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Application of Deep Learning to 3D Object

Reconstruction From a Single Image

CHEN Jial'2 ZHANG Yu-Qit SONG Peng?® WEI Yan-Tao® WANG Yu*

Abstract 3D object reconstruction from a single image is an important topic in computer vision, which has attracted
enormous attention during the past decades. With the further study in deep learning, remarkable progress of 3D object
reconstruction from a single image has been obtained in recent years. In this paper, we review the applications of deep
learning models in the field of 3D object reconstruction from a single image. First, we introduce the research background
and the current state-of-the-art of traditional methods. Then, we provide a brief overview of typical deep learning models
and we describe the applications of deep learning techniques in 3D object reconstruction from a single image. After that,
we list several commonly used data sets for 3D object reconstruction. Finally, we discuss current challenges and further

research directions.
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Table 2 Comparison of traditional methods and 3D-R2N20®
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Table 3 3D reconstruction comparison with different methods using loU
Choy %8l Yan %(79] Kar 274 Fan %74 Kato %(74]
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