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A review of 3D scene representation—NeRF': neural radiance fields

ZHU Fang"?
(1.ZTE Microelectronics R&D Institute, Shenzhen 518057, China; 2.State Key Laboratory of Mobile Net-
work and Mobile Multimedia Technology, Shenzhen 518055, China)

Abstract: Three-dimensional scene modeling and prior-based content reproduction have long been
cornerstones of human-centered information technology endeavors. Furthermore, they serve as the
technological foundation for new technology ideas, such as meta-universe and augmented reality, which
integrate the digital and physical worlds. Recently, due to the rapid development of deep learning-driven
technology, scene representation technologies have attained rapid achievements, especially with the growth
of the neural radiance fields (NeRF). This paper begins by reviewing the different representation technologies
and is followed by the hot spot, NeRF. Secondly, the recent important results of NeRF are sorted out and
described. Thirdly, based on the analysis of scenario building and cross-field research, the importance of
explicit space and semantic mining for NeRF is disclosed. Finally, given the virtues brought by the latest
achievements from NeRF to the challenges of single-view 3D scene perception, the opportunities for the
development of scene modeling and content reproduction technologies with NeRF are revealed.
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I 25 5ok e ik . i, R BT ST
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