= 23-48-01-10 The Journal of Korean Institute of Communications and Information Sciences ’23-01 Vol.48 No.01
https://doi.org/10.7840/kics.2023.48.1.65

¥R Lde|ZE2]

Analysis of the Application Target and Scope of Artificial
Intelligence Algorithm for the Development of 4th and 5th
Industrial Revolution Technologies

Dea-woo Park’

AP E e AT AlSleld dZke]  9E diAlEled, machine to machine2Z  AHEE| A,
Cyber-physical-infrasystem > 2 ®FA35lx glv) 4xpakdedmdr]ae] shie olgAsolul sxidgwr|se Qlzt
SA9] SHAFES A7), AR 53 v, 2 Q7ke] AAFH 7IHA s S8 A% Vs
o] & Aolck w3l 7k} ALZAS BEAO0F F83h= Al Vs A vt & AR ASFt E =l 4
AR 7)e samtErlsS Aelsta Aty o

o, 47 14el AFHAIZS B4E A
sjo] A3 vAleld Wehdel etmelze) A8 e Helshn, duelEel oyt wMeE B m,

= =
QA A Pl SaelEel B4 54 ¥k, QA dulse] S4% 3

sje Ae]ahel,

FIYE @ ARMEE Y| =, SAMIRE YT =, ISK|s, d2E, Hilzd, Had
Key Words : 4th industrial revolution technology, 5th industrial revolution technology, Artificial Intelligence,
algorithm, machine learning, deep learning

ABSTRACT

The 4th industrial revolution technology replaces human actions in industry and society, operates as a
machine to machine, and is developing into a cyber-physical-infra system. One of the 4th industrial revolution
technologies is Artificial Intelligence. The 5th industrial revolution technology will be a technology to
overcome and replace the limitations of the human body, to satisfy the human five senses, and to overcome
the valuable limitations of the human spirit(intelligence). The 5th industrial revolution technology will be
‘quantum-Al-Bio-robot’, ‘cyber-Al-sensory satisfaction technology’, and ‘replacement technology’ of human
organs and internal organs. It is predicted that this will be the ‘The Age of Divine Technology’, which
effectively utilizes humans and the living environment. And, using the 4th industrial revolution technology,

computing-Al-robot as an example, the application target of the algorithm of artificial intelligence machine
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learning deep learning is checked, and the target and scope of the algorithm are analyzed. In addition, the

application and characteristics of Artificial Intelligence Machine Learning Deep Learning algorithms are

analyzed, and the characteristics, advantages and disadvantages of Artificial Intelligence algorithms are analyzed

and organized.
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