F49E H4W S N NI i Vol.49 No.4
2020 £ 7 H Journal of University of Electronic Science and Technology of China Jul. 2020

B EPTALERBEEANANERERE

fg gﬁl*, ;Fi ‘])H\:la B Iﬂujﬁl: é%%l, /i% \]‘ 1’ ? Efiz

(1 BFREORANUE AT T B 611731 23§ EEMGIZE R JEa gIEX 100091)

P

[HE] MAEAIER (AD) BARGEE, IBEERAE. TR BAARENERAARTRERFHIALNT S
G m R R ERE LG I, ZIAFRAEFTOFRILREL, 2 TAFRAEPALE AR, REL KGR
R, R THREXOT AW, FAFRELEO TN T ROGZLFRAE, T T RS ELRL
B, REITE T AMSEE AT S AT 6078 BUAE R R TR o) e e A h e Btk

X A AILFH; ANEE; FeELk; WHASees; LiEXRA

FESES  TP929.5 XHEkFRERE A doi:10.12178/1001-0548.2020179

A Survey: Artificial Intelligence and its Security in Intelligent Vehicle
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Abstract With the development of artificial intelligence (AI) technology, intelligent systems, such as
intelligent driving cars and intelligent robots, gradually replace or assist human beings to do simple or complex
work in various scenes. Starting from the intelligent algorithm in intelligent vehicle, this paper summarizes the
research progress of artificial intelligence perception algorithm and decision algorithm in intelligent vehicle.
Secondly, the uncertainty of intelligent algorithm is discussed. Finally, from the point of view of the security
problems brought by the uncertainty of the intelligent algorithm, this paper discusses the significance and
development of the expected functional security, and discusses the necessity of human-computer co driving to
solve the expected functional security of the current intelligent driving vehicle.
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