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Abstract
Aesthetic evaluation of Chinese calligraphy is one
of the most challenging tasks in Artificial Intelli-
gence. This paper attempts to solve this problem by
proposing a number of aesthetic feature representa-
tions and feeding them into Artificial Neural Net-
works. Specifically, 22 global shape features are
presented to describe a given handwritten Chinese
character from different aspects according to clas-
sical calligraphic rules, and a new 10-dimensional
feature vector is introduced to represent the compo-
nent layout information using sparse coding. More-
over, a Chinese Handwriting Aesthetic Evaluation
Database (CHAED) is also built by collecting 1000
Chinese handwriting images with diverse aesthetic
qualities and inviting 33 subjects to evaluate the
aesthetic quality for each calligraphic image. Fi-
nally, back propagation neural networks are con-
structed with the concatenation of the proposed fea-
tures as input and then trained on our CHAED
database for the aesthetic evaluation of Chinese cal-
ligraphy. Experimental results demonstrate that the
proposed AI system provides a comparable perfor-
mance with human evaluation. Through our exper-
iments, we also compare the importance of each in-
dividual feature and reveal the relationship between
our aesthetic features and the aesthetic perceptions
of human beings.

1 Introduction
With the booming development of image acquisition and
visual computing techniques, currently there exists a large
amount of research work on computer cognition in the lit-
erature. Computer-aided aesthetic evaluation is one of the
hottest topics in artificial intelligence. However, previous
work mostly focused on the evaluation of photographic im-
ages [Aydin et al., 2014; Marchesotti et al., 2014], paint-
ings [Li and Chen, 2009] or videos [Yang et al., 2011] [Yeh
et al., 2013]. Attempts to automatically make aesthetic judg-
ments on Chinese handwritings are rare but quite practical
in some related research areas, such as Chinese handwriting
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Figure 1: Chinese handwriting samples of eight different
characters with good (first row) and bad aesthetic visual qual-
ity (second row).

synthesis [Elarian et al., 2014] [Li et al., 2014] and Chinese
handwriting beautification [Shi et al., 2014]. Furthermore,
the aesthetic evaluation module could also be quite helpful
for font designers and handwriting learners.

As shown in Figure 1, Chinese handwriting images are
monochromatic and the aesthetic visual quality of a Chinese
handwriting is closely related to the character it represents.
Thus, most classical image feature extraction methods that
are based on colors, textures and shapes cannot be adopted
directly. How to extract semantic features of aesthetic at-
tributes according to the handwriting beauty principles is a
challenging task. To address this problem, Lai et al. [Lai et
al., 1997] summarized four quantitative interpretations of tra-
ditional Chinese handwriting beauty rules and derived 10 dif-
ferent beauty evaluation metrics. These features are general
but lack of the ability to represent sophistication. Recently,
some researchers utilized online writing devices to obtain the
dynamic information of handwritings. For example, a Wintab
system was employed in [Wen, 2008] and Tobitani et al. [To-
bitani et al., 2008] used a Horizon View Camera to recon-
struct the writing process. Meanwhile, some offline image-
based methods were also proposed since writing on electronic
devices is usually not convenient for calligraphy amateurs.
Han et al. [Han et al., 2008] developed a calligraphy learn-
ing system based on three quantized image-based aesthetic
features. However, the size of the feature set is too small
to handle some subtle and complex cases. Recently, Wang
et al. [Wang et al., 2014] proposed a hierarchical evaluation
approach by matching the shape of the whole character and
each stroke to the corresponding standard calligraphic tem-
plate. Limited by the single template, this method ignores that
the styles of beautiful handwritings can be varied to some ex-
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tents. One of the most relevant work against this paper is [Xu
et al., 2007], where Xu et al. extracted strokes from a given
handwriting image and fed a back propagation neural network
with the features of each individual stroke shape, stroke spa-
tial layout and consistency of stroke styles. However, these
stroke-based features are closely related to the stroke extrac-
tion results while Chinese handwritings sometimes appear so
cursive that it is even hard for human to separate every stroke
accurately.

In general, there exist several limitations in current meth-
ods. First, existing aesthetic features are not sufficient enough
to comprehensively depict the perspective metrics of Chi-
nese handwritings based on handwriting rules. Second, Chi-
nese handwritings sometimes are so cursive that it is hard
to separate every stroke accurately and the single template
based method cannot appreciate beautiful handwritings of
other styles. In addition, there is still no any standard Chinese
handwriting aesthetic evaluation database available to com-
pare different algorithms. To solve these problems, we make
the following three major contributions in this paper. 1) We
design a number of novel global features as a map from objec-
tively computable values to perceptually meaningful Chinese
handwriting aesthetic rules. 2) We extract components, which
are defined as parts that rarely intersect with others, instead
of strokes and choose 10 recognized beautiful fonts as tem-
plates to encode the component layout features by the sparse
coding method. 3) We propose a relatively large-scale Chi-
nese Handwriting Aesthetic Evaluation Database (CHAED),
which is publicly available on our website1. Experimental re-
sults show that the proposed method can make a similar deci-
sion on the aesthetic visual quality of a Chinese handwriting
as human beings. Moreover, we analyze the importance of
every individual feature, which may reveal the relationship
between the proposed aesthetic features and human beings’
aesthetic perceptions.

2 Method Description
In this paper, we solve the problem of the aesthetic visual
quality evaluation for Chinese handwritings in the following
three steps. First, a set of aesthetic features including global
features and component layout features are designed from the
point of art. Second, a relatively large-scale database is built
by collecting handwriting images and human evaluation re-
sults. Finally, BP neural networks are trained on the database
to get the ability of aesthetic evaluation. The data collection
and the system training procedures will be discussed in Sec-
tion 3 and 4, respectively. In this section, we concentrate on
the main challenge, namely designing a set of aesthetic fea-
tures, which are computable and closely related to handwrit-
ing beauty principles.

For the sake of seeking balance between feature generality
and sophistication, we design two different types of features:
global features and component layout features, which are
both derived from authoritative calligraphy books and pro-
fessional calligraphers’ empirical recommendations. Specif-
ically, the proposed 22 global features are designed based

1http://www.icst.pku.edu.cn/zlian/chin-beauty-eval/
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Figure 2: Demonstration of some global features.

on the overall impression of a handwritten Chinese charac-
ter representing different aspects of the handwriting’s aes-
thetic attributes. Moreover, components, which are defined as
a set of strokes connecting interiorly but rarely overlapping
with external strokes, are extracted using a semi-automatic
method proposed in [Lian and Xiao, 2012]. Afterwards,
we calculate a feature vector to describe the handwriting’s
layout structure in the component level and then utilize the
sparse coding method [Wang et al., 2010] to get 10 compo-
nent layout features. Finally, each feature is normalized to
the range [0, 1] and all features are combined as a feature set
Φ = {fi|1 ≤ i ≤ 32, fi ∈ [0, 1]}.

2.1 Global Features
According to our daily aesthetic experience, when people ap-
preciate something, they first get a holistic impression and
then go to details. Global features, which reflect the general
visual impression towards a Chinese handwriting, are typi-
cally obtained from all pixels in the handwritten character
image. Here, the proposed global features are formulated as
a map from quantitative values to handwriting aesthetic rules.
They are derived from the following three aesthetic aspects.

1) Alignment and Stability
There exist various kinds of composition structures for dif-
ferent characters, such as the vertical composition structure,
the horizontal composition structure, the surrounding compo-
sition structure, and so on. No matter which kind of structure
the handwriting belongs to, it should have a good alignment
to achieve a balanced structure in visualization. We design 3
kinds of features to describe the properties of alignment and
stability as follows.
f1: Rectangularity of convex hull. We employ the con-

vex hull of a handwriting image, as shown in Figure 2(a), to
represent the general shape of the handwritten character. If
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a stroke is far away from the central region of the character,
the convex hull may have a sharp corner. Thus, the hand-
writing sample may be skew and oblique rather than aesthet-
ically pleasing. The rectangularity of the character’s convex
hull can be calculated as f1 = Pc

Pb
, where Pc and Pb denote

the perimeters of the convex hull and the minimum bounding
box of the character, respectively. Obviously, f1 ranges from
0 to 1. If the rectangularity value is equal to 1, the charac-
ter’s convex hull will become as a rectangle. Generally, the
smaller the rectangularity value of convex hull is, the more
irregular and unstable the handwriting is.
f2, f3: Slope and intersection of axis. Figure 2(b) shows

the axis of a handwriting image, which divides all pixels into
2 subsets equally via a line: y = kx + b. The slope k and
the intersection b are calculated by finding the coefficients of
a polynomial prediction of degree 1 that fits the data best in a
least-squares sense. The axis of a symmetrical and balanced
handwritten character must be approximately perpendicular.
We observe that the value of k is in the range of 0 to 1, and
thus we divide b by Wb, which is defined as the width of the
handwriting’s minimum bounding box. Then, the two fea-
tures can be computed by f2 = k and f3 = b

Wb
, respectively.

f4, f5: Center of gravity. In physics point of view,
the mass center can be used to describe the stability of
a rigid body. Given a handwriting image (e.g., Figure
2(c)), its center of gravity is calculated as (xg, yg) =
1
C

∑Wb

i=1

∑Hb
j=1 (xi, yi) × Ii,j , where C =

∑Wb

i=1

∑Hb
j=1 Ii,j

denotes the number of all black pixels in the image, while
Wb and Hb are the width and height of the minimum bound-
ing box, respectively. If (i, j) is a black pixel, Ii,j = 1, oth-
erwise Ii,j = 0. Since the center of gravity is located inside
the character’s minimum bounding box, we normalize these
two features as f4 =

xg
Wb

and f5 =
yg
Hb

.

2) Distribution of White Space
This kind of features represent the compactness of a Chinese
handwriting indicating whether the black pixels in the image
are crowded or not. The ratio of white space area is defined
as White Space Ratio (WSR). If the WSR value of the hand-
writing image is small, that often means the handwriting is
crowed. While if the value is close to 1, the handwriting may
be too loose.
f6: Convexity. A classic and simple method to measure

the white space distribution is to get the proportion of black
pixels in the image. Let Aconvex be the area of the convex
hull, which is approximated as the total number of both the
black and white pixels, and C be the number of the black
pixels, the convexity can be calculated as f6 = C

Aconvex
.

f7: Ratio of axis cutting convex hull. As mentioned
above, the character’s axis represents the distribution of pix-
els and the convex hull represents the general shape of the
handwriting. Therefore, we can formulate the description of
WSR as the proportion of area on the left part of the con-
vex hull divided by the axis (see Figure 2(d)). Thus, we have
f7 =

Aleft
Aconvex

.
f8, f9, f10, f11: Ratios of pixel distribution in quad-

rants. As shown in Figure 2(e), let (xc, yc) be the center
of the character’s convex hull and thus a new coordinate sys-

tem can be established with (xc, yc) as the origin. Then, the
character image can be divided into the four quadrants. We
calculate the ratio of the pixel quantity Ci in the correspond-
ing quadrant to the area of convex hull Aconvex(i) as follows:
f7+i = Ci

Aconvex(i)
, where i = 1, 2, 3, 4 denote Quadrant I, II,

III and IV of the coordinate system, Ci is the number of black
pixels and Aconvex(i) is the area of the convex hull in the ith
quadrant.

f12, f13, f14, f15, f16, f17: Elastic mesh layout. Elastic
meshes are built by equally dividing black pixels of a given
character image both in the horizontal and vertical directions.
It has been considered as an important tool to recognize Chi-
nese handwritten characters [Jin and Wei, 1998]. As shown in
Figure 2(f), here we choose 4×4 meshes to partition the black
pixels in the image equally. In order to obtain features whose
values range from 0 to 1, the positions of vertical and horizon-
tal separation lines should be divided by Wb or Hb, respec-
tively. Thus, we have f11+i =

xvLine(i)
Wb

, where i = 1, 2, 3
and xvLine(i) denotes the position of the ith vertical line, and
f14+j =

yhLine(j)
Hb

, where j = 1, 2, 3 and ymesh(j) represents
the position of the jth horizontal line.

3) Gap Between Strokes

Besides the white space distribution, we also expect to have
features to represent the stroke’s orientation and position. We
extract the following two types of features, namely the maxi-
mum gap proportion and the variance of pixels’ projection.

f18: Maximum gap proportion. Inspired by the shape
density analyzing method reported in [Qu et al., 2014], we
choose to fill the gap of a handwritten character in the vertical
direction by drawing lines between the topmost black pixel
and the bottommost black pixel in rows and columns of the
image, as illustrated in Figure 2(g) and 2(h). These features
are adopted to describe the distance between strokes. In order
to eliminate the effect of difference between characters and
achieve pose invariance, the gap is filled when rotating the
handwriting image per degree and then the maximum filling
area ratio can be obtained as shown in Figure 2(i). Thus, we
have f18 = max{ Cgap(α)

Cgap(α)+C
}, where α = 1◦, 2◦, ..., 90◦,

which means rotating the image by the angle α, and Cgap(α)
is the number of pixels (see the green parts in Figure 2(g),
2(h) and 2(i)) filling the gap when the image rotates by α.

f19, f20, f21, f22: Variance of pixels’ projection. The
four most frequently used types of strokes in Chinese charac-
ters are horizontal strokes, vertical strokes, left-falling strokes
and right-falling strokes. The existence of these strokes can
be observed by projecting black pixels to the 0◦, 45◦, 90◦ and
135◦ rotated x-axis, respectively. Figure 2(j) and 2(k) show
that the character “ba” includes horizontal strokes because
the handwriting image generates projection peaks in a small
range in y-axis. The projection distribution can be described
by the variance δα and we denote the features as f18+i = δα,
where i = 1, 2, 3, 4 and α = 0◦, 45◦, 90◦, 135◦, which rep-
resents the projection of black pixels to x-axis by rotating α
degree.
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Figure 3: The handwritten character “bi” is decomposed into
3 components and the component feature vector is extracted
to describe the components’ spacial layout.

2.2 Component Layout Features
As important as global features, layout features are needed
to depict the way how strokes or/and radicals are arranged to
compose a character. Xu et al. [Xu et al., 2007] extracted
strokes to get the layout features. However, many handwrit-
ing characters are very cursive, and thus it is difficult to ex-
tract strokes and the extraction results could seriously affect
the layout features. To solve this problem, we choose to use
the specified components instead of strokes in our method.
Here, the component is defined as a set of strokes, which are
connected interiorly but rarely overlap with external strokes,
such as w, b and s shown in Figure 3. Therefore, it is much
easier to extract components from a handwriting image com-
pared to strokes. Here, we adopt a semi-automatic component
extraction method proposed in [Lian and Xiao, 2012]. Using
this method, components can be automatically extracted for
most characters and the decomposition results can be interac-
tively corrected through a user interface for some very cursive
handwritings when necessary.

After component extraction, we compute the maximum
distance, minimum distance, and mean distance between
every pair of components and divide these distances by
the diagonal distance of the character’s minimum bounding
box

√
Wb(r)2 +Hb(r)2 for normalization. Then we get

Dmax(a, b), Dmin(a, b) and Dmean(a, b) for the two com-
ponents (a, b). To reduce the computational complexity, con-
tours are obtained from component images to compute these
3 features instead of using the original images. Further-
more, three types of overlapping ratios are computed includ-
ing the horizontal overlapping ratio Lh(a, b) = xc(a)−xc(b)

Wb(a)+Wb(b)
,

the vertical overlapping ratio Lv(a, b) = yc(a)−yc(b)
Hb(a)+Hb(b)

and

the area overlapping ratio La(a, b) = Ab(a)∩Ab(b)
Ab(a)∪Ab(b) , where

(xc(r), yc(r)) denotes the center of the minimum bound-
ing box of component r, Wb(r) and Hb(r) are the mini-
mum bounding box’s width and height, and Ab(r) denotes
the area of the component’s minimum bounding box. All the
above-mentioned features constitute a component layout fea-
ture vector and the dimension of the vector is 6× C2

n, where
n stands for the number of components in the character. Fig-

Figure 4: The handwriting’s component feature vector is
coded by the component feature vectors of 10 template fonts.

ure 3 demonstrates the construction process of the component
feature vector.

Since the dimension of the component layout feature vec-
tor varies for different characters, it is hard to utilize them in
a machine learning system. To address this problem, 10 rec-
ognized beautiful fonts are selected, namely Song, Kai, Hei,
Weibei, Xingkai, Li, Fangsong, Shoujinshu, Yao and Zhun-
yuan styles. We first obtain the handwritten character im-
age’s component feature vector V and the corresponding 10
templates’ component feature vectors. Then, according to the
Locality-constraint Linear Coding (LLC) [Wang et al., 2010]
method, we calculate the coefficients c of the 10 templates
by solving min

∑k
i=1 ‖V − ciBi‖2, where the values of co-

efficients are constrained by
∑k
i=1 ci = 1 and the codebook

Bi, i = 1, ..., k are the K-Nearest Neighbors of V . In this
paper, we experimentally set k = 5. As shown in Figure
4, we get f22+i, i = 1, 2, ..., 10 which denote the handwrit-
ing’s component layout features. As we know, some charac-
ters only consist of one component and thus their component
layout feature vectors are empty. Therefore, when we refer
to the component layout features, we only take the characters
with multi-components into consideration.

3 Chinese Handwriting Aesthetic Evaluation
Database

As we know, aesthetic evaluation is a subjective task, and
thus Chinese handwriting aesthetic visual quality evaluation
can be treated as a data-driven learning problem. However,
since it is not easy to design and collect evaluation data, cur-
rently there is still no database publicly available for such
purpose. To build a reliable and convincing database, we
design CHAED based on a notable degree of agreement be-
tween aesthetic judgments of different people. Specifically,
we select 100 characters, including 20 characters with single
element and 80 with multi components in different structure
types including horizontal composition, vertical composition,
half surrounding composition and surrounding composition
as shown in Figure 6. The size of each subset is determined by
the diversity and complexity of its structure. 30 students are
selected randomly to write the 100 characters. The images are
scanned and preprocessed in the same way to eliminate the ef-
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Figure 5: 10 handwriting samples of Chinese character “chu” in CHAED. The left five images are from the training set while
the right five images are from the testing set. Table 1 shows the scores each image received. The grading errors of our algorithm
with hybrid features Eo are smaller than human grading variance Vh in general. Also, Eo are generally smaller than the errors
obtained using the other two feature sets, namely Eg and Ec.

Table 1: Comparison of algorithmic and human evaluation scores for the handwriting samples in Figure 5.
a b c d e f g h i j

Human
Evaluation

Sh 43.75 21.87 95.45 32.81 45.31 18.75 31.25 75.00 17.18 76.56
Vh 33.92 28.28 14.59 31.83 32.92 28.03 27.00 30.92 27.78 33.28

Global Features Sg 45.93 34.14 100.66 42.92 46.73 48.56 56.96 42.88 43.85 94.80
Eg 2.18 12.27 5.21 10.11 1.42 29.81 25.71 32.11 26.66 18.24

Component
Layout Features

Sc 47.08 46.65 44.94 47.88 45.49 49.39 45.31 46.97 47.36 47.32
Ec 3.33 24.77 50.51 15.07 0.17 30.64 14.06 28.02 30.17 29.24

Hybrid Features So 37.48 31.04 98.05 37.60 40.92 45.80 36.72 41.54 57.03 66.58
Eo 6.26 9.17 2.59 4.79 4.38 27.05 5.47 33.46 39.85 9.98

(a) (b) (c) (d) (e)

Figure 6: 5 Chinese handwriting samples with (a) single-
element, (b) horizontal composition, (c) vertical composition,
(d) half surrounding composition and (e) surrounding compo-
sition.

fect of variances in image quality. Among these images and a
number of handwritten characters acquired from some profes-
sional calligraphers, we pick up 10 images for each character
by the criteria of allocating good samples, medium samples
and bad samples in balance.

To collect the aesthetic evaluation data, a website is built
and 33 subjects are invited to grade the 1000 handwritings
into 3 levels: good, medium and bad. Generally, the proba-
bilities of good, medium and bad evaluation results of each
image are denoted as pgood, pmedium and pbad. We define the
aesthetic score by

S = 100× pgood + 50× pmedium + 0× pbad, (1)

where pgood, pmedium and pbad are in the range of [0, 1].
Based on the Eq. 1, we can calculate the average human
evaluation score Sh for each image. Afterwards, the abso-
lute grading error between each human evaluation score and
its corresponding image’s average human evaluation score is
computed as Ehi = |Si − Sh|. Let Eh be the set of hu-
man evaluation errors, the quadratic mean of Eh belonging

to a character constitutes Vh =

√∑33

i=1
Ehi

2

n which means
the score variance of Sh. For global features, half of the
database is used for training and the other half for testing. To
be specific, for each character, there are 5 handwriting sam-
ples for training and 5 for testing. Note that, when evaluating

the component layout features, we only extract those features
for the 80 characters with multi-components.

4 Experiments
In this section, we carry out experiments on the CHAED
database by using back-propagation (BP) neural networks
with inputs of global features, component layout features and
hybrid features (i.e., the combination of global and layout fea-
tures), respectively, to evaluate the aesthetic quality of Chi-
nese handwritings. Then, we compare the evaluation errors
obtained by the proposed algorithms with human evaluation
errors (see Figure 7(a) and 7(b)). Furthermore, the perfor-
mance of each individual feature is also evaluated and we try
to analyze several most important features to build a bridge
between computer cognition and human perception.

4.1 Aesthetic Evaluation Performance
We build three 4-layer back-propagation neural networks de-
noted as Netg , Netc and Neto for global features, compo-
nent layout features and hybrid features, respectively. The
networks are fed by the feature sequences of the training
set with 500, 400 and 400 images, respectively. The sizes
of training sets are different because we only take multi-
component characters into account when using the com-
ponent layout features. Thus, the input dimensions for
the 3 networks are 22, 10 and 32, respectively, and the
output is a probabilistic evaluation result in the form of
(pgood, pmedium, pbad), where pgood, pmedium and pbad are
probabilistic values of the 3 aesthetic levels. Then, the scalar
score can be calculated based on the three probabilistic val-
ues by using Eq. 1. We determine the structure of the 3
neural networks by adjusting the training function, adap-
tion learning function and the number of neurons in every
layer to achieve the best evaluation results in the training
dataset. Here, we choose TRANGDM as the training func-
tion and LEARNGDM as the adaption learning function for
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Table 2: Top 4 most important global features for the aesthetic evaluation of Chinese handwritings.
Feature Meaning of Feature Aesthetic Aspect Accuracy
f6 Convexity of convex hull Distribution of white space 69%
f19 Variance of projection to x-axis Gap between components 60.8%
f2 Slope of axis Alignment and stability 60.6%
f21 Variance of projection to y-axis Gap between components 60.6%

(a) (b)

Figure 7: Statistical distributions of the grading errors of
our algorithm’s grading results and human grading results in
CHAED.

these 3 networks. The number of neurons for Netg , Netc
and Neto are respectively (22, 20, 10, 3), (10, 15, 10, 3) and
(32, 40, 20, 3). We assess the performance by the absolute
difference between our algorithm’s grading score Sg , Sc and
So and the average human grading score Sh. The grading
errors of the networks are calculated by Ea = |Sa − Sh|,
where a = g, c, o denotes the system using global features,
component layout features and hybrid features, respectively.
Grading errors of human evaluation results Eh are taken as
the ground truth, which indicates human’s variance in appre-
ciating handwritings, as shown in Figure 7(a). Moreover, dis-
tributions of evaluation errors using the hybrid feature and
human grading errors are compared in Figure 7(b).

In Figure 7(a), the average value of Eo is lower than that
of Eg and Ec, which indicates that the combination of global
features and component layout features improves the evalua-
tion performance significantly. Therefore, these two kinds of
features are complementary. Furthermore, the average values
of Eg , Ec and Eo are all not larger than that of Eh, which
demonstrates that our algorithm can evaluate the aesthetic vi-
sual quality of Chinese handwritings as well as human be-
ings. In order to compare the distribution of Eo and Eh, we
take the percentage of grading data instead of the number of
grading data into account to draw the distribution curves in
Figure 7(b). We can see that a larger proportion of data in Eo
is distributed in the range of [0, 20] and a smaller proportion
in [20, 100] than Eh. Since Eh represents human grading
errors, it is reasonable to conclude that our system evaluates
Chinese handwritings even better than many human beings.
10 handwriting samples of character “chu” and their evalua-
tion results are shown in Figure 5 and Table 1.

4.2 Feature Importance Analysis
In addition to the overall aesthetic evaluation performance,
we also want to know more about the relations between
our features and human perceptions in appreciating Chinese
handwritings. As we can see, the proposed global features
have real aesthetic meanings, while the component layout
features do not represent aesthetic attributes directly. There-
fore, we choose to apply Support Vector Machine (SVM) to
evaluate the performance for each individual global feature
separately. More specifically, each global feature fi is cho-
sen as the input and SVM is used to classify the handwriting
images with the output of probabilities of 3 aesthetic levels
(pgood, pmedium, pbad). We choose the maximum value in
(pgood, pmedium, pbad) and take the corresponding aesthetic
level as the handwriting’s label. By comparing the computer-
generated results with human evaluation results, labeled by
choosing the maximum probability value as well, we can get
the classification accuracies of each feature for all images in
our database.

Experimental results show that the classification accuracy
of each individual global feature is low in general but 4 fea-
tures are obviously better than others. The top 4 features are
listed in Table 2. We try to give a meaningful interpretation
of their importance based on art knowledge and psychology
theory.
f6: Intuitively, the distribution of white and black areas af-

fects people’s impression on a Chinese handwriting directly.
f6 represents the proportion of black pixels in the character’s
core region, namely the convex hull. A balanced and harmo-
nious handwriting must be neither too crowded nor too loose.
Therefore, a given Chinese handwriting is very likely to be
low-quality if the convexity of its convex hull is very large or
very small.
f19, f21: High quality handwritings are more likely to be

regular with straight horizontal and vertical strokes, which
can be observed through the projection of black pixels to
x-axis and y-axis. This is a unique characteristic for Chi-
nese characters, which is quite distinctive against western lan-
guages. We may feel uncomfortable to some extent when fac-
ing a distorted and disordered handwriting. Hence, distribu-
tions of pixels projected in horizontal and vertical directions
can be used to distinguish whether the Chinese handwriting
can lead to a harmony and peace.
f2: Chinese people typically appreciate symmetrical crea-

tures, not only in architectures but also in handwritings. The
slope of a handwriting’s axis is comparable to the beam of a
building. If the beam is oblique, the building seems unsafe.
Similarly, a handwriting image with a lean axis may bring un-
stable and insecure feelings. This kind of feelings may cause
slight anxieties instead of pleasing emotions.
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5 Conclusion and Future Work
In this paper, we presented a framework to evaluate the aes-
thetic visual quality of Chinese handwritings. Specifically,
we proposed 22 global features and 10 component layout fea-
tures according to the art knowledge from books and calligra-
phers. Meanwhile, 1000 images of 100 characters were col-
lected and 33 subjects were invited to grade the handwriting
samples through a website. Then, BP neutral networks were
trained to output the probabilities of the 3 aesthetic levels. Ex-
periments show that our systems are able to evaluate the aes-
thetic quality of Chinese handwritings comparable to human
beings. Furthermore, SVM was also utilized to analyze the
importance of every individual global feature, which helps us
to understand further about the aesthetic quality assessment
by connecting with some art knowledge and psychology the-
ory. In the future, we will keep our efforts on discovering
semantic aesthetic features through cooperating with the Chi-
nese calligraphy community. Also, CHAED will be enlarged
by adding more handwriting images and collecting more eval-
uation data.
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