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Abstract

Recently, multi-view depth estimation methods using deep learning network for the 3D scene reconstruction
have gained lots of attention. Multi-view video contents have various characteristics according to their camera
composition, environment, and setting. It is important to understand these characteristics and apply the proper
depth estimation methods for high-quality 3D reconstruction tasks. The camera setting represents the physical
distance which is called baseline, between each camera viewpoint. Our proposed methods focus on deciding the
appropriate depth estimation methodologies according to the characteristics of multi-view video contents. Some
limitations were found from the empirical results when the existing multi-view depth estimation methods were
applied to a divergent or large baseline dataset. Therefore, we verified the necessity of obtaining the proper
number of source views and the application of the source view selection algorithm suitable for each dataset’s
capturing environment. In conclusion, when implementing a deep learning-based depth estimation network for
3D scene reconstruction, the results of this study can be used as a guideline for finding adaptive depth
estimation methods.
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