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ABSTRACT: The work aims to propose a method of extracting calligraphic image features and automatically generating
stylized calligraphic image. Firstly, the variational auto-encoder was used to extract shape information of the character for
the grayscale image of calligraphic works. At the same time, the calligraphic image was converted into the Lab color
space and the stylistic feature was extracted through 4-layers convolutional neural network in L channel. Then, the stylis-
tic feature was input to generator as conditions. Finally, the stylistic feature and shape information were used for joint
training in generative adversarial network, which could generate Chinese characters with specific style. In addition, Cal-
ligraphy Character Generation Dataset (CCGD-2019) which contained several types of calligraphy character was con-
structed for model training in the process of experiment. A calligraphic character image generation model based on
variational auto-encoding and generative adversarial network was proposed, which could automatically generate styl-
ized calligraphic character images from standard characters or random noise. The results of subjective evaluation and
Fréchet Inception Distance indicate that the recognition rate and the visual effect of generated characters reach the
satisfactory effects.

KEY WORDS: calligraphic character; GAN; shape information; stylistic feature; color space conversion

: 2019-10-22
“ ”  18CGB09
1971—



41 11

. 247

[3]
LeNets-5

(CGAN)

pix-to-pix

(1]
LO

[2]

[4]

ZHENG [

(7]

Lyu

[9]

[8]

(3]

GAN

VAEGAN

1 FEBEGLEBSERITNENE

KIRE

1.1 FEEBRIEESEGaTEEHR

RGB
a
3
L
L
L
1.2 THBEHRBEF

AE

2 (13 2 2
RGB RGB
Lab Lab
L
b
RGB
Lab
L
L



. 248. 2020 6
390 7356 7185
171
10l VAE [8]
CCS-4
4 7000
2
CCGD-2019
1
> st ] £
13 RIS -
111 Generative Adversarial
Network GAN 2 G(0)2)
D(x,0) z X
(2]
GAN Goodfellow 2014
cGANI2l DCGANIM3  WGANTM4
cGAN GAN
GAN
DCGAN  GAN 256x256
GAN
WGAN GAN
40 000
Wassertein
100 400
WGAN
2.2 REINF
. . ‘ 2 VAE-GANU!

2 ETFERITMEHR B iEFMEER VAE GAN

2.1 HIEEHEIEMALIE

(151 CASIA-
HWDBI.1 1020

Wi = 85

B NS bk PaEk

VAE GAN

. BHEFRTE
LTk
oy CCGD-2019

1 CCGD-2019
Fig.1 Construction flowchart of CCGD-2019



41 11 . 249.
=
= — :
EH
,’V‘?@ o i
& uEERR =
¥ -
4
4 2
i i prp
| %_} —>|Pr0bab1h@ %
h,. -
4 H
| He P r ﬁ
L St | Generator ‘ Discriminator
VAE | ' J B
GAN
EE Conv/leaky relu ' Conv/BN/leaky relu gﬁ Dense/Sigmoid @ Dense/Relu
@ Dense/tanh @ Conv_transpose/BN/Relu m Conv_transpose/tanh @ Dense
2
Fig.2 Framework of model training network
221 FHEEMIESRE
256x25%3
3
3 x
100
b x'
z z
, 4
X
1 256x256x3 222 IERIREHELS
100 RGB
Lab L
{32 64 128 256}
{5 5 5 5} {2 2 2 Lab L
2} 1 tanh
BN Leaky Relu 20
a 02 dropout
80%
sigmoid 50 o "
e 23 MEEH
2
{256 128 64 3} {5 5 5 5}
{2 2 2 2}
tanh
BN
Relu dropout Tv Loss Perceptual Loss  ['7]

80% 1



- 250-

2020 6

Lspirit = ﬁl * Ltv + ﬁz * Lperceptual (1)

Lspiril le Lperceplual

B P
1
L2 (18] 2
Wassertein

Lform = ngan ta* LZ (2)

Lform LWGAN LZ

L2 o
GAN
loss KL
JS
2
GAN
Wassertein
WGAN
WGAN
3

W(ER)= it (Ee, (k-] )

[1(z.%)

2. 7(xy)=P(x) X r(xy)=F(»)
rell(B.R)

3 LI

CCGD-2019 tensorflow

Intel Core i3 4790k 4.0GHz NVIDIA Quard T4000
GPU VAE GAN infoGAN[I®  WGAN

Distinguish Rate, DR
score, MOS Frechet
Distance, FID [1°]

Mean object
Fréchet Inception

3.1 gk
[13] Adam
bata 0.4 0.0002
RMSProp
Xavier
3
3
650
or | g_loss>‘ L
20} |
m d_loss
& 40}
By
-60
-80
(I) l(I)O 2(I)0 3(I)0 4(;0 560 660 760 860
LARREL
3
Fig.3 Training process of GAN
32 HEM&HR
321 FHENFARBRE
tensorflow
7
4 4

322 H5EMAEMBRBEERKR

VAE GAN

WGAN
5 VAE

InfoGAN

InfoGANI[20!

GAN

5



- 251-

11

41

—

T4

o~

I
H

I~

S

3.3

WGAN

2

113

FID

DR MOS Fréchet

DR

MOS

10

1~10

30

R E TR L #

FID

FID

GAN

FID

FID

IS

A2
EERNSRRE
EESnEEOE
S 1 S S S S
e e [ T
SE[SELAIE[E

L oo g &P

bt §
WGAN
S s
it EE Sk RB Ok

Tt @ --

O - - -

N A
\ 4
--e-VAE —+—GAN

InfoGAN
16

W ik

Yo/ A1 HL

Fig.4 Generated results of this paper

BE EX

TSR

Fig.6 Comparison of recognition rate of generated characters

£ %

WGAN
SO

--&-VAE —— GAN
InfoGAN

W MR A8 AT BB AR BB WK

(=]

—

T S T S SR S
AN 0> 0O N T n AN —~ O

HISOW

L®E g8 & HF

ﬂ
NENSRROE
CEFEEEEE
FENE NSNS
EAEREEEEE
OEEEEEEE

TR
MOS

Fig.7 Comparison of mean object score for

=

=

generated characters

Fig.5 Comparison of generated results by different methods



- 252-

2020 6

1400

1200

1000

8 800
=

600

400

200

1270.56

851.535

%

7

767.152

513.814

210.045

i

-

90%

VAE

GAN

8 FID

WGAN InfoGAN 3rrhE R

A7

Fig.8 Comparison of FID results

F  FID

MOS

70%

2 1/2
s = +Tr(2r+2g—2(2r2g) )
T:

FID

S k-

(1]

(2]

(4]

(3]

[7]

[D]. : ,2018: 7—33.
LEI Guo-rong. Image Clear Method and System of
Ancient Inscriptions Calligraphy[D]. Xi'an: Xi'an
University of Technology, 2018: 7—33.
Guide-filter

[J1. , 2016, 35(12): 125—128.
XU Peng-fei. Extraction of Seals From Chinese Cal-
ligraphy Works Based on Guide-filter[J]. Transducer
and Microsystem Technologies, 2016, 35(12): 125—128.

[D]. : ,2018: 36—49.
ZHANG Fu-cheng. Calligraphy Style Recognition
Based on Convolution Neural Network[D]. Xi'an:
Xi'an University of Technology, 2018: 36—49.

[J1. ( ), 2016,
50(4): 766—776.
ZHANG Xia-fen, ZHANG Long-hai, HAN De-zhi, et
al. Adaptive Matching and Retrieval for Calligraphic
Character[J]. Journal of Zhejiang University (Engi-
neering Science), 2016, 50(4): 766—776.
[J/OL]. :
1—5[2019-05-30]. https://doi.org/10.19734/j.issn.1001-
3695.2018.06.0579.
REN Xiao-wen, WANG Tao, LI Jian-yu, et al. Re-
search on Handwritten Chinese Character Recognition
Based on Deep Learning with Different Noise[J/OL].
Application Research of Computers: 1—5[2019-05-30].
https://doi.org/10.19734/.issn.1001-3695.2018.06.0579.
ZHENG X, MIA Q, SHI Z, et al. A New Artistic In-
formation Extraction Method with Multi Channels and
Guided Filters for Calligraphy Works[J]. Multimedia
Tools and Applications, 2016, 75(14): 8719—8744.
[J/OL]. : 1—8[2019-07-22].
https://doi.org /10.16383/j.aas.c190141.
ZHANG Wei, ZHANG Xiao, WAN Yong-jing. Stroke
Segmentation of Calligraphy Based on Conditional Gener-
ative Adversarial Network[J]. Acta Automatica Sinica:
1—8[2019-07-22]. https://doi.org/10.16383/j.aas.c190141.
LYU P, BAI X, YAO C, et al. Auto-Encoder Guided
GAN for Chinese Calligraphy Synthesis[J]. Interna-
tional Conference on Document Analysis and Recogni-
tion, 2017(1): 1095—1100.


https://doi.org/10.19734/j.issn.1001-
https://doi.org/10.19734/j.issn

41

11

- 253.

[12]

[14]

[15]

[D]. : ,2019: 31—45.
REN Jian. Research and Application of Chinese Cal-
ligraphy Style Transfer for Cultural Relics Restora-
tion[D]. Xi'an: Northwest University, 2019: 31—45.
DIEDERIK P K, WELLING M. Auto-Encoding Varia-
tional Bayes[C]// International Conference on Learning
Representations, 2014.
GOODFELLOW I, POUGET J, MIRZA M, et al. Gen-
erative Adversarial Nets[C]// Conference on Advances
in Neural Information Processing Systems. Montreal,
Curran Associates, 2014: 2672—2680.
ZHAO Z, FEI Y, ZHANG X Y, et al. Handwritten
Chinese Character Blind Inpainting with Conditional
Generative Adversarial Nets[C]// IEEE Asian Confer-
ence on Pattern Recognition, 2017: 804—809
RADFORD A, METZ L, CHINTALA S. Unsupervised
Representation Learning with Deep Convolutional
Generative Adversarial Networks[C]// International
Conference on Learning Representations, 2016.
WU lJi-qing, HUANG Zhi-wu, THOMA J. Wasserstein
Divergence for GANs[C]// European Conference on
Computer Vision, 2018: 673—688.
LIU Cheng-lin, YIN Fei, WANG Da-han, et al. CASIA

[16]

[17]

[18]

[19]

[20]

and Offline
bases[C]// International Conference on Document
Analysis and Recognition, 2011: 1520—5363.

ANDERS BL L, SONDERBY S K, LAROCHELLE H,
et al. Autoencoding Beyond Pixels Using a Learned

Online Chinese Handwriting Data-

Similarity Metric[C]// International Conference on
Machine Learning, 2016: 1558—1566.

LIU Gui-lin, FITSUM A, KEVIN J, et al. Image
Inpainting for Irregular Holes Using Partial Convolu-
tions[C]// European Conference on Computer Vision,
2018: 89—105.

OREST K, VOLODYMYR B, MYKOLA M, et al.
DeblurGAN: Blind Motion Deblurring Using Condi-
tional Adversarial Networks[C]// Computer Vision and
Pattern Recognition, 2018: 8183—8192.

SALIMANS T, GOODFELLO I, ZAREMBA W, et al.
Improved Techniques for Training GANs[C]// Neural
Information Processing Systems, 2016: 2234—2242.
XI Chen, YAN Duan, HOUTHOOFT R, et al. In-
foGAN: Interpretable Representation Learning by In-
formation = Maximizing  Generative  Adversarial
Nets[C]// Conference and Workshop on Neural Infor-
mation Processing Systems, 2016: 2172—2180.



	王晓红1，卢辉2，麻祥才2
	Generation of Stylized Calligraphic Image Based on Generative Adversarial Network
	WANG Xiao-hong1, LU Hui2, MA Xiang-cai2

	1  书法图像处理与生成对抗网络的基本原理
	1.1  书法情感信息与颜色空间转换
	1.2  变分自编码器
	1.3  生成对抗网络

	2  基于生成对抗网络的书法字体生成
	2.1  数据集的建立与预处理
	2.2  模型介绍
	2.2.1  字体生成框架
	2.2.2  情感提取框架

	2.3  损失函数

	3  实验
	3.1  训练过程
	3.2  生成结果
	3.2.1  字体汉字视觉效果
	3.2.2  与其他生成模型结果比较

	3.3  图像质量评价

	4  结语
	参考文献：



