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Abstract The style tranfer of Chinese landscape paintings offering new avenues for the digital preservation
and inheritance of cultural heritage. In recent years, deep learning technologies have enabled style transfer be-
tween different images, achieving lifelike effects. Style transfer in Chinese landscape paintings aims to pre-
serve the unique paintings skills of ancient Chinese painters, but faces three main challenges: (1) The lack of
high-quality datasets of traditional Chinese landscape paintings. (2) The oversight of the unique techniques and
ink details specific to traditional Chinese landscape paintings. (3) The gap between the style transfer outcomes
and real landscape paintings. To address these deficiencies, this paper first introduces a Chinese landscape
paintings dataset for style transfer, STCLP, which contains 4281 high-quality images of Chinese landscape
paintings and natural landscapes. A generative adversarial network of style transfer in Chinese landscape paint-
ing based on spectral normalization is proposed, termed SN-CLPGAN. Additionally, it introduces the use of re-
sidual-in-residual dense blocks ( RRDB) with reflect padding layers in the generator to learn the distinctive
brushstrokes and techniques of Chinese landscape paintings. Furthermore, it employs the multi-scale structural
similarity index measure ( MS-SSIM) loss to minimize pixel-level differences between images, thereby produ-
cing images closer to traditional paintings in terms of color and pigmentation. Finally, the U-Net discriminator
fused with SN is utilized to enhance the textural details of images, ensuring the stability of the model training

process. Extensive experiments validate the effectiveness and advancement of the proposed method in the task

of style transfer for Chinese landscape paintings.
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Tab.2  Ablation study results

FERY )5 ¥ SSIM PSNR IS NIMA
SN-CLPGAN w/0 RRDB& MS-SSIM 0.738 9.191 3.897 4.835
SN-CLPGAN w/0 SN&RRDB 0.736 9.510 3.651 4. 666
SN-CLPGAN w/0 SN&MS-SSIM 0.707 9.341 3.343 4. 694
SN-CLPGAN w/0 RRDB 0.815 9.532 3.917 4.899
SN-CLPGAN w/0 MS-SSIM 0.743 9.473 3.934 4.949
AR 0. 889 9.423 4.169 5.187
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Fig.5 Visualization of the different model ablation study
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-72- (LBl QSR S)

%55 %

3.5 HttHiEE LRSI

FATR AR A 43 A5 ST H 1) Paint-
ing by Numbers $#la4 , i 725 R Kcdhe 14 H B AL
FEE T 4 281 MRS A T — R TR,
WZREEAL 3 220 fRIER, XA 1 061 fiFl&l
8o TERR DR B A VI G52 208 E AN AL 1 738 A5 1
B BATRAR B I G, PSSR AT 7 P

Painting by
numbers

ARILTTE

SHAE R WA ST 2 21 1) 13 Il )
EARRAERFAE , I HLAEAHG 1 28 XU B FH T XU 1
AL BE FIRE) T U0 H bR 8 a0 KUK Ak BE Y
{3 B R A BRI, B AR Y RIS B AR TR
W EARBCR N G RA AL T AT AN
ARG AT

7 ASCISIAAE Painting by Numbers $dfidie b (19 n] S AL ]
Fig.7 Visualization of SN-CLPGAN on Painting by Numbers
PENGJ Y, YUZ, QUSY, etal. A survey of image

4 Z5iE

ARSCRIEE T — LG [ Lk XS T A2 5
Ya4k STCLP  FFBETE 1 —Ff i i) XA S A A5 7Y
SN-CLPGAN ;%45 10 i 3o il 5 S ) 5 )2 1 5k
ZER B (RRDB ) A4 19 A i , LA K 56 i 15
—AHAR ) U-Net ZEH H1 50 25, N 22 PG A it
R BRI Ly ssow » TEA BT LL AT o 49 52 1) 24045
FIIL G AL PRTT R T 3 020 O HLAE S AN
WL LR TR PERE. SLiRas Rk
HE T AR SO IEAEBEAT P LK XA S FAT 55 07
[LIibEER:S €4S i

A ] L JRUA A B9 AN DUE Bl AR At
THRAHUILBE B A A [ vy S0 Ak B 7 1 dek A 12
AR SIS = R A ORI 5 AL R TT RE TR
RS AR RIIR R 2 O e ) &
g bl LK im XL A2 1 2 5, H I7E T itk —
AARTHEIG A RRE 1, I S8 B -4 A3 B 1 K
ERBRCR o

S 3k

(1] &bl Akh, W%, % ETRES I WER
AR A (1], DI 4R F AR
fi) , 2023,53(6) :943-963.

inpainting methods based on deep learning[ J]. Jour-
nal of Northwest University ( Natural Science Edition) ,
2023,53(6) :943-963.

(2] WIREE, B S, EAER, 55 BT 55 W B R 2 )

AR IE R BARDITE [T ] PUAER A4 ( B AR R
i) ,2020,50(5) :793-801.
HU Q Y, YANG H W, WANG J X, et al. Research
on image retrieval based on weakly-supervised deep
learning[ J ]. Journal of Northwest University ( Natural
Science Edition) , 2020, 50(5) : 793-801.

[3] GOODFELLOW I J, POUGET-ABADIE J, MIRZA M,
et al. Generative adversarial networks [ EB/OL ].
(2014-06-10) [ 2024-04-10]. http: // arxiv. org/abs/
1406.2661.

[4] ZHUJY, PARKT, ISOLA P, et al. Unpaired image-
to-image translation using cycle-consistent adversarial
networks[ C] /2017 IEEE International Conference on
Computer Vision. Venice: IEEE, 2017, 2242-2251.

[5] ISOLA P, ZHUJY, ZHOU T, et al. Image-to-image
translation with conditional adversarial networks[ C] //
2017 IEEE Conference on Computer Vision and Pattern
Recognition. Honolulu: IEEE, 2017 5967-5976.

[6] ZHENGZT, LIUJ Y, ZHENG N N. P*-GAN: Effi-
cient stroke style transfer using single style image[J].
IEEE Transactions on Multimedia, 2023, 25. 6000-
6012.



1

BB B, 45 : SN-CLPGAN : B T 3 U — A 14 o [ A2 8 L i i XU S 78 T 125 =73

(7]

(8]

(9]

[10]

(1]

(12]

[13]

[14]

(15]

[16]

WANG Z Z, ZHANG Z J, ZHAO L, et al. AesUST;
Towards aesthetic-enhanced universal style transfer
[ C] //Proceedings of the 30th ACM International Con-
ference on Multimedia. Lisboa: ACM, 2022. 1095-
1106.

WANG X T, YU K, WU S X, et al. ESRGAN: En-
hanced super-resolution generative adversarial networks
[C] // Computer Vision-ECCV 2018 Workshops.
Cham: Springer International Publishing, 2019; 63-
79.

WANG X T, XIE L B, DONG C, et al. Real-ESR-
GAN: Training real-world blind super-resolution with
pure synthetic data[ C] /2021 IEEE/CVF Internation-
al Conference on Computer Vision Workshops. Montre-
al; IEEE, 2021; 1905-1914.

RONNEBERGER O, FISCHER P, BROX T. U-Net:
Convolutional networks for biomedical image segmenta-
tion[ M] // Medical Image Computing and Computer-
Assisted Intervention-MICCAI 2015. Cham: Springer
International Publishing, 2015 . 234-241.

MIYATO T, KATAOKA T, KOYAMA M, et al. Spec-
tral normalization for generative adversarial networks
[EB/OL]. (2018-02-16) [ 2024-04-10]. https: //
arxiv. org/abs/1802. 05957.

ZHAO H, GALLO O, FROSIO I, et al. Loss func-
tions for image restoration with neural networks[ J].
IEEE Transactions on Computational Imaging, 2017,
3(1) . 47-57.

w B, PR, XK, AF. m R A R BLR
LA A AP P R R R LT ). PR
AR CASRBLERR) , 2021,51(5) :807-815.

MENG X J, FU L P, LIU D, et al. Development sta-
tus of high performance computing and its application
prospect in cultural heritage protection[ J]. Journal of
Northwest University ( Natural Science Edition ),
2021, 51(5) . 807-815.

GATYS L A, ECKER A S, BETHGE M, et al. Tex-
ture synthesis using convolutional neural networks|[ C ]
// Proceedings of the 28th International Conference on
Neural Information Processing Systems. Montreal ;
ACM, 2015 262-270.

CHEN R F, HUANG W B, HUANG B H, et al. Reu-
sing discriminators for encoding: Towards unsupervised
image-to-image translation [ C ] // 2020 IEEE/CVF
Conference on Computer Vision and Pattern Recogni-
tion. Seattle: IEEE, 2020, 8165-8174.

YI Z L., ZHANG H, TAN P, et al. DualGAN: Unsu-

pervised dual learning for image-to-image translation

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[25]

[C] /2017 IEEE International Conference on Com-
puter Vision. Venice: IEEE, 2017, 2868-2876.

KIM J, KIM M, KANG H, et al. U-GAT-IT: Unsu-
pervised generative attentional networks with adaptive
layer-instance normalization for image-to-image transla-
tion[ EB/OL]. (2020-04-08 ) [ 2024-04-10]. https:
// arxiv. org/abs/1907. 10830v4.

TR XUBRME , 28 26 4, 2. S T h i 54
Wi DR 1w 2 AR SE R 7 ik [T ). 3H R ALR 27,
2020,47(S2) :209-214.

ZHANG MY, LIU Y H, QIN X J, et al. Neural style
transfer method based on Laplacian operator to sup-
press artifacts [ J]. Computer Science, 2020, 47
(S2) . 209-214.

Qi JRLAE , R IGESE , 5. — i ) SCAS TR 1 B
ERAELT]. WAL R =24 ( B AR B RR) L2017,
47(6) .815-821.

RU C, ZHOU Y, CHEN X X, et al. A color transfer
algorithm for text image[ J ]. Journal of Northwest Uni-
versity ( Natural Science Edition) , 2017, 47(6) : 815-
821.

PENG X L, PENG S L, HU Q Y, et al. Contour-en-
hanced CycleGAN framework for style transfer from
scenery photos to Chinese landscape paintings [ J].
Neural Computing and Applications, 2022, 34 (20) .
18075-18096.

ZHANG F Q, GAO HM, LAI' Y P. Detail-preserving
CycleGAN-AdalN framework for image-to-ink painting
translation [ J ]. IEEE Access, 2020, 8. 132002-
132011.

I0FFE S, SZEGEDY C, PARANHOS L, et al. Batch
normalization: Accelerating deep network training by
reducing internal covariate shift[ EB/OL]. (2015-03-
02) [2024-04-10]. https: // arxiv. org/abs/1502.
03167v3.

LIM B, SON S, KIM H, et al. Enhanced deep residu-
al networks for single image super-resolution[ C] //
2017 IEEE Conference on Computer Vision and Pattern
Recognition Workshops.  Honolulu: IEEE, 2017.
1132-1140.

NAH S, KIM T H, LEE K M. Deep multi-scale conv-
olutional neural network for dynamic scene deblurring
[C] //2017 IEEE Conference on Computer Vision and
Pattern Recognition. Honolulu: IEEE, 2017. 257-
265.

WANG Z, BOVIK A C, SHEIKH H R, et al. Image
quality assessment: From error visibility to structural

similarity[ J ]. IEEE Transactions on Image Process-



.74 .

(LBl QSR S)

555 %

[26]

(27]

(28]

ing, 2004, 13(4): 600-612.

KINGMA D P, BA J, HAMMAD M M. Adam: A
method for stochastic optimization|[ EB/OL]. (2017-
01-30) [2024-04-10]. https: // arxiv. org/abs/1412.
6980v9.

CHONG M J, FORSYTH D. Effectively unbiased FID
and inception score and where to find them[ C] //2020
IEEE/CVF Conference on Computer Vision and Pattern
Recognition. Seattle: IEEE, 2020 6069-6078.
TALEBI H, MILANFAR P. NIMA: Neural image as-
sessment[ J |. TEEE Transactions on Image Process-

ing, 2018, 27(8) : 39984011.

[29]

NI, sKERL ST R E R BEE R ] T
JEREE2AR (I ARRREAR) | 2022,52(2) 1192-198.
SUN M L, ZHANG J K. Theoretical discussion on
conservation of cultural heritages[ J]. Journal of North-
west University ( Natural Science Edition), 2022, 52
(2):192-198.

HO J, JAIN A, ABBEEL P, et al. Denoising diffusion
probabilistic models[ C ] // Proceedings of the 34th In-
ternational Conference on Neural Information Process-

ing Systems. Vancouver: ACM, 2020, 6840-6851.

(/% B/ F #)



