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Intelligent Chinese Calligraphy Beautification from
Handwritten Characters for Robotic Writing
Xinyue Zhang · Yuanhao Li · Zhiyi Zhang · Kouichi Konno · Shaojun
Hu*

Abstract Chinese calligraphy is the artistic expression
of character writing and is highly valued in East Asia. However, it is a challenge for non-expert users to
write visually pleasing calligraphy with his or her own
unique style. In this paper, we develop an intelligent
system that beautifies Chinese handwriting characters
and physically writes them in a certain calligraphy style
using a robotic arm. First, we sketch the handwriting
characters using a mouse or a touch pad. Then, we employ a convolutional neural network to identify each
stroke from the skeletons, and the corresponding standard stroke is retrieved from a pre-built calligraphystroke library for robotic arm writing. To output aesthetically beautiful calligraphy with the user’s style, we
propose a global optimization approach to solve the
minimization problem between the handwritten strokes
and standard calligraphy strokes, in which a shapecharacter vector is presented to describe the shape of
standard strokes. Unlike existing systems that focus on
the generation of digital calligraphy from handwritten
characters, our system has the advantage of converting the user-input handwriting into physical calligraphy
written by a robotic arm. We take the regular script
(Kai) style as an example and perform a user study to
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evaluate the effectiveness of the system. The writing results show that our system can achieve visually pleasing calligraphy from various input handwriting while
retaining the user’s style.
Keywords Calligraphy · Beautification · Robotic
arm · Optimization · Handwritten characters

1 Introduction
Calligraphy, which is referred to as shufa in China and
as shodo in Japan, is a traditional art that explores the
beauty of human writing and cultivates a person’s character. However, it is very difficult for common people to
write aesthetically elegant calligraphy without a large
amount training because of the difficulty of mastering
the complicated and subtle writing skills needed to use
ink and brush. A calligrapher may take decades to practice shufa (shodo) and establish his/her own writing
style.
Inspired by the fact that most people prefer to write
characters using a hard-tipped pen rather than a softtipped brush, several systems have been proposed to
convert a user’s handwritten characters into digital calligraphy with a specific style [13, 14, 26, 28], and some
one-click-output systems have been implemented to generate calligraphy from handwriting efficiently [2]. Almost all these studies focused on the beautification process from an input sketch to a specific calligraphy. However, the question of how to generate stylized calligraphy
and physically write it on paper is interesting because
the physical form of calligraphy, with the scent of ink
and the interaction among the ink, brush, and paper
has an aesthetic olfactory and visual impact that cannot be obtained from the digital form of calligraphy.
As robotics rapidly advances, human–robot interaction
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Fig. 1: Our system can intelligently write visually pleasing Chinese calligraphy given input handwriting. (Left) The
robotic arm writing a Chinese character “Wei” in Kai-style; (Middle) Input handwritten characters “Wei Lai”,
which means “future” in English; (Right) Kai-style calligraphy output after beautification and writing on paper.
has been introduced for various tasks including stone
stacking, garment folding, and cooking [5, 8]. Thus, it
is now possible to write simple strokes [17] and characters using robots [3, 7, 11, 15]. Although Ma and Su [16]
proposed a standard of aesthetics evaluation for robotic writing of Chinese calligraphy, it is challenging for
the current writing results of robotic arms to meet the
aesthetic requirements of calligraphy with a particular
user’s style because it needs to consider the complicated structure and transition of strokes when using ink
and brush.
In this paper, we propose an intelligent Chinese calligraphy beautification method for robotic arms and
build a system to generate calligraphy with a user’s
writing style from the input handwritten characters.
Figure 1 shows the intelligent writing results from Chinese handwriting to regular script (Kai) calligraphy.
First, the user handwrites characters in skeleton form
using a mouse or a touch pad. Based on an established
calligraphy stroke library, a global optimization method
is employed to generate the optimal stroke. Finally, the
optimized stroke is written physically on a piece of paper using ink and a brush by the robotic arm.
This paper makes the following contributions regarding the writing of aesthetically pleasing Chinese
calligraphy from handwriting:
– a global optimization approach to generate the optimal stroke for a robotic arm while retaining both
the calligraphy and handwriting characteristics, in
which a shape character vector (SCV) is proposed
to describe the shape of a stroke skeleton;

– an intelligent system to physically write calligraphy
using robotic arms.

2 Related work
Generally, the process of converting handwritten characters to calligraphy consists of four main parts: character writing and stroke extraction, stroke recognition,
stroke beautification, and robot control. With regard
to character writing and stroke extraction, previous studies can be divided into two categories. One is stroke
extraction based on writing images, and the other is
stroke extraction from a user interface. Sun et al. [20]
extracted strokes in terms of geometric properties according to character contours. Chen et al. [4] improved
the stroke extraction algorithm based on Delaunay triangulation to effectively extract strokes from images.
Zhang et al. [28] implemented a user interface to manually extract control points from the images. Kim et
al. [10] presented a semantic vectorization approach to
segment each stroke from the image of a character. The
other approach is the direct recording of the stroke positions and sequences from a user interface while a user
is writing [27]. The second approach is more intuitive
because the stroke information is determined while the
user is writing a character.
Once the individual stroke is extracted, the second step is stroke recognition. Zhang et al. [28] utilized
feature corner points and a directed graph to identify
the type of each stroke. Sun et al. [19] adopt the Ma-
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Fig. 2: Overview of our robotic writing system
halanobis distance for similarity measurement to classify types and styles of different Chinese calligraphy.
Recently, convolutional neural networks (CNNs) have
provided an efficient solution for handwriting recognition. Gupta et al. [6] proposed an offline recognition
approach for recognizing handwritten English words using neural networks. Syamlan et al. [22] used two neural networks with 19 and 22 hidden layers to identify
capital letters with a high recognition rate. Xiao et al.
[24] designed a nine-layer CNN for handwritten Chinese character recognition consisting of 3 755 classes,
and their highest recognition rate reached 97.3%. Thus,
the CNN-based recognition approaches show great potential in the area of handwriting recognition.
After obtaining the type of each stroke, we can beautify each stroke and convert it to calligraphy with a specific style. Zhang et al. [28] achieved the beautification
from handwriting to calligraphy by controlling the contour point of each stroke. Although this approach could
generate elegant calligraphy, the restrictions on input
handwritten characters are too strict for non-expert
users: it is difficult for them to write neat characters
and adjust the corresponding parameters. Liu et al. [14]
divided a handwritten stroke into segments and beautified the contours of Kai-style calligraphy using cubic
Bezier curves. Li et al. [13] presented an interpolation
approach to beautify Chinese handwriting, and Yi et
al. [26] proposed a digital ink generating method for
offline Chinese handwriting characters. Although these
methods have ability to generate visually plausible digital calligraphy, they are unsuitable for creating physical calligraphy for robotic arm writing. Moreover, some
of these beautification methods require the neat input
of handwritten characters, so they are not suitable for
non-expert users.

Hashiguchi et al. [7] utilized variable impedance control to implement a human–robot cooperative calligraphy task. Lo et al. [15] developed a facility to capture
and analyze the brush footprint of Chinese calligraphy.
Chao et al. [3] captured human body gestures through a
Kinect, and then used a robotic arm to control a hardtip pen to write characters on a whiteboard. All these
methods focused more on the dynamic and kinematic
controls of robotic arms, but few of them have considered the deformation of a soft-tipped brush on a paper
or the generation of stylized calligraphy. Yao et al. [25]
has constructed a Chinese calligraphy database to generate the trajectory of the writing-brush for a robot
arm. However, the input image patterns of Chinese calligraphy should be neat for robotic writing. Thus, it
is not feasible for non-expert users. Muller et al. [17]
introduced a novel learning-based approach to write single strokes of calligraphy characters using a robotic
arm, while the approach concentrated on writing single
strokes rather than complete characters. In addition,
they haven’t considered the users’ writing style. Sun
et al. [21] presented a local weighted linear regression
approach to implement the mapping from stroke representation to brush trajectory, but it required human
demonstrations and it is difficult to generate stylized
calligraphy with the users’ input.

3 Overview
In this paper, we propose an intelligent writing system to convert handwritten characters to aesthetically
pleasing calligraphy for robotic writing. Figure 2 shows
the workflow of our writing system, which consists of
four parts:
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First, users write a complete Chinese character in
a skeleton form using a mouse or touch pad, as shown
in Fig. 2 (a). Then, the system automatically extracts
the individual strokes and obtains the coordinates of
each stroke in order, as shown in Fig. 2 (b). Next, a
CNN-based recognition approach identifies the type of
stroke, as shown in Fig. 2 (c). We introduce the input
and recognition of handwriting in Section 4.
To generate calligraphy strokes in Kai-style for robotic writing, several parameters are extracted from standard calligraphy stroke images, and the database of
stroke parameters is built as shown in Fig. 2 (d)–(e).
According to the recognized type of handwritten stroke
from Fig. 2 (c), the same kind of calligraphy stroke in
the database is retrieved, as shown in Fig. 2 (f). We
describe this part in Section 5.
Once the two types of strokes are obtained, a global
optimization method is employed to generate the most
suitable stroke for robotic writing, as shown in Fig. 2
(g). On one hand, the target stroke should be close to
the standard calligraphy in the database. On the other hand, it also should preserve the user’s handwriting
characteristics. Finally, we input the optimized control
parameters of the strokes to a robotic arm and write
the calligraphy on a piece of paper, as shown in Fig. 2
(h). We introduce these two parts in Section 6. Finally,
we evaluate the effectiveness and usability of the system
in Section 7.

4 Handwriting input and recognition
Handwriting input and recognition is the basis for our
robotic writing system. To conduct these steps easily and intelligently, we developed an intuitive user interface to record a user’s handwritten characters and
extract individual strokes. Then, a CNN-based recognition approach was employed to identify the type of
each stroke.

4.1 Character writing and stroke extraction
Many approaches have been presented to acquire strokes
from a completed character [4, 20, 28]. For convenience,
we extract stroke coordinates directly from handwriting
using an interface rather than from images, because it
is easier to record the stroke coordinates and sequences.
Figure 3 shows a user writing the Chinese character
“Cai” with a touch pad. The character is displayed in
an interface. To generate a concise skeleton for robotic
writing, every input stroke is re-sampled adaptively to
form a polyline [9]. Black lines in the image refer to the
handwritten strokes “Heng”, “Shugou”, and “Pie” in
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Fig. 3: Handwritten character “Cai”
skeleton form. Red dots indicate the vectorization skeleton points extracted in real time. After the handwriting
is finished, the system automatically saves these stroke
points in sequential order in a file. Furthermore, the
obtained stroke points are used to generate the stroke
image for subsequent CNN recognition. The main advantage of the user interface is that the generated stroke
information is suitable for calculating coordinates and
driving the joint motion of a robot arm to form a writing trajectory.

4.2 Stroke recognition with CNN
Recent studies have suggested that CNNs have a high
recognition rate for handwritten characters [6, 22, 24].
Thus, we use a CNN to recognize the extracted strokes.
To avoid low recognition rate caused by image quality,
the stroke images are preprocessed into a specified size.
The previous studies showed that the rate of recognition
is increased as the image size increases. However, the
number of network layers and forward decoding time
also increase. In our system, we balance the image size
and number of layers. The image size in an input layer
is 48×48, and the number of layers is eight. In addition,
because there is no public handwritten stroke dataset
available for training, we had to build a training set.
Thus, we collected 20 kinds of strokes. Ten samples of
each type of stroke was written by 20 different people,
giving a total of 200 training images for each stroke.
Meanwhile, a 10-fold-cross verification is introduced to
avoid overfitting. The architecture of the CNN used in
our system is shown in Fig. 4.
After 100 epochs of iterative training, the recognition rate on the validation set converged to 97%. Then,
we collected 20 kinds of strokes from five different people to form three test datasets. The result shows that
the average recognition rate of the test datasets reaches
93%.

5 Stroke database establishment
To generate elegant calligraphy strokes for robotic writing, a unique parameter model was built for each type
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Fig. 4: Architecture of the CNN in our system
of stroke. In our system, 20 kinds of Kai-style strokes,
which were obtained from Tian’s book The Elaboration
of Ancient and Modern Famous Kai Calligraphy [23],
are used as the prototypes for creating a parametric
model.

as a non-uniform scale transformation) on it. Hence, we
represent each segment by a triplet.

5.1 Stroke parameterization
A standard stroke consists of rich contour and skeleton information. However, it is difficult to draw the
precise stroke contour because a brush is soft and difficult to control. Thus, we take the skeleton of a standard stroke into consideration. First, the skeletons from
the 20 typical stroke images were extracted using a standard thresholding and thinning algorithm [18]. To
establish the parametric model for the standard Kai
strokes, a sequence of triplets, (lij , θij , wij ), is introduced to represent a stroke from the skeleton shown
in Fig. 5 (a), where subscript i denotes the ith stroke,
and superscript j refers to the j th segment of the ith
stroke. Finally, l, θ, and w represent the feature length,
corner angle, and average width of the stroke, respectively. Each stroke can be separated into several small
segments according to the start point, corner points,
and end point, as shown in Fig. 5 (a). In this figure, the
first segment is from the start point to the first corner
point, and the last one is from the end corner point to
the end point. The middle segment is linked by the two
adjacent corners. Similar to the work of Zhang et al.
[28], we define the shape of the head and the tail of the
stroke as rigid segments (the red area in Fig. 5 (a)),
and the transition segment between the rigid segments
as a flexible segment (the green area in Fig. 5 (a)). Note
that the rigid segment contains the important features
of Kai-style calligraphy, and we only apply a rigid transformation to it. On the contrary, the flexible segment
can be resized flexibly according to the user’s writing
style, thus we can use a non-rigid transformation (such

Fig. 5: Parametric model of stroke “Heng” and its various results written by the robotic arm with a brush.
(a) Parametric model of a standard Kai-style “Heng”.
(b) Deformation of a brush during writing. (c) “Heng”
strokes of various widths corresponding to the various
changes in height of a brush controlled by a robotic
arm.

As for parameter w, we approximate the relationship between an average stroke width and the descent
of the robotic arm brush. Suppose horig is the length of
a brush tip and hrest is the vertical length of the brush
tip after deformation, as shown in Fig. 5 (b). Then, the
descent of the brush h, which can be controlled easily by the robotic arm, is represented by horig − hrest .
Intuitively, a large descent of the brush will cause a
large bend in the brush, and eventually write a wider
stroke on a paper. To determine the relationship between w and h, we designed an experiment to collect
the actual stroke width corresponding to every 1 mm
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descent of the brush tip. Figure 5 (c) shows the various
writing results of “Heng” with different widths. Next,
we measured the widths of the calligraphy strokes at
three positions by cutting off the head and tail of the
stroke. Then, the average value of the three widths are
assigned to w. The brush tip was lowered from 1 mm
to 7 mm, and the corresponding stroke widths were 2,
3.2, 3.8, 4.5, 5.5, 6.2, and 6.8 mm. Finally, a standard
least-squares fitting approach was employed to approximate the relationship between w and h. We obtained
w = 0.7893h + 1.414, for which the summed square of
residuals is 0.1311, and the coefficient of determination
R2 is 0.9925, which indicates that the prediction fits
the data well in our system.
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6 Calligraphy beautification and writing
Calligraphy beautification is the process of converting
handwritten characters to calligraphy with a specific
style. Several approaches have been proposed to achieve
good beautification results by controlling the contour
points of strokes using Bezier curves [14, 28]. However, they have three limitations: (1) The input of the
handwritten characters must be neat and beautiful, so
it is not suitable for non-expert users. (2) It is difficult
to preserve both the user’s writing style and the standard calligraphy style. (3) The simulated calligraphy
is inappropriate for robotic writing. In this paper, we
introduce a global optimization approach to generate
Chinese calligraphy by preserving both the handwriting
characteristics and calligraphy style. For every stroke,
an optimization function is employed to generate a target stroke for robot calligraphy.

Fig. 6: Comparison of standard strokes with strokes
physically written by a robotic arm. (a) Original standard strokes; (b) Robot-written strokes using the parametric model extracted from (a).
Fig. 7: Diagram of (a) original handwriting, (b) skeleton of standard calligraphy, and (c) skeleton of target
stroke.
5.2 Construction of stroke database
The parametric model for the 20 standard strokes we
built is able to direct the motion of a robotic arm by
controlling the three parameters to ensure that the brush
follows the predetermined trajectory. Figure 6 shows
Tian’s 20 standard calligraphy strokes [23] and the corresponding calligraphy strokes written by the robotic
arm. Each stroke in the database has a different parametric model that plays an important role in the control of the robotic arm. However, the results of writing
the same stroke with the same parameters are highly
variable because the initial state of a soft brush has a
substantial impact on the writing results. Therefore, we
manually adjust the brush before writing a new stroke
if there is an irreversible deformation in the brush tip.

6.1 Global optimization of the target strokes
Unlike simulated calligraphy, it is difficult to precisely
control and write calligraphy using a robotic arm and a
brush. Thus, we control the skeleton points [25] rather
than the contour points of each stroke. Because we have
already obtained the skeleton points of the handwritten
stroke and the standard calligraphy stroke, our goal is
to find the optimal skeleton of the target strokes. To
achieve this, we introduce a position similarity F (w, υ)
and an SCV G(u, w) to measure the difference between
the input skeleton points and the target skeleton points,
and define a smoothness measurement H(w) to constrain the deformation of the target skeleton points.
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Fig. 8: Optimization process of the character “Cai”. (a) Original handwritten characters; (b) handwritten characters in a 90 × 90 grid; (c) optimized character; (d-g) results of different combinations of parameters α, β, and
γ for the stroke “Pie”. Red lines represent the handwritten skeletons, blue lines denote the skeletons in standard
calligraphy, and black lines refer to the optimized result.
To preserve the position of the original handwriting, the generated skeleton should be close to the user’s handwritten skeleton. This leads us to minimize a
weighted Euclidean distance between the generated and
target points. The resulting position similarity function
F (w, υ) is calculated as follows:
X
X
F (w, υ) =
kwi − υi k =
(wi − υi )T (wi − υi ) (1)
i

i

where wi represents the coordinates of the control points
after optimization and υi represents the original handwritten skeleton points, as shown in Figs. 7 (a) and (c).
The second goal is to preserve the shape of the corresponding strokes in the standard calligraphy database.

To achieve this goal, we define an SCV from three adjacent control points to represent the shape of a stroke.
Let ui , ui+1 , and ui+2 be adjacent points in the standard skeleton, and wi , wi+1 , and wi+2 be adjacent
points in the generated skeleton, as shown in Figs. 7 (b)
and (c). The SCVs of the two skeleton points are denoted by pi = ui+1 +ui+2 −2ui and qi = wi+1 +wi+2 −2wi .
To preserve the features of standard calligraphy strokes,
the objective function G(u, w) of the SCVs can be calculated by

G(u, w) =

X
i

kpi − qi k =

X
i

fsqrt (pi − qi )

(2)
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In addition, the smoothness of the target stroke is
also a key factor that affects the appearance of calligraphy. Let wi , wi+1 , and wi+2 be adjacent points in the
generated stroke, and the normalized direction vector
wi+1 −wi
of wi and wi+1 is ni = kw
. Thus, the constraint
i+1 −wi k
function H(w) for the generated stroke is
X
ni+1 − ni
H(w) =
=
fsqrt (ni+1 − ni )
(3)
kn
−n k
i+1

i

i

Finally, the probable points of the generated stroke
are obtained by solving the minimization of F (w, υ) +
G(u, w) + H(w) as follows:
 X
X̂ = arg min α[ (wi − υi )T (wi − υi )]
x

i

+β[

X

fsqrt (pi − qi )]

(4)

i


X
+γ[
fsqrt (ni+1 − ni )]
i

where α, β, and γ are weight coefficients. Then, a conjugate gradient algorithm is used to solve Eq. 4 [12].
To obtain optimal stroke writing results, we constantly change the three weight parameters α, β, and
γ, and choose a good combination of parameters for
robotic writing. Figures 8 (a) and (b) show the original
handwritten Chinese character “Cai” and the extracted strokes “Heng”, “Shugou”, and “Pie” in a specified
grid. To observe the difference in the optimized strokes
due to different combinations of parameters, we set the
range of each parameter to [0.1, 1] and changed one of
the three parameters while keeping the remaining parameters constant.
Figures 8 (d)–(g) show the optimization results of
the stroke “Pie” with four combinations of α, β, and
γ. Just as expected, large γ ((Fig. 8 (e))) generates a
smoother skeleton (black line) than small γ (Fig. 8 (d))
when α and β are fixed. To see the effect of β, we fix α
and γ, and the results show that large β preserves the
shape of the skeleton in standard calligraphy (blue line)
better than small β, as shown in Figs. 8 (f)–(g). Finally, we find that large α preserves the positions of the
original handwritten characters (red line) better than
small α, as shown in Figs. 8 (e)–(g) when β and γ are
fixed. The phenomenon becomes more obvious if we set
α to a large value and β as a very small value (see Fig.
8(f)). Based on this analysis, we find that when the
combination is α = 0.5, β = 1, and γ = 1, the optimized skeleton of the target stroke not only maintains the unique characteristics of calligraphy, but is also
close to the handwritten characters. Thus, we selected
this combination of parameters for the optimization of
stroke “Pie”. For different strokes such as “Heng” and

“Shugou”, we just need to fine tune α and β based on
this combination. The optimized character is shown in
Fig. 8(c).
6.2 Control of robotic arm writing
The final writing task is implemented using a Dobot
robotic arm [1]. All motions of the Dobot robotic arm are realized by four-degree-of-freedom joints. After
optimization, the coordinates of the three-dimensional
control points (x, y, z) of each stroke must be accurately
transmitted to the robotic arm. The (x, y) coordinates
are determined by the optimized two-dimensional control points, and the height values z of the points are
derived from the standard stroke, as described in Section 5. However, the position of the newly generated
points is changed after optimization. Thus, it is inappropriate to directly use the z value from the standard
stroke database.
To solve this problem, we first expand the points
of an optimized stroke and retrieve the corresponding
points from the standard stroke database. The process
of locating the corresponding points is described by Algorithm 1.
Algorithm 1 locateCorrespondingPoints(u[],w[])
// u[] represent the skeleton points from standard calligraphy and w[] are the optimized skeleton points
1:
2:
3:
4:
5:
6:

for two adjacent points of w[] do
d[] = |wi+1 − wi | // Obtain distance;
end for
newP ts[] = ∅;
newP ts[] = newP ts[] ∪ {u0 } // Save the initial points;
for each dj in d[] do
j
P
7:
Select the first uk once |uk − u0 | ≥
ds ;
s=0

8:
newP ts[] = newP ts[] ∪ {uk };
9: end for
10: Return the corresponding points newP ts[];

Next, the z value of the control points are linearly interpolated between the extracted height values of
the adjacent corresponding points from the standard
database. Finally, these points are transmitted to the
robotic arm through the Dobot Studio interface and the
final writing task is performed, as illustrated in Fig. 9.
7 Results and discussion
Our robotic writing system was implemented in a PC
configured with a 2.8 GHz CPU, 8 GB RAM, and Windows 10 operating system. The handwritten user interface was developed in C++ with a Wacom CTH-690
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t induced large bending of the brush that caused the
rigid segments to be incorrectly written.
Next, we tested the writing result of the same character “Cai” with three optimized strokes, as shown in
Fig. 10 (b). We treated all the segments of the stroke
as flexible segments. In comparison with non-optimized
writing results, the results of calligraphy writing after
optimization showed some features of Kai-style calligraphy around the corner parts of the strokes. However,
some rigid segments were still not fully reflected, as indicated by the blue circles of Fig. 10 (b).

Fig. 9: Screenshot of the Dobot Studio interface for
robotic writing

touch pad. The calligraphy beautification was tested in
MATLAB, and the calligraphy writing was performed
by a Dobot Magician robotic arm, as shown in Fig. 1.
To evaluate the effectiveness of our system, we compared the calligraphy writing results before and after
beautification. Then, we collected different handwritten characters and tested the corresponding results of
the calligraphy writing. In addition, a user study was
conducted to evaluate the usability and effectiveness of
our system.

Given the results of the second experiment, we took
the rigid segments into consideration in addition to the
optimization of the flexible segments. Specifically, each
stroke was segmented into rigid parts and flexible parts
and handled separately. For flexible segments, we used
the optimized skeleton to control the robotic writing.
However, the lengths of rigid segments were kept unchanged, and we directly retrieved the descent height
information from the pre-built standard Kai-style calligraphy. Figure 10 (c) shows the results of calligraphy
writing after optimization with rigid segment replacement. In contrast to the results of the second experiment, we found that all the features of the rigid segments were preserved in this experiment (see the emphasized head and tail parts indicated by the red circles
of Fig. 10 (c)). Therefore, robotic writing with optimized strokes and rigid segment replacement not only
maintains the characteristics of handwritten characters
better, but also preserves the Kai-style of calligraphy.
As a result, aesthetically pleasing Chinese calligraphy
with a user’s unique style can be created.

7.1 Comparison with non-optimized calligraphy
As mentioned in Section 5.1, each stroke can be segmented into rigid parts and flexible parts. A question
worth considering is whether the rigid part of each
stroke should be preserved for the optimized strokes.
For this issue, a comparative experiment was conducted on the Chinese character “Cai”, as shown in Fig.
10.
First, we directly utilized the two-dimensional points
from handwritten characters with a constant descent
height h of the brush for writing, as shown in Fig. 10
(a). Because the descent height did not change for a
certain writing, the generated non-optimized calligraphy did not have the features of Kai-style calligraphy
at the head and tail parts (see the standard calligraphy strokes in Fig. 6), and thus lacked the aesthetics of
calligraphy. Moreover, we observed that a small descent h preserved the trajectory of handwritten characters
better than a large descent, because the large descen-

7.2 Results of different users’ input
To show the flexibility of our method, we collected six
handwritten Chinese characters and wrote the corresponding Kai-style calligraphy using the robotic arm,
as shown in Fig. 11. Four of them, “Cai”, “Hua”, “Li”,
and “Shi”, were written by common users, and two of
them, “Wei” and “Lai”, were written by a professional user. The results demonstrate that our calligraphy
beautification approach for robotic writing preserves
both the styles of user’s handwriting and the style of
Kai calligraphy. Especially in Fig. 11 (a), the robotic
arm was able to write visually pleasing Kai-style calligraphy, even though the user-input handwritten characters were not neat.
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(a)

(b)

(c)

Fig. 10: Comparison results of writing calligraphy “Cai”. From left to right: (a) No optimization results as the height
of the brush is lowered; (b) Results of calligraphy writing after optimization without rigid segment replacement;
(c) Results of calligraphy writing after optimization with rigid segment replacement.
Table 1: User study questionnaire
Q(1)
Q(2)
Q(3)
Q(4)
Q(5)
Q(6)

Questions
The beautification method is useful.
Robotic writing preserves the style of handwriting.
Robotic writing preserves the features of Kai-style calligraphy.
Robotic writing is aesthetically pleasing.
The overall process is time consuming.
I would recommend the system to calligraphy amateurs.

7.3 User study

To evaluate the robotic writing system, a user questionnaire was employed, as shown in Table 1. Fifteen users
participated in the study. Three of them were expert
users who could write beautiful handwritten characters, and 12 of them were amateurs. The results of their
responses to the questionnaire are shown in Fig. 12. We
observed that 87% of the users agreed with the usability
of our system, and 67% agreed that calligraphy written
by robotic arm preserved the style of handwriting well,
whereas only 6.5% of the users had neutral opinions.
Moreover, 87% of the users considered the output calligraphy to have the characteristics of Kai-style, and

Very
Very
Very
Very
Very
Very

Somewhat
Somewhat
Somewhat
Somewhat
Somewhat
Somewhat

Choices
Neutral Rarely
Neutral Rarely
Neutral Rarely
Neutral Rarely
Neutral Rarely
Neutral Rarely

Not
Not
Not
Not
Not
Not

at
at
at
at
at
at

all
all
all
all
all
all

80% of them admitted the results were aesthetically
pleasing. In addition, although 67% of the users were
willing to recommend the system to calligraphy amateurs, 74% of the users raised the shortcoming of the
system’s slow speed. Therefore, our robotic calligraphy
writing system is close to achieving the expected goal of
generating visually pleasing calligraphy while preserving the user’s writing style.

7.4 Limitations
Although we have achieved visually pleasing calligraphy writing using a robotic arm, our system still has
three limitations: One limitation is the speed, which
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Fig. 11: Handwritten Chinese characters from (a) nonexpert users and (b) a professional user, and the corresponding Kai-style calligraphy written by the robotic
arm.
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ic arm for physically writing the optimized calligraphy
on paper. To achieve a high recognition rate, a CNNbased approach was utilized to identify the type of each
stroke. Unlike the traditional approach to beautify calligraphy from the contours of strokes, we mainly considered the skeleton of each stroke because a real brush
is soft, and it is therefore difficult to draw detailed contour information. To preserve both the user’s writing
style and the style of the calligraphy, we segmented each
stroke into rigid parts and flexible parts. Then, we applied the style of standard Kai-style calligraphy to the
rigid parts and applied the optimized strokes with the
user’s writing style to the flexible parts. The results
of several experiments and a user study show that our
robotic writing system not only maintains the user’s unique writing style, but also preserves the Kai-style of
calligraphy. In future, we intend to improve the stroke
database and implement efficient calligraphy writing for
complex Chinese characters. Moreover, we plan to design a control system to automatically detect and adjust
the physical state of the brush.
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Fig. 12: Statistics of the questionnaire feedback from 15
participants.
occurs because we have to manually tune the initial
parameters for generating optimized strokes. Second,
our current database contains only 20 strokes and does
not cover some complex strokes. Thus, it is difficult for
the system to write complex Chinese characters. The
third limitation is the influence of the physical form of a
brush. Different brushes have different material properties, and the same brush loaded with a different amount
of ink will physically write different strokes, even when
the same parameters are used.

8 Conclusions and future work
We proposed a global optimization approach to generate visually pleasing Chinese calligraphy from handwritten characters for robotic writing. In addition, an
intelligent system was built that consists of a simple interface for recording a user’s handwriting and extracting individual strokes from a touch pad, and a robot-
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