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Abstract

This paper proposes an improved 2.5D data generation algorithm that efficiently represents 3D spaces using existing 2D image
generation and editing models. 2.5D data realistically provides scenes and object movements that vary with camera angles from 2D
images, aiming to enhance immersion through generating background assets including fluid-like animations. The process consists of
five stages, where existing research is compared to derive optimal results at each step. By incorporating ongoing advancements in
each proposed stage, the algorithm demonstrates potential for expansion. This approach suggests using Al to generate high-quality
asset data efficiently and affordably, and it is expected to play a crucial role in the film production industry by addressing

shortages in asset datasets.
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Fig. 2. Cuebric's framework from Seyhan Lee
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