the second stage, borders, stroke thickness,
rounded corners, character structures, margins, etc.,
can be adjusted. At the last stage, the user submits the seal carving and waits for the seal-carving
machine to complete the seal.

8 System
After preliminary exploration of the intelligent
generation of seal-carving art, we integrated the
steps of construction and retrieval of the seal-carving
database, smart generation of seal characters, smart
layout of characters on the seal, and seal carving to
design an integrated intelligent seal-carving system,
as depicted in Fig. 10. The system was launched
in June 2020, and the “AI Seal-Carving Experience
Activity” was organized. The system was used by
school students to generate their seals.

To combine the seal stamps with the sealing
machine, we used ArtCAM to convert the image to
toolpaths used for numerical control engraving (Yin
et al., 2020). Each generated seal stamp was saved as
an image and uploaded to the server-side. The upper
computer of the numerical control (CNC) engraving
system then downloaded the image of the seal and
converted it to toolpaths in G-code. The conversion

Table 2 Descriptive statistics
Experiment

Seals

Aesthetic
harmony

Visual
balance

Texture
roughness

Stroke
spacing

Stroke
uniformity

I

GAN
Ours
True seals

2.574
5.520
4.986

2.746
5.448
5.086

2.850
5.057
4.642

2.358
5.480
4.957

2.366
5.326
4.953

II

GAN
Ours
True seals

4.150
5.106
5.117

3.978
5.161
5.250

4.383
4.933
4.983

4.006
5.372
5.267

3.983
5.417
5.267

Variation of
strokes

Space
distribution

Overall
aesthetics
2.459
5.548
5.022

4.011
5.072
5.044

3.922
5.067
5.028

4.000
5.461
5.267

Table 3 ANOVA analysis results
Experiment

Aesthetic
harmony

Visual
balance

Texture
roughness

Stroke
spacing

Stroke
uniformity

Variation of
strokes

Space
distribution

Overall
aesthetics

I
II

687.464∗
31.533∗

600.434∗
90.802∗

214.835∗
9.336∗

686.366∗
75.105∗

533.84∗
71.685∗

77.405∗

38.356∗

749.338∗
43.332∗

∗

p < 0.001

Table 4 Multiple comparisons
Experiment

Seals

Aesthetic
harmony

Visual
balance

Texture
roughness

Stroke
spacing

I

Ours-GAN
Ours-true seals

2.946∗∗
0.534∗∗

2.706∗∗
0.362∗

2.208∗∗
0.416∗

3.122∗∗
0.523∗∗

2.961∗∗
0.372∗

II

Ours-GAN
Ours-true seals

0.956∗∗
−0.011

1.183∗∗
−0.089

0.550∗∗
−0.050

1.367∗∗
0.106

1.433∗∗
0.150

∗

p < 0.01;

∗∗

p < 0.001

Stroke
Variation of
Space
Overall
uniformity
strokes
distribution aesthetics
3.090∗∗
0.527∗∗
1.061∗∗
0.028

1.144∗∗
0.039

1.461∗∗
0.194
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Customized adjustment
(㠚ᇊѹ䈳ᮤ)

Customized characters and style
(ᇊࡦঠ䶒᮷ᆇо仾Ṭ)

Please enter the text (䈭䗉ޛᛞ㾷ᇐⲺᮽᆍ)
migu feixin (䶗᭻ॠ᯦)|
Preview (人㿾)φ䶗᭻ॠ᯦
Seal style (ঠㄐ⍱⍮仾Ṭ)
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baiwen seal zhuwen seal
(ⲳᮽদ)
(ᵧᮽদ)

Frame line (Ṽ㓵)
Stroke thickness (ㅊ⭱㋍㓼)

4/9

Round corner (഼䀈)
Loosening (ᶴᮙ)
Gap (䰪䳏)
Margin (䗯䐓)
Balance (ൽ㺗)

manbaiwen
xibaiwen
Han Yu seal Han zhuwen
(┑ⲭ᮷)
(㓶ⲭ᮷)
(≹⦹ঠ)
(≹ᵡ᮷)
More styles are coming soon (ᴪཐ伄Ṳθᮢ䈭ᵕᖻέ)
* The structure of Miuzhuan comes from the Zhuanke
Changyongzi Zidian compiled by Xiling Yinshe
(㕠ㇼ㔉ᶺᮦᦤ䜞࠼ᶛ㠠㾵߭দ⽴㕌Ʌㇼࡱᑮ⭞ᆍᆍޮɆ)

㠠⭧ؤ᭯

䠃㖤৸ᮦ

рж↛ сж↛

сж↛

(a)

(b)

Fig. 10 Integrated intelligent system for seal-carving art generation: (a) the first step, customizing the seal
characters and style; (b) the second step, adjusting the seal interactively

was done by ArtCAM, a popular computer-aided
manufacturing tool. With the G-code instructions
sent from the upper computer via the USB serial
port, the CNC engraving machine started to engrave
the seal design on a stone, under the control of the
lower programmable logic controller in the system.
As an attempt to promote the culture of seal
carving to the public and allow users to experience the art of seal carving, this “AI Seal-Carving
Experience Activity” achieved great success and
provided a reference for cultural development in
the ﬁeld of Chinese character art. Moreover, as
an essential research object in Chinese characters,
seal carving has signiﬁcant cultural and academic
value. As a product of ancient symbols and modern computer science and technology, the intelligent
integrated seal-carving system demonstrates the
auxiliary ability of computer science in the study
of art.

9 Conclusions
Chinese seal carving, an ancient traditional culture, deserves to be carried forward. The intelligent
generation of Chinese seal carving is a critical study
that will improve the eﬃciency and quality of sealcarving art creation and will make seal carving more
accessible to people. In this paper, we proposed a
pipeline for the intelligent generation of Chinese seal
carving guided by visual knowledge. First, we constructed the Qiushi Seal-Carving Database, including the seal character dataset and seal stamp dataset,
and extracted seal character knowledge and layout

knowledge from it. Then, guided by the seal character knowledge, we proposed a generation method
for seal characters. Guided by hierarchical visual understanding, we proposed a deformation algorithm.
With the help of the layout knowledge and deformation algorithm, we achieved an intelligent layout.
Finally, a layout of a standard seal script can become
a usable seal after the generation of seal characters
and layout. In this study, we provided a reference
for computer-art intelligent generation and support
for the study of Chinese characters, especially for
ancient characters. On one hand, clear goals and requirements may impose new conditions on technology, and current mainstream technologies may face
challenges. On the other hand, technological innovation may certainly bring new experience to aesthetics
and promote the inheritance and spread of culture.
The perfect combination of technology and art is our
ultimate goal.
There is also much weakness of our work. For
example, although the use of skeletons improves stability, it also restricts the variety of seals. A possible
way to resolve this is to train a new model to transfer the skeleton between diﬀerent styles. Now we
have excellent results on the Hanyin style, but many
styles are valuable to generate. To create great seal
styles, we need to expand our datasets and use visual
knowledge more eﬀectively.
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