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Abstract
Chinese calligraphy has unique art, attracting many scholars to study and learn. There
have been various calligraphy styles in China for 5000 years. The most influential styles
are seal script, clerical script, standard script,semi-cursive script and cursive script.
They are also the styles that many scholars want to imitate and sublimate.Now we are
using standard simplified Chinese characters, many scholars are difficult to identify the
long history of calligraphy style, so this paper proposes a method through deep learning
and machine learning to help them identify calligraphy style.We first use vgg16
convolutional neural network to extract depth features, then reduce the extracted highdimensional features to low dimensional space by dimension reduction, and use support
vector machine classification method to recognize style in low dimensional space.The
experimental results show that the accuracy of the proposed method is higher than that
of vgg16, and the method has a good effect on style recognition.
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1. Introduction
We all know that the first thing to do in Chinese New Year is to post couplets. A neat and
beautiful couplet will be refreshing. Even ordinary people who do not have a deep knowledge
of Chinese calligraphy will applaud when he reads a beautiful calligraphy couplet.From this,we
know that the influence of calligraphy in Chinese traditional culture.After thousands of years of
development, Chinese calligraphy not only expresses the writer’s message, but also develops
into an art, just like the ancient proverb "The word is like the person", it deeply expounds the
value of calligraphy. Therefore, many scholars and ordinary people are attracted to study
calligraphy. At present, there are five main styles of Chinese calligraphy: seal script, clerical
script, standard script, semi-cursive script, and cursive script. For some beginners, when
appreciating calligraphy works, they will not only lament the author’s superb skills, but also
further think and explore based on the inherent font and style of the calligraphy works, hoping
to appreciate calligraphy works with similar styles in a style-guided way. This brings some
urgent scientific research problems to the analysis, recognition and style classification of digital
calligraphy works, which should be solved. In recent years, many researchers have devoted
themselves to the study of handwritten Chinese character recognition[1][2], using traditional
methods of manually extracting features[3][4], and then using some conventional machine
learning algorithms such as nearest neighbor classification algorithm to recognize Chinese
characters. With the development and application of artificial intelligence, more and more
researchers use deep learning based on convolutional neural networks [5] [6] to recognize
different Chinese characters, but there are not many researchers study on calligraphy. Research
on style recognition.
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Figure 1:Different writing styles of the word “匕”
As shown in Figure 1, they are quite different at first glance, but they are all different writing
styles of words that express the same meaning, namely “匕”.From left to right are the standard
script, semi-cursive script, cursive script, clerical script, and seal script styles. For ordinary
people who have not studied deeply or have not studied it, it is still very difficult to distinguish
which style they are. So how do us make the machine recognize it? Wang Xiao, Zhang Xiafen,
etc. [7] proposed Calligraphy Style Identification Based on Visual Features. The research
method of the article is to extract features from the single-character image and stroke structure
to obtain a total of 24 types of features as feature vectors, and calculate the probability of the
sample to be tested and the five types of styles to obtain the style category. This method is
manual feature extraction, which is not only computationally intensive and cannot achieve realtime results, but the recognition rate is not very high. Zhang Jiulong et al. [8] performed style
recognition by extracting local and global features of the image. The extraction of local features
uses the SIFT algorithm, and the extraction of global features uses the GIST algorithm, and then
uses support vector machines for classification, although the recognition rate is somewhat
improved, but the amount of calculation is not small. In order to improve efficiency, Mao
Tianjiao et al. [9] proposed an improved KNN algorithm, which extracts more accurate feature
points from the key points obtained by using the SIFT algorithm, and then uses the improved
KNN algorithm as a classifier, and a good result is obtained. The recognition rate also reduces
the computational complexity. With the development of artificial intelligence, more and more
researchers apply neural networks to the recognition of calligraphy styles. GaoPengcheng et al.
[10] used convolutional neural networks to recognize calligraphy styles and sent character
images to the AlexNet network and use the DeCAF algorithm to extract the fully connected layer
of the sixth layer as a feature, and design MQDF for recognition. This method can reach the
accuracy of AlexNet, and it can also greatly reduce the amount of calculation and increase the
speed. JiulongZhang et al. [11] added the squeeze-and-extract module after the convolutional
layer to enhance important features while suppressing useless features, and then use softmax
to classify and recognize through a layer of wavelet transform layer, which has high accuracy
rate.

2. Convolutional Neural Network
2.1.

LeNet-5 neural network

The earliest convolutional neural network is the LeNet-5 neural network proposed by Yann
LeCun[12], as shown in Figure 2 below.

Figure 2:LeNet-5 Convolutional Neural Network
A convolutional layer and a pooling layer are added to the traditional neural network. The
convolutional layer mainly implements feature extraction to obtain features that are easy to
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distinguish between different styles. The pooling layer can reduce the dimensionality of highdimensional features to ensure effective classification. In the case of reducing secondary
information, reducing the amount of calculation and increasing the phase rate. The model
includes 4 convolutional layers, 2 fully connected layers and a Gaussian connected layer, and
finally the classification results are output through the softmax layer. After the input image is
subjected to convolution operation, the feature map is obtained, and then the pooling operation
is performed to obtain the output image, and then the previous steps are continued on the
output image, until the fourth layer is connected with the fully connected layer, and the fully
connected layer is same with the traditional neural network by designing different deep
networks and using the training set to train the parameters of the network to automatically
recognize the style. Because more layers are added, the network has better fitting ability. At the
same time, because each layer of convolution kernel weights are shared, the parameters are
reduced and the network is prevented from overfitting. Compared with traditional image
classification methods, it no longer requires manual feature description and extraction of target
images[13], but autonomously learns features from training samples through neural networks,
and these features are closely related to the classifier. This solves the problem of manual feature
extraction and classifier selection, and has greatly promoted the development of artificial
intelligence [14].
2.1.1 Convolution operation
Image convolution operation[15] realizes the convolution operation by using the convolution
kernel to multiply and add the image, which is defined as:
g  f  h  g (i, j )   f (k , l )h(i  k , j  l )
(1)
k

l

In the formula, f(i,j) is the input image pixel, h(i,j) is the convolution kernel pixel, and g is the
output image.

Figure 3: Convolution operation process
As shown in Figure 3, the input image pixels are on the left, the convolution kernel template is
in the middle, and the processed output image is on the right. Let the convolution kernel move
according to a certain rule on the input image, calculate the product of the convolution kernel
coefficient and the corresponding input pixel below it, and then add the product and sum, and
finally output the result of the operation to obtain the characteristic image. The detailed
operation is shown in the figure Shown. The operation of convolution can enhance the features,
extract the features useful to the result, remove the secondary features, and reduce the amount
of data. In a convolutional neural network, the coefficients of the convolution kernel are exactly
the parameters we need to train. Using convolution kernels with different numbers of channels
in each layer can produce different output feature maps, and the dimensions of these feature
maps are also relatively large, so a pooling layer is needed to extract the main features.
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2.1 .2 Pooling layer
The pooling layer also uses a window to slide in the image to process the corresponding pixels.
Pooling has maximum pooling and average pooling. In general convolutional networks,
maximum pooling is used. There are also documents that show that there is not much difference
between maximum pooling and average pooling. Here is an introduction to maximum pooling.
Maximum pooling is the area corresponding to the size of the filter on the image, and the
maximum value of the pixel is taken in this area to obtain the feature data. Generally speaking,
the feature data obtained by this method better retains the texture of the image feature.

Figure 4: Pooling process
The pooling process is shown in Figure 4, using a window with a size of 2 and sliding on the
input image with a step length of 2, selecting the maximum value of the corresponding input
pixels below the window as the output, and continuing to slide to get the maximum value in all
sliding windows as output result graph, this graph is the characteristic graph after pooling.

2.2.

VGG16 neural network

VGG[16] is a new neural network proposed by Simonyan and Zisserman on the basis of
convolutional neural network, and used this model to participate in the 2014 ImageNet image
classification and positioning challenge, and obtained excellent results. For neural networks,
the greater the number of layers, the stronger the fitting ability, which can improve the accuracy
of recognition. The VGG neural network is designed to verify this result. Experiments show that
when the depth of the network is 16 layers, the accuracy is the best Good, that is, the following
VGG16 neural network.

Figure 5: VGG16 neural network model
In Figure5, there are a total of 13 convolutional layers, 3 fully connected layers and 5 pooling
layers. The convolution kernels in all convolutional layers are the same size, all of the same size,
and the sliding step is 1.The pooling layer is a window template with a step size of 2.The size of
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both is the same, the sliding step size is 1, the pooling layer is a window template with a step
size of 2, the first two fully connected layers have a dimension of 4096, and the third fully
connected layer has a dimension of 1000, and softmax, which the dimension is also 1000, that
is, there are 1000 categories of output. Since there are only five calligraphy styles we studied,
the output of softmax is set to 5 in the experiment. VGG16 is to recognize and classify large
samples, and our experiment is only small samples. The features extracted by this neural
network will appear redundant, and the dimensionality reduction algorithm is needed to
reduce the dimensionality. The characteristic of the convolutional neural network is that the
nodes close to the input layer represent the abstraction of the image in low dimensions, while
the nodes close to the output layer represent the abstraction of the image in higher dimensions.
Low-dimensional abstraction describes the texture and style of the image, while highdimensional abstraction describes the layout and overall characteristics of the image. Therefore,
high-dimensional features can better represent the content of the image. Therefore, it is
necessary to reduce the dimensionality of the features extracted by VGG16 in the highdimensional.

3. Dimensionality reduction
3.1.

PCA

Principal component analysis (PCA)[17][18] is often used to reduce the dimensionality of a data
set, while retaining the feature that contributes the most to the variance in the data set. This is
done by retaining low-dimensional principal components and ignoring unnecessary highdimensional principal components. Such low-dimensional components can often retain the
most important part of the data. PCA is the simplest method to analyze multivariate statistical
distributions with feature quantities. Usually, this kind of operation can be seen as revealing
the internal structure of the data, so as to better show the variability of the data. If a multivariate
data set is represented by the coordinate system of a high-dimensional data space, then PCA
can provide a lower-dimensional image, which is equivalent to a projection of the data set on
the angle with the most information. In this way, a small amount of principal components can
be used to reduce the dimensionality of the data and lose some secondary information to obtain
low dimensionality. The mathematical principles of PCA are as follows:
The number of input samples is m , and each vector represents x i (i  1,2,...n) ,The samples can
be combined into a matrix of size m n , and the hope is by follows:
(2)
z WT x
linear transformation to obtain the transformed z , its size is m k , and k is much smaller than
n , and the effect of dimensionality reduction can be achieved. The transformation matrix W is
what we want. In order to obtain W , let the transformed variance be the largest of as the
following formulas:
1
1
Var ( z )   ( z  z ) 2  (W )T  ( x  x )( x  x )T W
(3)
N z
N
In the formula, z is the transformed data, z is the average value, x is the input data, and W is
the required matrix, which is a matrix composed of all feature map vector row vectors, and this
matrix retains important information of the original data. Let:
1
S   ( x  x )( x  x )T
(4)
N
then S is the covariance matrix of the original data. So get a linear optimization function:
max(W T ) SW s.t || wi || 1
(5)
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After calculation, wi is the eigenvector corresponding to the eigenvalues of the covariance
matrix S arranged by size. If we take the characteristic matrix W composed of the eigenvectors
corresponding to the first k eigenvalues ,it is possible to project the n-dimensional vector of the
original data in the k-dimensional feature space, so as to achieve the effect of dimensionality
reduction. Often the input sample dimensions are very large, which makes the calculation of the
covariance matrix S very complicated, and it is not easy to obtain the transformation matrix W .
Usually, the singular value decomposition SVD of the matrix is needed to solve it.

3.2.

SVD decomposition

Singular value decomposition[19] is a commonly used method for high-dimensional
decomposition to low-dimensional space. It is widely used in many machine learning
algorithms. The specific decomposition method is as follows:
For any matrix A of m n , its SVD is:
(6)
A  UV T
U is a unitary matrix of m m ,  is an m n diagonal matrix, usually a matrix composed of the
singular values of A . The singular value  i has the following relationship with the eigenvalue
i of matrix A :
V

 i  i

(7)

( AAT )ui  i ui

(8)

is a unitary matrix of n n ,by:

to find each eigenvector of the matrix U, where l is the eigenvalue and u is the eigenvector. In
the same way, we can use:
( AT A)vi  i vi
(9)
to find the matrix V.In this way, the SVD of matrix A can be obtained.

3.3.

The relationship between PCA and SVD[20]

In the low-dimensional space formed by w, high-dimensional data can be represented by the
following formula:
x  c1w1  c2 w 2    ck wk  x
(10)
In order to find these k vectors, you can make the following formula take the minimum value:
K

Lerror   || ( x  x )  ( ck wk ) ||2

(11)

k 1

For (10), it can be disassembled as:

x1  x  c11w1  c12 w2  
x 2  x  c12 w1  c22 w2  

(12)


That is:
X  x  x  UV
(13)
x is the m n matrix, U is the m k matrix,  is the k  k matrix, and V is the k  n matrix. For
the decomposition of X , the SVD method is used, and the matrix U is the eigenvalue
composed of the first k eigenvectors obtained through the covariance S ,which is the PCA
decomposition. After the feature matrix U is obtained, formula (13) can be used to reduce the
dimensionality of the original data.
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4. Experiment and analysis
4.1.

Data set and experimental environment

China Academic Digital Associate Library(CADAL) is the largest digital library in China. It
collects a large number of digital style fonts, which is very convenient for scholars to use. In
CADAL, a five-style dictionary contains more than 100,000 characters, including seal script,
clerical script, standard script, seni-cursive script and cursive script. This article selects five
thousand characters for each style for experiment, and divides them into training set and test
set according to 4:1.The software environment of the experiment is the Windows operating
system and the TensorFlow neural network framework. The programming language uses
Python 3.6. The hardware is a PC equipped with CUDA-supported NVIDIA GPU graphics card
GeForceGTX285, Xeon quad-core processor and 32GB memory. The flow chart of the
experiment is shown in Figure 6.

Figure 6: Experimental flowchart

4.2.

Experimental results

The experiment first sends the character image into the VGG16 network to train the model, and
the experimental results obtained are shown in Figure 7 below.

Figure 7: Training results of VGG16 neural network
It can be seen from the figure that when the training is about 6000 times before, the error
between the training set and the test set is 9.2%, that is, the correct rate of the five styles of
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calligraphic character recognition using VGG16 is 90.8%. For the VGG16 network, the fully
connected layer has a dimension of 4096, and there is more redundant information for the five
style classifications, and the dimensions are relatively large and consume memory, so
dimensionality reduction processing is required. Use PCA dimensionality reduction processing
to reduce high-dimensional vectors to low dimensionality, and then use SVM[21][22] for
classification. The experimental results are shown in Table 1.
Table 1: Accuracy of style recognition in different dimensions
dimension

4096

1024

256

32

16

8

accuracy

92.3%

95.4%

97.2%

89.4%

87.6%

73.6%

4.3.

Experimental analysis

In Table 1, it can be seen that when the extracted high-dimensional features are directly
classified using SVM without dimensionality reduction, the recognition accuracy is higher than
that of the original VGG16 network, which proves that the SVM classifier can improve the
network performance. Accuracy; with the use of PCA to gradually reduce the highdimensionality to the low-dimensionality, the recognition rate first increases and then
decreases. The analysis may be due to the fact that there are fewer types of styles, so there is
redundant information in high-dimensional features, and when it is reduced When the
dimension is very low, the useful information is drastically reduced, resulting in a very low
recognition rate.

5. Conclusion
By combining the VGG16 convolutional neural network with the SVM classifier, not only can
excellent machine learning algorithms be added to the neural network, but also the
computational complexity can be reduced, and the recognition accuracy can also be improved.
First, the trained neural network is used to extract high-dimensional features, and the highdimensional features are reduced by PCA, and then the reduced features are sent to the
designed SVM classifier to identify different styles. By comparing the accuracy of style
recognition directly with the VGG16 neural network, it can be obtained from experiments that
the recognition rate of our method reaches 97.2%, which is 6.4% higher than that of VGG16,
which proves that the combination of machine learning and deep learning The method is
feasible.The VGG16 network has many parameters and consumes relatively large resources.
The next step is to try to improve its network structure, and then combine with machine
learning to recognize calligraphy styles to obtain higher performance.
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