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over traditional communication methods. As an important component of intelligent communication, artificial intelli-
gence assisted channel estimation shows its superiority over traditional channel estimation algorithms in the existing
research results, especially those researches based on compressive sensing technology, super resolution technology,
residual learning, etc. Aiming at the channel estimation technology assisted by artificial intelligence, combined with
the latest research results in the academic field, the whole picture of the channel estimation technology assisted by ar-
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fEiE gLt CSI kst A OFDM (orthogonal
frequency division multiplexing) ZWHI P4, —ik
R AT LIS B8 5B AL gl 5 FE I vERe,
R T AT EORTEIRAE AU BRI RE, 4 eIl (5 1)
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SRRTC IR B 2 2 Bk o i IR e B A ) B,
T T ey 3 0 29 TN 5 2R 5 0 SR TR PR A K R
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40, SRCNN [F1 25 R AN T 5, 945 (1) B — 22 D) R
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