(R BHBRE ) 2018555275541
Oncoradiology 2018 Vol.27 No.4

AR, AT ERAREERESYSA ML, THEET, WA LS
I, AR RERF EFRIERESHE 248, BFZAHEIRIT3A B B 5
FR, FEFPRLEFRAFFILANIAER, TEEFHAXHET S
2FHEERFNEHEELERLSIHELEN, OREANZAELHEL W
FLERAEETHELER, TEAWEHFZFFAWNEIRARFZ»LLK, T
HEBEFEAFERE, THREBRTMARH 2L K. NFEFULF
EXA T30S, RETESWIEREZE, BEACTAMRIY £E28H K
R, T RR G @A g B AR EENT BT YA

AN T R B AT 8 AR P 0 2 )

FRX, Fx8
PR B B B BB / At ZE X g AU BEBE PR S8R, V95 R AT 210002

[HE ] IR SRR —I A TR BE (artificial intelligence, Al) i ARTEEEF AR A
JEY SR A R BB TR, E PR A AT E ARG R S 5 1 T A KA 56T, AR SC B 7E ik
AVFE B AR N A BIR . [l XAk TR0 R,

[&88iR | AT BMud; WRES,; A, iU+

DOI: 10.19732/j.cnki.1008-617X.2018.04.003

FESZES: R737.11 XEAFRERRS: A XEHS: 1008-617X(2018)04-0256-05

Application of artificial intelligence in renal tumor imaging LI Jianwen, LU Guangming (Department
of Medical Imaging, Jinling Hospital, Medical School of Nanjing University/Nanjing General Hospital,
Nanjing Military Command, Nanjing 210002, Jiangsu Province, China)
Correspondence to: LU Guangming E-mail: cjr.luguangming@vip.163.com

[ Abstract ] The application of the new generation of artificial intelligence (Al), which is represented by deep
learning, is an important direction of the current medical development. The application of Al in renal tumor imaging
is attracting great interest in the clinical imaging research. The purpose of this review is to introduce the status quo,
existing problems, and the future of the application of Al in renal tumor imaging.
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