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Abstract: Channel characterization is primary to the design of the wireless communication system. The conventional
channel characterization method cannot learn the law of certain types of channels by itself, which limits its application in
several special scenarios, such as Internet of things, millimeter wave communication and Internet of vehicles. Machine
learning was able to process the big data and establish the model. Based on this, the cooperation between the machine
learning and channel characterization was investigated. The channel multipath clustering, parameter estimation, model
construction and wireless channel scene recognition were discussed, and recent significant research results in this field
were provided. Finally, the future direction of the machine learning in wireless channel modeling was proposed.
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J7VERL L 38 ) T A 28 190 2% A 3R B R 1 MR
FRGUH N i TR PR S OG AR R L R 1
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KB T EE G LS, B KPD. KPM HILHf
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TR, I AER G PRI A ST RGETERE
FIES AT IE RSP — H AR G EBR . H



<140

R

o 42

i, N2 IR S HU TR A R A
] X E i K1k (SAGE, space-alternating genera-
lized expectation-maximization) 5.7k, ZH VLW LA
SEIL MIMO ZR 4010 ks BE GG A v, T HLmy PSR
MPC M HZ YR, 5R IS EEHL,
SAGE SEWSICE R, B HARAE A )R
REFERZMAR . 6 TARAE M LL ) MPC 25 5 tH I =338
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TE A K HR AL, A5 28 115 8 2 Bl v kA
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i PR IX — ) 7, BHIE N B3R e SR EAT T ok,
h 2 ARG IRV AT N S AL Al . AHOCHIE T
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ZYRFAESE LRI 7] o
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