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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.2 Image Visualization of Convolutional Neural Networks
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Fig.3 Sand painting stylization algorithm
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Fig.4 Different contents and synthetic drawings after sand painting
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