0% KRN =ZE58BFEEFR Vol.22, No.l
2024 4 1 H Journal of Terahertz Science and Electronic Information Technology Jan., 2024

XEHE: 2095-4980(2024)01-0039-07

EEMITRETHREAIREMEmBERFIE
Rugs, MNAL, RER, EE
(hE TRy BT TRV, W 4 621999)

O E ATAIGFNNBEELL2AGRE, RAAIRFRAFT XA RFHRANA A KA
REEREU T EBEKRBAER, EXMNEANEAGCEESREL, THEIEIAGRANKRET K.
EEGRAEFFENEAGHTREZ2RFAIRFA S8 E2, NTTBEREAGRAKERE. ¥
WRE -—HETREREFINAIGFAEBAR ., BdRARZNEEGITEEHE VRN,
EXHEUHBRZFEATEABEXRBEI N T RDEERTNE, NEARATENFHEGFITEZEN
REMEWNE, FEXW, ZFEAGEG T ARZHNREURSEBURTEEAIERF &
REG; MU THGREFI T EENEELAWNA, iRy EBHE Ry sEE,

KR AT m; BEF,; WEEZA; MEL

FESES: TN929.5 XEFRER: A doi: 10.11805/TKYDA2021410

Deep artificial noise precoding generation method

considering channel estimation error
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Abstract: For the physical layer security communication system based on artificial noise, traditional
artificial noise is usually generated by using closed-—form expressions derived from derivation or
numerical optimization methods which both require accurate channel state information matrix to
guarantee the secrecy of the communication system. However, the channel estimation error in the real
scenarios causes the artificial noise precoding error to reduce the security capacity of the communication
system. For this reason, this paper proposes an artificial noise precoding generation method based on
deep learning. By taking the channel estimation information with estimation error as input and fitting it
with the precoding matrix obtained by traditional numerical solution generated by perfect channel
estimation, a well-trained deep neural network that can adapt to the channel estimation error is obtained.
Simulation shows that the security performance and robustness of this method when there are errors in
channel estimation are better than traditional artificial noise generation systems. Compared with other
deep learning methods for physical layer security, the method proposed in this paper has faster
convergence speed.
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