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Recent Trends and Prospects of 3D Content Using Artificial Intelligence Technology

0|32 (S.W. Lee, tajinet@etri.re.kr) CG/Vision®i7tAl Zoloi12]
g2 (B.W. Hwang, bwhwang@etrirekr)  CG/Vision®1 LAl 20lo112
SIMxl (S.J. Lim, sjlimg@etri.re.kr) CG/Vision®i7tAl Zoloi12]
242 (S.U. Yoon, suyoon@etri.re.kr) CG/Vision®i7tAl Meloi1el
ZERE (T.J. Kim, tagjoonkim@etri.re.kr) CG/Vision®1 L&l Meloiel
271 (KN. Kim, rlskal@etri.re.kr) CG/Vision®i7tAl Mely|=2l
L] (D.H Kim, kdh60243@etri.re.kr) CG/Vision®1 4! Q=012
HEXEE (CJ. Park, chjpark@etri.re.kr) CG/Vision@d71 Al ZHQIO 12| /ALKt

ABSTRACT

Recent technological advances in three-dimensional (3D) sensing devices and machine learning such as deep
leaning has enabled data-driven 3D applications. Research on artificial intelligence has developed for the past
few years and 3D deep learning has been introduced. This is the result of the availability of high-quality big data,
increases in computing power, and development of new algorithms; before the introduction of 3D deep leaning,
the main targets for deep learning were one-dimensional (1D) audio files and two-dimensional (2D) images.
The research field of deep leaning has extended from discriminative models such as classification/segmentation/
reconstruction models to generative models such as those including style transfer and generation of non-existing
data. Unlike 2D learning, it is not easy to acquire 3D learning data. Although low-cost 3D data acquisition sensors
have become increasingly popular owing to advances in 3D vision technology, the generation/acquisition of 3D
data is still very difficult. Even if 3D data can be acquired, post-processing remains a significant problem. Moreover,
it is not easy to directly apply existing network models such as convolution networks owing to the various ways in

which 3D data is represented. In this paper, we summarize technological trends in Al-based 3D content generation.
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STAGE 3

The Money is Not in the SW, but in Differentiation.
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Value is notfin Having Data, but in Using Data.
Analytical Insight is Powered by Deep Learning.
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