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Abstract

Image outpainting is a very interesting problem in that it can continuously fill the outside of a given image by considering the context
of the image. There are two main challenges in this work. The first is to maintain the spatial consistency of the content of the generated
area and the original input. The second is to generate high quality large image with a small amount of adjacent information. Existing
image outpainting methods have difficulties such as generating inconsistent, blurry, and repetitive pixels. However, thanks to the recent
development of deep learning technology, deep learning-based algorithms that show high performance compared to existing traditional
techniques have been introduced. Deep learning-based image outpainting has been actively researched with various networks proposed
until now. In this paper, we would like to introduce the latest technology and trends in the field of outpainting. This study compared
recent techniques by analyzing representative networks among deep learning-based outpainting algorithms and showed experimental results
through various data sets and comparison methods.
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Fig. 1. image completion field example
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T 1. SUN dataset™ 0j|A{e] M2 Z1} H|W. Inception Score (IS)%, PSNRZ} SSIMS =22 £204, Frénchet Inception Distance
FID®I1} BRISQUERS S22 Z3. HWot Ho[EAM IS = 3.479.

Table 1. Quantitative results for models on SUN dataset®. Evaluation of Inception Score (IS)? , PSNR and SSIM(the higher,
the better), Frénchet Inception Distance FID® and BRISQUE®" (the lower, the better). Images from the validation set had an

IS of 3.479.
Method IS FID PSNR SSIM BRISQUE

CA [8] 2.93 19.04 2042 0.84 24.46

NS-OUT [13] 2.85 13.71 19.53 0.72 2359

POAI [19] 3.20 15.72 2245 0.86 2161
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Table 2. Performance on beach dataset
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