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ABSTRACT

As an important part of Chinese traditional culture and art, how to efficiently realize the recognition,
retrieval and style appreciation of calligraphy is of great significance. Aiming at the shortcomings of the
traditional geometric feature recognition model with low recognition efficiency, this paper applies
morphological neural network to the geometric feature recognition of calligraphy to design a geometric
feature recognition model for calligraphy. Image enhancement is performed on the calligraphic graphics,
the expansion pooling subnet is designed to replace the maximum pooling layer, and the calligraphic
geometric feature recognition network is constructed by combining the residual block structure. The
average recognition accuracy of this model in the geometric feature refinement recognition task is as high
as 97.23%, which is higher than that of the comparative models such as CNN, LeNet-5, and the recognition
accuracies are not less than 96% for the Euclidean, Liu, Zhao, and Yan styles. Using the model of this paper
to explore the influence of calligraphic line fluidity and structural changes on the geometric features, it is
analyzed that the “line” has a more significant influence on the geometric features of calligraphy than the
“structure”. In the six types of traditional calligraphy, such as large seal, small seal, official script, regular
script, line script, and cursive script, cursive script is only similar to the geometric characteristics of line
script, and the geometric characteristics are very unique.

Keywords: morphological neural networks, inflated pooled subnets, residual block structure, calligraphic
geometric features

1. Introduction

Calligraphy in ancient times was mainly practical, and also had an appreciation function. Nowadays, the
practicality of calligraphy has been greatly weakened, and the aesthetics has been greatly enhanced. With
the development of the times, the overall economic level of the society has been improved, the overall
knowledge and cultural level of the people has been improved, and the aesthetics has been gradually
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diversified [ 1-47. Chinese traditional aesthetics is composed of a series of categories that are rich in Chinese
characteristics, and the colorful categories form the unique landscape of Chinese traditional aesthetics [ 5-
67. In this context, if calligraphy wants to develop further, it needs to sort out and scrutinize the unique
aesthetic system and aesthetic theories in it, clarify the position of the aesthetics of calligraphy in the
construction of the discipline of calligraphy, and bring into play the functions and roles of the aesthetics of
calligraphy, so as to endow calligraphy with a wider space for development [ 7-97. Discussing the aesthetics
of calligraphy, we should first discuss the premise of its existence. With the continuous development of
calligraphy, the aesthetic function and role of calligraphy is more and more prominent, the more prominent
artistic attributes, calligraphy is also freed from the practicality of the fence, and become an art with
aesthetic creation as the main goal [10-127. Under the premise that “calligraphy is a kind of art”, the
aesthetics of calligraphy can help people to recognize and appreciate calligraphy in the long history of art
[13-147. The study of the geometric characteristics of line fluidity and structural changes in the aesthetic
system of Chinese calligraphy not only helps to guide the current practice of calligraphy, but also provides
a new perspective of thinking and elaboration for the study of the theory of calligraphy, and plays a positive
role in the establishment of a complete and systematic calligraphy theory system, which is irreplaceable
and guiding significance for people to scrutinize the tradition of calligraphy and to think about the future
direction of calligraphy [15-197]. The book is a great example of how the Chinese calligraphy tradition can
be utilized in the future.

In order to realize the efficient recognition of Chinese calligraphy combined with features, this paper
takes morphological convolutional neural network as the basis to design the recognition model of
calligraphic geometric features. Image enhancement is performed on the original dataset of collected
Chinese calligraphy characters to construct a complex expanded dataset. The morphological convolutional
neural network for calligraphy geometric feature recognition is designed and constructed through the
morphological neural network design expansion pooling subnet with E-D structure and D-E structure,
combined with the residual block structure design, and the training of the combined feature recognition
network is carried out to realize the improvement of the accuracy of calligraphy geometric feature
recognition. On the TensorFlow framework platform, several comparison experiments are carried out on
the model of this paper to verity the eftectiveness of the model. Using the model of this paper to deeply
explore the influence of line fluidity and structural changes on the geometric structural features of
calligraphy.

2. Chinese Calligraphy Geometric Feature Recognition Model

2.1.  Mathematical Morphology Filter

As the most basic concept in mathematical morphology, mathematical morphological operators can be used
to extract features in data and filter noise in data. Since the vibration signals of bearings are one-
dimensional data, this paper only discusses the mathematical morphology filter theory for one-dimensional
data [207.

Let f(n) be a one-dimensional signal on set F' ={l,2,---,n—1} and g(m) be a structural element
(SE) on set G =1{1,2,---,m—1} that satisfies n>m. The basic operators of mathematical morphology
include the erosion operator, the expansion operator, the open operator, and the closed operator, and all

morphological operators evolve from these four basic operators. The basic definitions of the four operators
are as follows:

(f©g)(n) = min, g {f (n+m)—g(m); (1)
(f ®g)(n) =max, ;{f(n—m)+g(m); (2)
(feg)n)=(fOg®g)(n) ()
(f-8)(n)=(f ®gBg)(n) (%)
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Where formula (1) is the morphological erosion operator and formula (2) is the morphological expansion
operator. Equation (3) is the open operator and equation (4) is the closed operator. The corrosion operator
is usually used to smooth the negative impulse component of the signal and suppress the positive impulse
component of the signal. The expansion operator has the opposite function of the erosion operator. The
expansion operator is often used to smooth the positive impulse components in a signal and suppress the
negative impulse components in a signal. The morphological open and morphological closed operators are
defined as a cascade of corrosion and expansion operators that can process both positive and negative
impulse components in a signal. A signal processed by the open operator has its image contracted to some
extent. A signal processed by the closed operator will have its image expanded to some degree.
Morphological open and morphological closed operators are eftective in filtering the positive and negative
impulse components of a signal. The impulse features of a signal contain information related to the impulse
peaks of the signal and are very helpful in analyzing the signal. Therefore, it is extremely necessary to
extract the impulse features of the signal. Top-hat operators are commonly used to mine positive and
negative impulse features in signals, and top-hat operators include white top-hat operator (WTH) and
black top-hat operator (BTH). The white top hat operator and black top hat operator are defined as follows:

WTH(f(n),g) = f(n)=(f °g)n) (5)
BTH(f(n),g)=(f-g)(n)~f(n) (6)

Equation (5) is the white top hat operation, which is often used to extract the positive pulse features in
the signal. Equation (6) is the black top hat operation, which is commonly used to extract the negative
pulse features in the signal.

According to the above discussion, the open operator can effectively filter the positive impulse
components in the signal, while the closed operator is exactly the opposite. Many filtering operators are
constructed on the basis of open and closed operators, and two commonly used filtering operators are given
below:

Foc(f(n),8)=(f°g-g)n) (7)

Foo(f(n),8)=(f-g°g)n) (8)

Where Eq. (7) is the morphological open and closed operator and Eq. (8) is the morphological closed-
open operator. These two operators can filter the positive and negative pulse components in the signal at

the same time, however, the amplitude of the signal will become smaller after the processing of F,., and

the amplitude will become larger after the processing of f(,,. So these two operators are not suitable to

be used directly for noise reduction of signals. The Combined Morphological Filter (CMF) solves this
problem well by calculating the arithmetic mean of the two operators. The CMF operator is defined as
tollows:

Foc (f (1), 8) + Foo (£ (1), 8)
2

CMF(f(n),g) = (9)

Also commonly used mathematical morphological operators include morphological gradient operators,
which combine various basic morphological operators through difterence operations to achieve filtering
effects. The expressions of several common morphological gradient operators are as follows:

MG(f(n),g)=(f®g)n)—(fOg)(n) (10)
MG, (f(n),2)=(f-g)n)—(f o g)(n) (11)
MGCOOc(f(n)’g):Fco(f(n)ag)_Foc(f(n)ag) (12)

At present, for various scenarios that require filtering, experts and scholars at home and abroad have
proposed many morphological operators with stronger noise reduction performance, but these
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morphological operators are basically combinations of the commonly used morphological operators
mentioned above.

The optimal lengths of the structural elements of single-scale morphological filters are usually difficult
to determine, and the practice of processing signals only on a single scale is prone to lose important feature
information in the signals. Multiscale morphological filters compensate for the shortcomings of single-
scale morphological filters to some extent. In multiscale morphology, the lengths of the structural elements
are variable over a range. This allows the filter to filter the noise in the signal at different resolutions,
preventing the loss of useful information in the signal during the noise reduction process. In multiscale
morphology, the definition of multiscale structural elements is as follows is defined below:

1g=gPg®g--Dg (18)

A-1

where A 1is the scale factor and & is the structural element at a single scale. Equation (13) shows that
the analyzed scale size of A is obtained by expanding the single scale structural element A4 —1 times. As
A increases, the length of Ag increases. At the same time the coverage of the original signal by the
multi-scale structural elements increases. It can be seen that in multiscale morphology, the morphological
operators analyze the signal more comprehensively and are no longer limited to analyzing only a single
scale. In this respect multiscale morphological filters have surpassed many conventional filters.

In multiscale morphology, the representation of morphological operators needs to be rewritten. Taking
the morphological corrosion operator and the morphological expansion operator as examples, the
expression forms of the two operators in multiscale morphology are as follows:

f01g=(f0g0g0-Og)(n) (14)
fOIg=(fOgDgD - g)n) (15)

where Eq. (14) is the multiscale morphological erosion operation and Eq. (15) is the multiscale
morphological expansion operation. Multiscale mathematical morphology usually integrates each scale of
analysis in a weighted manner, and the weighted multiscale morphological filter (WMMF) is defined as
tollows:

WMMEF (f (n),g) =) @,Operator,(f (n),g) (16)

where Operator(f(n),g) is the multiscale morphological operator at analysis scale A and @, is the

weight for that analysis scale.

2.2.  Morphological neural network modeling

2.2.1.  Morphological Neural Network Framework. CMNN is developed from the morphological
perceptron model, which constructs two hyper-box clusters to realize binary classification. And CMNN is
a combination of a series of morphological perceptron, which constructs 7 super-box cluster 7 as the
number of classifiers and realizes multi-classification.

The minimum hyperbox [a,b] covering the point set C={x,. | X, EG”,i=1,2,---,k} and its lower

endpoint @ and upper endpoint b are easily defined according to the theory of lattice algebra:
az(/\xl.l,/\xf,---,/\xi”)i=1,2,---,k (17)
bz(vx},vxf,---,vxf)i=l,2,---,k (18)

When n <3, the hyperbox has an image geometric meaning. A certain vector x e G" is contained in
the hyperbox [a,b], i.e., it satisfies a < x<b. The above condition is equivalent if we let v=4", w=b:

£,(X)AS,(x)=0 (19)
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Let the CMNN input vector be xe G” and the output vector be yeG™. Given a set of training

samples C, during the training process of the CMNN, a cluster of super-boxes [alj,blj}(j =1, 2,---,11)

containing only the first type of training samples is automatically generated by the computation of
morphological operators &, § denoted as B), [ as the number of super-boxes in super-box cluster

B,. Then B,= [azj,sz ](] =12, --,12), [, are generated as the number of superboxes in superbox cluster

B, . This continues until B, = [a}fl,brfl](j =12+, ), [, are produced as the number of superboxes in
superbox cluster B, . It can be seen that not only does the number of hidden layer neurons of the CMNN

not need to be determined manually, but also the number of constructed hidden layer neurons may not be
equal for different morphological perceptrons.
For CMNN classification, for a given input sample x e G”, if'it can be determined that X is contained

in a certain hyperbox [a,-j b/ ](l =1,2,---m:j=1,2,---,1.), i.e., belongs to a certain cluster of hyperboxes

B,, then it is determined that x belongs to class 1.

2.2.2.  Morphological Neural Network Multi-Classification Training Algorithm. To facilitate the
description of the training algorithm for morphological neural networks, the concept of half-spaces, i.e.,

negative half-space H, (¢) and positive half-space H,(c), is first introduced, and set x,ceL", then
defined:

H,-_(C)z{xeL" 1X; <C,~}i=1,2,~~,n
(20)
H,-+(C)={xe]j X, >ci}i=1,2’...’n

where subscript i 1is the dimension index of vectors X, C.
As mentioned earlier, the hyperbox has a figurative geometric meaning when n<3. When n=2.The
small circles in the figure represent the samples of class i, the asterisks represent all the samples except

class i. The geometric images of the point set, the half-space, the minimal hyperbox Ai1 covering the

point set of class i and its lower endpoints a: and upper endpoints bi1 are clearly represented in the
figure.
Problem Description, Let the set of training samples be C= {xl,xz,- - xt} c G" and the sample set C

contain a total of m classes of samples. It is necessary to find a training algorithm for the morphological

Bl.={[a;,bil],[af,bf],---,[af‘,bil’J} (i=1,2,---,m, [ is the number of hyperboxes contained in B, )is the

set of hyperboxes containing all the training samples of class i.

Morphological neural networks cannot be trained by traditional back propagation algorithms, both
Sussner P and Li Bing proposed binary classification training algorithms, and this thesis here directly
gives similar multiclassification CMNN training algorithms.

The training sample set C contains a total of m classes of training samples, and the following
operations are done for the i th class of samples (i initial value is 1).

neural network such that the trained network produces m clusters of hyperboxes B,-:,B,, where

In the first step, initialize the super-box cluster B, =& to find out all the class i samples and put
them into the operation sample set CI.

In the second step, the smallest hyperbox A,.l = [a,.l,b,.l} containing the sample set CI is computed by
equations (18) and (19).

In the third step, find the non-class i samples covered under hyperbox Ai1 = [ail,bil] by equation (20),
denoted as C2C.

In the fourth step, determine whether C2C is empty. If the set C2C is empty, add the superbox 4! to

the superbox cluster B;. The algorithm has converged for the ird class of samples, the construction of
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the superbox cluster containing the i th class of samples is complete, and the construction of the superbox
cluster for the next class of samples begins, with the value of i added to one, from the first step. If the set
C2C is not empty, the next step is executed.

In the fifth step, the smallest hyperbox 4 =[c,d] covering the sample set C2C is computed from
equations (18) and (19).

In the sixth step, compute the 7 negative half-space of ¢ and the 7 positive half-space of d :

H;;(C):{x]xk<ck,xeC[}k:1,2,...,n

21
Hi(d)={x|x, >d,,xeCl}k=1,2,,n (21)

In the seventh step, determine whether these half-spaces are empty or not, if a half-space is not empty,
compute the smallest hyperbox A4’ covering the half-space by Eqs. (18) and (19), and add it to the

hyperbox cluster B;.

In the eighth step, find out the i th class of samples covered under the hyperbox 4 =[c,d] by Eq. (20),
denoted as C1C.

In the ninth step, determine whether C1C is empty. If the set C1C is empty, it means that the algorithm
has converged for the first i class of samples, the construction of the first i class of samples super-box
clusters is completed, and the construction of the next class of samples super-box clusters is started, and
the i-value is added to one, which is executed from the first step. If the set C1C is not empty, the next
step is executed.

In the tenth step, make CI=CIC 4nd go to the second step to start the execution.
From the above steps, it can be seen that the process of training the samples of class i is the process of

constructing the hyperbox clusters B; step by step, and also the process of operating the sample set CI

to collect the clusters to the center continuously. After executing all 7 classes of training samples, the
whole algorithm closes the clusters and constructs 7 super-box clusters. At this point the morphological
network has been trained and can be used to classify the test samples.

The network training process constructs the clusters of each hyperbox while finding a hypercube

covering all samples. First, the minimum hyperbox B, =[e, f] covering all the samples is easily found
from equations (18) and (19), and a hypercube is constructed with the lower endpoint e of B, as the

lower endpoint and the maximum side length of the hyperbox B, as the side length B =[e,u]. This

hypercube is a parameter that will be used in calculating the inclusiveness measure.

2.2.3.  Computational output model for morphological neural networks. Expressed in mathematical
language, for a given input sample xe G", the output ), of the ind morphological perceptron is
denoted as:

= f[v(a (A8, (x))j (22)

where the hard threshold function:

1 x=20

f(x):{o x<0 (25)

From equations (21) and (22), X is classified as class i when y,=1.

However, for a given sample X, if X is not contained in any of the known hyperboxes, then the value
of 8V(x)/\gw(x) is always less than zero and the classification fails. Therefore for classification, y; is
obtained directly by the following equation:

I}

y=v (2,048, () (24)
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After calculating the output y,(i=1,2,---,m) of each morphological perceptron in the CMNN, x is

classified to the class with the largest output value according to the principle of maximum affiliation.

2.8.  Calligraphic Geometric Feature Recognition Model

In this section, we will construct a calligraphy geometric feature recognition model based on mathematical
morphological filters, combined with morphological operators to study the depth of morphological
convolutional neural network MCNN to improve the accuracy of calligraphy style recognition [217].

2.3.1 Image expansion based on Chinese character glyphs. This section expands the calligraphic images by
performing affine transform, noise transform and inverse transform on the original dataset to simulate the
acquisition process in a real environment.

1) Affine transformations [227]. Affine transformations utilize linear transformations and geometric
translations to accomplish the transformation of one vector space to other vector spaces. This method is
able to utilize the transformation matrix to complete four transformations: translation, rotation, scaling
and miscutting. The translation and rotation transformations do not change the shape and size of the image,
and for the two-dimensional coordinate point (x,y), the transformation is represented as (,v) , and the
chi-square coordinate matrices of the two are shown in Eqs. (25) and (26), respectively:

u 1 0 ¢ |[x]
vi=l0 1 7|y (25)
1] (0o 1]1]
u| [cos@ —sin@ 0] x
v|=|sinf cos@ O}y (26)
1 0 0 11

where 7, and [, are translation vectors and @ is the rotation angle.

The scaling transform is the image scaling relative to the origin, if the coefficient is negative it will be
flipped, the scaling coefficients along the x and V axes are denoted by S, and S, , and the
representation of the scaling transform is shown in Equation (27):

S, 0 0f«x
S, 0ly (27)
0 1|1

— < g

0
0

The miscut is divided into horizontal and vertical directions for the miscut transformation, using
matrices I, and 7, to represent the miscut transformation matrices in the horizontal and vertical

directions, respectively, and @ and f are the miscut angles, then the transformation matrices 7; and

T, are shown in Eq. (28):

1 tana O 1 0 0
=0 1 O|,=tang 1 O (28)
0 0 1 0 0 1

2) Noise Transformation. Image noise can be viewed as extra pixel points or blocks of pixels produced by
random variables in its transmission [237]. Three common types of noise, Gaussian noise, pretzel noise and
speckle noise are described below, where X denotes the gray value variable.

The probability density function of Gaussian noise obeys a Gaussian distribution with a mean of # and
a variance of . The probability density function of Gaussian noise is shown in Equation (29):
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—(x-u)’

e 20°

f(x) = (29)
V2ro

Pepper noise is the noise caused by the intensity of the signal pulse, also called impulse noise, which is

presented as a stray dot on the image, and the expression of the probability density function is shown in

Eq. (30):
£, x=a
f(x)=1/, x=b (30)
1-f, —f, Other

Speckle noise is a type of image noise based on the correlation principle, which has a rougher reflective
surface on the wavelength scale and therefore produces speckle after image processing.
3) Inverse transform. The inverse transform is a gray scale transformation that inverts the gray scale
values of an image as shown in equation (31):

f;=255-f, (81)

Most of the calligraphy works are black characters on a white background, but in some inscriptions, the
calligraphic Chinese characters show different forms, such as white characters on a black background, so
it can be realized by taking the inverse transformation.

2.3.2 Network design for recognition of calligraphic geometric features. In this section, we first design the
inflated pooling subnetwork to replace the maximum pooling layer based on the FE—D-structure and
D— E -structure morphological neural networks, and then construct a morphological convolutional neural
network for calligraphic geometric feature recognition in conjunction with the residual block structure
design.

1) Design of expansion pooling subnetwork. The process of maximum pooling to select the maximum value
can be regarded as a pooling operation carried out by an expansion operator with rectangular structural
elements, so the operation process of the expansion operator can replace the operation of the maximum
pooling layer, which not only reduces the loss of information, but also enhances the ability to extract
teatures.

2) Style recognition network design. The calligraphy geometric feature recognition network MCNN
constructed in this paper consists of an input layer, a convolutional layer, an expansion pooling subnetwork,
four convolutional blocks, a fully connected layer and an output layer.

The parameter settings of the calligraphy geometric feature recognition network MCNN are described
in detail below.

(1) Set the input image as a grayscale image of 128x128.

(2) The convolution kernel size of the convolution layer after the input layer is set to 7x7, and the
number of channels is set to 64, the step size is adjusted to 2, and the SAME filling is used to better preserve
the calligraphic geometric feature characteristics, and finally, the features are subjected to BN processing.

(8) The four convolutional blocks are named Convi, Conv2, Convs, and Conv4. The Convl
convolutional block consists of three identical BasicBlock residual blocks, each of which contains two 3x3
-convolutional layers, each of which has 64 channels and a step size of 1, and is same-filled with the Relu
activation function, followed by the BN process.Conv2 convolution block consists of four residual blocks,
in which the first residual block includes two 3x3 convolutional layers and one [x] convolutional layer,
with a step size of 2, 1, 2, respectively, and the remaining three residual blocks include two 3x3
convolutional layers, with a step size of 1, and the number of channels of all the residual blocks is 128. The
Convs convolution block consists of six residue blocks, where the first residue block consists of two 3x3
-convolution layers and one ]x] -convolution layer, with steps of 2, 1, and 2, respectively, and the
remaining five residue blocks consist of two 3x3-convolution layers, with a step of 1, and all the residue
blocks have a channel count of 256. While the Conv4 convolution block consists of three residue blocks,
where the first residue block consists of two 3x3-convolution layers and one ]x]-convolution layer with
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the step size of 2, 1, and 2, respectively, and the remaining two residue blocks both consist of two 3x3-
convolution layers with the step size of 1, and all of them have the number of channels in the residue block
of 512.

(4) The fully connected layer integrates the features and retains 512 neurons.

(5) The output layer uses Softmax function for classification and recognition, 5 styles of calligraphy are
5 classification tasks, so the number of neurons is set to 5, which can complete the construction of the
network to recognize the geometric features of calligraphy.

2.3.3 Calligraphy Geometric Feature Recognition Network Training. After setting the training parameters

of the network, the network is trained and the training steps are as follows.
1) According to the geometric characteristics of five kinds of calligraphy, including regular script, seal
script, cursive script, line script and official script, the training set was divided into five training subsets.

The corresponding labels of the images in each subset are [0,1,2,3,4], and all the image labels are encoded

separately.
2) Initialize the number of iteration rounds to £, the maximum number of iteration rounds to 7', T >50,

and the current network model to H,, and let t=0,H =H,.

3) The 82 training samples randomly selected from the training sample set are used as inputs to the current
recognition network model H, to speed up the update rate of the weights and effectively reduce the
network training time and the memory occupied by the network operation. The convolutional layer, the
inflated pooling sub-network and the convolutional block perform feature extraction and filtering on each

training sample to form the set of feature maps Fz{fl,fz,...,fq,...,]gz}. The fully-connected layer

integrates the pixels of each feature map f, into 512 pixel values. The 512 pixels obtained from the fully

connected layer are mapped into 5 pixel values in the output layer, and the 5 pixel values are mapped into
the predicted probability of each training sample belonging to each of the 5 calligraphic geometric feature
classes by means of the Softmax function.

4) Using the cross-entropy loss function, calculate the loss value L, of the current recognition network

H, by the predicted probability of each training sample belonging to the style category and the sample
category label. Using the Adam optimization algorithm, the learning rate is set to 0.001, and the weights

@, and deviations 6 of the structural elements, convolutional and fully connected layers in the network

H, are updated by the loss value L,, so as to obtain the network after the current selection of generation.

5) Judge whether ¢>T is valid, if yes, get the trained network model F', otherwise, make f=¢+1, and
perform step 3).

3. Calligraphic Geometric Feature Recognition Test

In order to verify the feasibility of the improved calligraphic geometric feature recognition model in this
paper for the recognition of calligraphic geometric features, several experimental comparisons of the model
were conducted on the TensorFlow framework platform. A batch gradient descent algorithm is used to
iteratively update the model parameters with batch=50, which traverses all the training set once every 48
iterations, i.e., one epoch. The calculation of training recognition rate and test recognition rate is carried
out once per iteration, and the test recognition rate of this paper's model at different learning rates is
specifically shown in Fig. 1. It can be seen that the convergence speed is different under difterent learning
rates, the learning rate is too small will make the convergence speed too slow, the learning rate is too large
will appear to skip the optimal value and can not reach the convergence, and finally the learning rate of
this experiment is set to 0.001.
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Fig. 2. The change of function loss value

Next, the task of applying the model of this paper to the recognition of calligraphic geometric feature
refinement will be carried out, and CNN, LeNet-5, GoogleNet, and ResNet models are selected as
comparisons. Cross-experimentation of the five recognition models is carried out on the ancient regular
script calligraphy dataset, and the parameters are updated iteratively and the accuracy is tested during the
training process of the network model, and the recognition accuracy data is specifically shown in Table 1.
One group (ABC/D, i.e., D is the test set, and the other ABC three groups are the training sets) test set D.
Specifically, the average recognition accuracy of this paper's model is as high as 97.23%, which is 3.88%,
6.48%, 5.68%, and 0.78% higher than that of CNN, LeNet-5, GoogLeNet, and ResNet models. It has a
relatively outstanding performance on the task of calligraphic geometric feature recognition, and it is also
able to show a very high recognition rate on the task of calligraphic geometric feature refinement

recognition.
Table 1. Data of recognition accuracy
Train/Test CNN LeNet-5 GooglLeNet ResNet Model of this article
ABC/D 84.78% 90.69% 90.13% 96.58% 97.36%
ABD/C 83.77% 89.93% 92.42% 96.37% 97.10%
ACD/B 81.92% 91.55% 91.81% 96.49% 97.34%
BCD/A 82.92% 90.82% 91.84% 96.35% 97.12%
Average 83.85% 90.75% 91.55% 96.45% 97.23%

In order to further analyze and study the recognition accuracy of the model proposed in this paper, the
confusion matrix of cross-validation set on a set of ancient regular script calligraphy dataset is calculated,
as shown in Fig. 3. It can be seen that the recognition accuracy of Ou style (Ouyang Xun) is the highest,
with 99.8% being correctly recognized as Ou style, but there is still 0.2% that will be incorrectly recognized
as Liu style (Liu Gongquan). Zhao Style (Zhao Mengtu) has the lowest recognition accuracy of 96%, with
2.5% being misidentified as Liu Style, 0.05% as Yan Style (Yan Zhenqing), and 1% as European Style. The
other two fonts were also misidentified as other fonts. Some calligraphic character images are indeed very
similar between the four calligraphic styles being difficult to distinguish. However, the vast majority of
calligraphic characters can be recognized as the correct calligraphic style in the model of this paper.
Therefore, the convolutional neural network model proposed in this paper can well accomplish the task of
recognizing the refined styles of ancient regular script calligraphy refinement refinement and achieve the
expected results.
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4. Analysis of the influence of calligraphic lines and structure on geometric features

As the core features of calligraphic geometric features, calligraphic line and calligraphic structure are the
roots and bones of calligraphy. This chapter will use the geometric feature recognition model of Chinese
calligraphy constructed in this paper as the basis and means to explore the influence of line fluidity and
structural changes on the geometric feature style of calligraphy in the aesthetic system of Chinese
calligraphy.

Based on the classification of line and brushwork in the book style, this experiment selected 6 kinds of
calligraphy (P1~P6 in turn) (P1~P6) were selected in this experiment, namely the calligraphy structure
"original", "chapter unity", "strokes", and "one" (called S1~S4 in turn), as follows.

1) Original, i.e., intercepted from the original high-definition artwork.

2) Uniformity of chapters, i.e., based on the “Original” group of works, the layout of chapters is removed,
and the characters are randomly sorted.

3) Strokes, i.e., from the “Works” group, appropriate Chinese characters are selected, the font structure is
removed, and only the stroke structure of the Chinese characters is retained.

4) One, i.e., from the samples in the “works” group, select suitable Chinese characters, remove all the
structures, and retain only the most basic structure of the horizontal shape.

This experiment will be a two-factor experiment, setting up a total of 24 experimental groups of
calligraphic lines (6 styles of calligraphy) X structures (4 display styles), and collecting 600 valid data for
each group with the help of the calligraphic geometric feature recognition model in this paper.

4.1.  Cluster Analysis of Calligraphic Lines and Structural Hierarchy

Based on the Euclidean distance, the hierarchical clustering analysis of the brushwork structure was carried
out, as shown in Figure 4. The darker the color in the diagram (the darker the blue), the closer the distance,
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i.e., the more similar they are. Firstly, the clustering results were observed, and the structure was basically
clustered according to the structure splitting process. In terms of calligraphy, the calligraphy is basically
clustered according to the evolution process of the calligraphy, among which the large seal, small seal,
official script and regular script are more clustered, and the line script is more similar to cursive script,
which is also more in line with the traditional calligraphy theory. Observing the distance between the
structure and the calligraphy lines, it is found that the distance between the large seal, the small seal, the
official script and the regular script is closer to the four types of calligraphy structures, and the distance
between the line and cursive script and the four types of calligraphy structure is farther.

Clustering
0.7000
P4 0.61 0.58 0.7 0.67
0.6360
P2| 058 0.56 0.58 0.57

057204 | pj

0.5080

0.4440

0.3800

S3 S4 S1 S2

Fig. 4. Hierarchical clustering
4.2.  Analysis of the correlation between calligraphic lines and structures

4.2.1.  Analysis of the overall correlation between calligraphic line and structure. Figure 5 shows that
Figure (a) is the similarity of the calligraphic structure and Figure (b) is the similarity between the
calligraphic lines. As can be seen from Figure (a), the similarity between the structures is generally high,
and the similarity between the structures is basically maintained at a high level except for the "one" group.
Compared with the correlation between structures, (b) shows the diversity of perceptions brought about
by calligraphic lines, according to the evolution order of calligraphy (large seal— small seal— official
script— regular script— line script —cursive script), the correlation between calligraphy styles shows a
downward trend, and cursive script is negatively correlated with most calligraphy styles.
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Fig. 5. The overall correlation analysis of calligraphy line and structure

4.2.2.  Correlation analysis between calligraphic structures under different calligraphic lines. After the
above analysis of the overall correlation between calligraphic lines and structures, the correlation is further
subdivided, i.e., the correlation between the 4 calligraphic structures under different calligraphic lines and
the correlation between the 6 calligraphic lines under different calligraphic structures are calculated
respectively, and the former will be analyzed in depth in this section first. The correlation between the four
calligraphic structures without the calligraphic lines is shown in Table 2, where the r-value of the highly
positive correlation ranges from [0.8,17]. According to the data in the table, it is found that the correlation
between the four calligraphic structures is positive under each calligraphic style, and most of the
correlations are strong. Further analysis of the correlations shows that compared with the Big Seal Script,
Small Seal Script and Clerical Script, there are higher correlations among the 4 calligraphic structures of
Regular Script, Running Script and Cursive Script, indicating that the calligraphic styles formed after the
Clerical Script are more emphasized on brushwork.

Table 2. The correlation between calligraphy structures
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- - S2 S3 S4
S1 0.92 0.78 0.58
P1 S2 - 0.82 0.52
S3 - - 0.69
S1 0.94 0.47
P2 S2 - 0.48 0.57
Ss - - 0.38
S1 0.88 0.79 0.88
Ps S2 - 0.78 0.78
Ss - - 0.8
S1 0.98 0.85 0.85
P4 S2 0.87 0.87
S3 - - 0.93
S1 0.96 0.9 0.76
Ps S2 - 0.82 0.7
S3 - - 0.77
S1 0.97 0.88 0.8
Pe6 S2 - 0.9 0.86
Ss - - 0.85

4.2.3.  Correlation analysis between calligraphic lines under different calligraphic structures. In this

section, further analysis of the correlation between the six calligraphic lines under different calligraphic

structures will be carried out. The correlations are shown in Table 3. From the table, it can be seen that

under each type of calligraphic lines, basically all of them are weakly correlated, except for the high

correlation between the Big Seal Script and the Small Seal Script, in which the Cursive Script is negatively

correlated with some of the calligraphic styles. Regardless of the calligraphic structure, the further apart

the calligraphic styles are, the lower the correlation is, indicating that with the evolution of the calligraphic

styles, the differences in calligraphic lines between the styles are getting bigger and bigger, and the

structure does not interfere too much with this process of change.

Table 8. The correlation between the lines of calligraphy

- - P2 P3 P4 P5 Pe6
P1 0.87 0.7 0.43 0.09 -0.15
P2 - 0.7% 0.54 0.09 -0.22
S1 P3 - - 0.72 0.08 -0.21
P4 - - - 0.32 -0.19
P5 - - - - 0.74
P1 0.76 0.68 0.32 0.02 -0.02
P2 - 0.67 0.65 0 -0.25
S2 Ps - - 0.7% 0.1 -0.15
P4 - - - 0.27 -0.15
P5 - - - - 0.78
P1 0.82 0.45 0.21 0.16 0.16
53 P2 - 0.22 0.12 0.16 0.2
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Ps3 - - 0.78 0.42 0.06
P4 - - - 0.58 0.16
Ps - - - - 0.78
P1 0.78 0.72 0.59 0.46 0.08
P2 - 0.66 0.76 0.35 -0.15
S4 Ps - - 0.75 0.58 0.18
P4 - - - 0.66 0.12
P5 - - - - 0.68

4.8.  Significance test for the effect of calligraphic geometric features

At present, there is a lack of aesthetic experience scale suitable for the geometric characteristics of
calligraphy, so this experiment selects calligraphic style adjectives from several academic works that are
recognized as representative of the geometric characteristics of calligraphy. After screening, a total of 45
style words were extracted as the dimensions of the aesthetic scale, namely: majestic, Xiuyi, quaint, chic,
sinister, quiet, spicy, elegant, graceful, bold, rough, mellow, ruthless, dignified, robust, round, crisp, plump,
fat, thin, dense, sparse, round, dense, skillful, innocent, fat, square, old, natural, wild, chonghe, calm,
vigorous, simple, strange, charming, dangerous, tight, round, stubborn, ancient, broad, quite jun, Elegant.
Selected works include Sixteen Lectures on Calligraphy Aesthetics and Criticism, Twenty-Four Books,
and History of Chinese Calligraphy Style.

Repeatable two-way ANOVA was used for significance testing because the dependent variable in this
experiment was a dichotomous variable, so the ANOVA results needed to be corrected for Huynh-Feldt
degrees of freedom. Repeatable two-way ANOVA tests were conducted separately for the 45 style measure
terms. The “line” factor was found to be significant (p<0.05) in all dimensions except for the five dimensions
of Euphemism, Roundness, Lushness, Denseness, and Boldness. However, the "structure" factor was p=
0.05 in 15 dimensions, such as danger, strength, roundness, and abundance, and the effect was not
significant. The interaction between the two factors was not significant on the 15 dimensions of majesty,
old-fashionedness, elegance, and euphony.

4.4. Experimental results and analysis

1) The importance of calligraphic line and structure to the geometric features of calligraphy. Compared
with “structure”, “line” has a significant impact on more stylistic dimensions, i.e. “line” has a more
significant impact on the geometric features of calligraphy. However, it is worth noting that the geometric
features of calligraphy are not completely determined by "lines", and it can also be seen through ANOVA
that "structure" also has an influence on some geometric features, and for a small number of geometric
feature dimensions, there is an interaction between "line" and "structure".

2) Quantify the differences in geometric features between book styles. Through the hierarchical cluster
analysis and correlation analysis above, it can be found that the geometric characteristics of calligraphy are
similar between large and small seals, large seals and official scripts, small seals and official scripts, official
scripts and regular scripts, and cursive scripts and line scripts, while the similarity between cursive script
and the other four calligraphy styles except line script is very low, indicating that the geometric
characteristics of cursive script are very unique. The quantitative results are in line with the traditional
understanding of book theory.

5. Conclusion

Combined with morphological convolutional neural network MCNN, this study constructs a calligraphy
geometric feature recognition model to solve the problem of low recognition accuracy in traditional
recognition models. In order to verity the feasibility of the model, calligraphy geometric feature recognition
test is carried out. In the recognition detection on the ancient regular script calligraphy dataset, the average



A STUDY ON THE GEOMETRIC CHARACTERISTICS OF LINE MOBILITY 2427

recognition accuracy of this paper's model is as high as 97.23%, which is higher than that of the CNN,
LeNet-5, GoogLeNet, and ResNet models that are used as comparisons by 3.88%, 6.48%, 5.68%, and 0.78%.
Facing the ancient Regular Script Calligraphy such as Ou Style, Liu Style, Zhao Style, and Yan Style, the
recognition accuracy of this paper's model reaches 99.8%, 98%, 96%, and 98.5%, respectively. Overall, it
shows excellent performance in recognizing geometric features of calligraphy.

The model of this paper is used to extract experimental data related to calligraphic lines and structures
to explore the influence of calligraphic lines and structures on geometric feature styles. In terms of line
and structure for overall correlation, the similarity between calligraphic structures is higher overall, while
in terms of calligraphic lines, the correlation between calligraphic styles is on a decreasing trend according
to the evolutionary order of the styles. The correlations among the 4 types of calligraphic structures under
different calligraphic lines are all positive. Among the 6 ancient calligraphies, there are higher correlations
among the 4 calligraphic structures of Regular Script, Running Script and Cursive Script compared to Big
Seal Script, Small Seal Script and Official Script, indicating that the calligraphic styles after Official Script
are more emphasized on brushwork. Under different calligraphic structures, except for the high correlation
between the Big Seal Script and the Small Seal Script, the correlations among the other ancient calligraphic
types are weak, and the negative correlation between the Cursive Script and all the calligraphic styles
except the Running Script. This suggests that as the calligraphic styles evolved, the differences in
calligraphic lines between the styles became larger and larger. In general, compared with “structure”, “line”
has a more significant influence on the geometric features of calligraphy, and among the six types of ancient
calligraphy studied, the geometric features of Cursive Script are the most unique, which are only relatively
similar to those of Running Script, and very little similar to those of the other four types of ancient
calligraphy. The similarity with the other four types of ancient calligraphy is very low.
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