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3D Multi-view Virtual Dataset Construction Based on Unity3D
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Abstract. Multi View Stereo (MVS) based on deep learning is a hot research topic in computer vision field. However, it takes a lot of
time , manpower and financial cost to construct high—quality multi—view 3D reconstruction data sets,so there are relatively few data sets
that can be directly applied to multi— view 3D reconstruction at present. In order to reduce data set production costs and improve
production efficiency,we put forward an effective method of virtual world simulating real world. Through Unity3D virtual engine,
domain adaptation and domain randomization methods are integrated to build 3D virtual scenes and automatically and efficiently generate
3D multi-view virtual data ( camera image ,camera parameters and scene depth map). On this basis, Visual DTU is constructed for multi—
view 3D reconstruction virtual data set. The experimental results show that using virtual data sets can greatly reduce the economic and
time cost of data set making,and basically achieve the same effect of 3D reconstruction as using real data sets. The model performance
can be further improved by adding training samples of virtual data sets or mixing virtual data sets and real data sets for model training.
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