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Abstract: Objective Chinese calligraphy can be seen as one of the symbolized icons in Chinese culture. Nowadays,
Machine learning and pattern recognition techniques-derived calligraphy artworks are required for digitalization and preser-
vation intensively. Our research is mainly focused on Chinese calligraphy classification in related to such font and style
classification. However, the difference between calligraphy font and calligraphy style is often distorted. To resolve the
problem of style classification, first, we distinguish the difference between font and style. Then, we illustrate a novel multi-

loss siamese convolutional neural network to cope with the two mentioned problems simultaneously. Method The difference
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can be summarized between calligraphy font and style as follows : Calligraphy font refers to a broad taxonomy of scripts. For
example, the popular Chinese calligraphy fonts are composed of standard, seal, clerical, cursive and semi-cursive fonts.
Calligraphy style is closely related to the calligraphers to a certain extent. Each calligrapher has its own unique style. Com-
pared to calligraphy font classification, calligraphy style classification is more challenging due to the subtle difference
among different styles. Current researches are dedicated to Chinese calligraphy font classification. Yet, there are only a
few literatures are concerned with Chinese style classification. Our network is proposed and composed of two weights-
shared streams. Each stream of the network can be used to extract features from the input image using convolutional neural
network (CNN). In detail, the CNN has involved of five convolutional layers, while each layer is followed via a max pool-
ing layer. Batch normalization is used to speed up training as well. The ReLU is used as the activation function. After-
wards, the global average pooling is used to aggregate the feature maps into a compactable feature vector. To get a multi-
resolution representation of the image, the Haar wavelet decomposition is embedded into each stream. To optimize tradi-
tional siamese network, each stream of the proposed siamese network is extended as a classification network. In this way,
image-related features extraction is then fed to a fully-connected layer for classification. The cross-entropy loss is employed
for each stream. So, the supervised information of each individual image can be fully exploited. The contrastive loss can be
used for feature constraints: 1) features-between distance of the two input images from the same category will be reduced ;
2) features-between distance of the two input images from different categories will be enlarged. Overall, the proposed net-
work is trained to optimize the two types of loss jointly: contrastive loss and cross-entropy loss. A weight parameter is used
to balance the contribution of the two parts as well. Result We carried out extensive experiments to validate the effective-
ness of the proposed network. Since there are no public datasets for Chinese calligraphy font and style classification, we
have collected four sort of datasets in related to viz. CNCalliFont, CNCalliNoisyFont, CNCalliStyle and CNCalliNoisyS-
tyle. The CNCalliFont dataset is composed of 30 000 images and melted into five different fonts, called clerical, cursive,
seal, semi-cursive and standard fonts for each. Each font has final 6 000 images. The CNCalliNoisyFont dataset can be
used to extend CNCalliFont dataset in terms of the added Gaussian noise. The CNCalliStyle dataset consists of 12 000
images, which represent four styles from four popular Chinese ancient calligraphers in related to viz. , Ouyang Xun, Yan
Zhenqing, Zhao Mengfu and Liu Gongquan. Therefore, each style of that has 3 000 images more. All the images are
related to grayscale and kept in JPEG format. Likewise, the CNCalliNoisyStyle dataset can be focused on CNCalliStyle
dataset extension via adding Gaussian noise. Each dataset is split into training set, validation set and test set further with a
ratio of 6:2:2. The training set is used to learn the parameters in the proposed network. Different configuration of the
hyper-parameters is compared on the validation set with the best configuration selected, and it is applied to the test set.
Ten sort of random splits and the average classification accuracy are melted into as the evaluation metric. The four datasets-
related experiments demonstrate that the performance is increased by embedding the Haar wavelet decomposition in each
stream of the network. It is mutual-benefited on CNCalliStyle and CNCalliNoisyStyle datasets, indicating that the subtle dif-
ference among different styles can be captured better in terms of the Haar wavelet decomposition. The performance of the
proposed network is compared with them when the cross-entropy loss is employed only. The result shows that the perfor-
mance is decreased when the cross-entropy loss is employed only. So, the two types of loss can be mutual-benefited as
well. Moreover, we compare the proposed network with such popular methods in the context of manual feature-based, CNN-
based and vision transformer-based. For the handcrafted feature-based methods, features like local binary pattern (LBP) ,
Gabor and histogram of oriented gradient (HOG) are first employed, and the suppert vector machine (SVM) classifier is
then used. For CNN-based methods, recent four sorts of methods for Chinese calligraphy font and style classification are
listed. Additionally, we compare our proposed network with four sort of popular CNNs, which involves AlexNet, Visual
Geometry Group (VGG-16) , residual neural network (ResNet-50) and Xception. The performances of all the methods are
still decreased on the CNCalliStyle dataset. Specifically, a very sharp decrease is observed for the feature-handcrafted
methods, the four popular CNNs, as well as the vision transformer-based methods. It indicates that these methods cannot
capture the subtle difference among different styles. Each of the accuracy can be reached to 99. 90%, 94. 09%, 99. 38%
and 93. 28% on the four datasets. Conclusion The proposed multi-loss siamese CNN can be dealt with the two tasks in rel-

evance to viz. Chinese calligraphy font and calligraphy style classification simultaneously. Two sorts of task can be jointly
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optimized based on two types of loss as well.

Key words: Chinese calligraphy; style classification; font classification; multi-loss siamese convolutional neural network ;

contrastive loss; cross-entropy loss
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Fig. 1  Samples of different calligraphy fonts ((a)cursive;

(b)standard ; (¢)clerical ; (d)seal ; (e)semi-cursive )
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((a) Liu Gongquan; (b) Ouyang Xun; (¢) Yan Zhenqing;
(d) Zhao Mengfu)
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Fig. 3 Architecture of the proposed network
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Table 1 Details of the datasets built in our study
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Table 2 The parameters in each stream of

the proposed network
o 24 )2

Convolutional layer

W

b4 23S
5x5x%32 1

MaxPooling+BatchNormalization+RelLU 3x3 2
Convolutional layer 5%X5x32 1
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MaxPooling+BatchNormalization+Re LU 3x3 2
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Global average pooling layer (128) -
Haar wavelet decomposition (128) -
Fully-connected layer (4/5) -
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Table 3 Accuracy results of ablation experiments on four datasets
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Table 4 Accuracy comparison between proposed approach and other methods in the literature on different datasets
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Fig. 8 Sample images misclassified by the other

methods on CNCalliFont dataset
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Fig. 9 Sample images misclassified by the other methods on

CNCalliStyle dataset ((a) ground-truth label: Liu Gongquan;
(b) ground-truth label: Yan Zhenqing)
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