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A Oil Painting Style Migration Algorithm Based on Convolutional Neural Network
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Abstract The oil painting style is to add the sand painting style information of an image to any image, and maintain the semantic content
of the image to produce a new ornamental image, mainly introducing a convolutional neural network based image. This paper mainly
introduces an image style algorithm based on convolutional neural network, which can separate and reorganize the image content and style
of natural pictures, and then realize the oil painting migration of pictures. The algorithm combines the content of any image with many
well-known oil painting styles to achieve high-perceptual quality artwork. The experimental results show that the algorithm can achieve
deep fusion of image content and optimization style, which proves the effectiveness of the algorithm.
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Fig.1 VGG16 visualization model structure
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Fig.4 Different contents and synthetic drawings after sand painting
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Fig.5 The effect of different ratio of « and
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Fig.6 Match different content feature layers renderings

R S S A LA L TR e
IR, o 1 e 4 Y e ik RE A AR 42 W 246 (R RALE
FonfE G L G R  BARG T HA &
AT AL R (ERAZ AT IRAFAE — LR IR
i, WA L B B B 2 HE R AR,
FERKIEAR, ELRISIT PR RS, TR
BIRALTE B AN 224, R E T I S XUR
el vy [ IsAT A, BARAEYD I KA T TS T
IREFIRCR, (B2 H AT 1L FFANF 2 BR 1 XU 7T
sae A 3G RGN E S5 RS R A Z —
AT E SCHTIR R, BT RE R E A R,
TR B 2 3 5 ) P DB P ) e 5655 - 7E DA
Je BRI e, AT DAAS 224l A PN A2 o 25
XS AL AL B, SREUAS BE 4T AL E RCR

2 % LW

[1]Winnemoller H, Olsen S C, Gooch B. Real-time video abstraction [C], ACM
Transactions On Graphics (TOG), ACM, 2006, 25(3): 1221-1226.

[2]Hertzmann A, Jacobs C E, Oliver N, Curless B, Salesin D H. Image analogies
[J], Proceedings of the 28th annual conference on Computer graphics and
interactive techniques. ACM, 2001: 327-340.

[3]Ashikhmin N. Fast texture transfer. IEEE Computer Graphics and
Applications, 2003, 23(4):38-43.

[4]Lee H, Seo S, Ryoo S, et al. Directional texture transfer [C]. International
Symposium on Non-photorealistic Animation & Rendering. 2010: 43-48.

[5]Chen Y, Zhao D, Lv L, et al. A visual attention based convolutional neural
network for image classification [C]. Intelligent Control & Automation.
IEEE, 2016: 764-769.

[6]Long J, Shelhamer E, Darrell T. Fully Convolutional Networks for Semantic
Segmentation [J]. IEEE Transactions on Pattern Analysis & Machine
Intelligence, 2014, 39(4):640-651.

[7]Simonyan K, Zisserman A. Very Deep Convolutional Networks for Large-

Scale Image Recognition [J]. Computer Science, 2014.

[81Jia Y, Shelhamer E, Donahue J, et al. Caffe: Convolutional Architecture for
Fast Feature Embedding[J]. 2014. Proceedings of the ACM International
Conference on Multimedia. ACM, 2014: 675-678.

[9]Heeger D J, Bergen J R. [ACM Press the 22nd annual conference - Not
Known (1995. -.)] Proceedings of the 22nd annual conference on Computer
graphics and interactive techniques, - SIGGRAPH \"95 - Pyramid-based
texture analysis/synthesis[J]. 1995:229-238.

[10]Efros A A. Image Quilting for Texture Synthesis and Transfer[C].
Conference on Computer Graphics & Interactive Techniques. ACM, 2001:
341-346.

[11]Simonyan K, Vedaldi A, Zisserman A. Deep Inside Convolutional Networks:
Visualising Image Classification Models and Saliency Maps [J]. Computer
Science, 2013.

[12]Jia Y, Shelhamer E, Donahue J, et al. Caffe: Convolutional Architecture for
Fast Feature Embedding [J]. 2014: 675-678.

[13]Mahendran A, Vedaldi A. Understanding Deep Image Representations by
Inverting Them [J]. 2014.

[14]Zhu C, Byrd R H, Lu P, et al. Algorithm 778: L-BFGS-B: Fortran
subroutines for large-scale bound-constrained optimization[J]. ACM
Transactions on Mathematical Software, 1997, 23(4):550-560.

[15]Gatys L A, Ecker A S, Bethge M. Texture synthesis using convolutional
neural networks [C]. International Conference on Neural Information
Processing Systems. MIT Press, 2015.

[16]Johnson J, Alahi A, Fei-Fei L. Perceptual Losses for Real-Time Style
Transfer and Super-Resolution[J]. European Conference on Computer

Vision. 2016: 694-711.



