.ﬁ | HRSFE
W

ETIELGEREIBERNOMA R4 {518
MBkAIEEBRE I A A

=HE, ThT', RikE? HE®
(1. TRRXFEZEHFEIILFR, T TK 315211;
2. P E BB, LA FE 266075;
3. A RIEIARRFAZ L HEE TA2F M, AT 5/RE 150001)

O g AEESkreE S 5N REAREIEAS 2 N (non-orthogonal multiple access, NOMA) R4 HI{E1E
I R, )RS T R K i g 7 (R AR BRI, AR A T A AR SR A% 3 11 A R e g R T A
E A TR R RN T AR, SRR I T RR R DU B 5 S BAR SR R — P EE ko g A RO S G
GATTHRAL IR . AR IOX — B S AR AR W, B T R T s TSGR B s A i DL
SRR R R SE IR R . DT RS RR, SET RS O AR DU 2 2 TR LG, TR Rk
TEAS TE AR e A A T3 07 R 22 RIS RS JT IR e M T B, (AEIEE R ERRIC 7 1M
KR dEIER 2R B B A W DU ST Al SR

PESES: TN929

XEkFREIE: A

doi: 10.11959/j.issn.1000-0801.2024205

Joint channel and impulsive noise estimation method based
on approximate message passing for NOMA systems

LI Youming', MA Chongya', WU Yonghong2 , GUO Qiang3
1. Faculty of Electrical Engineering and Computer Science, Ningbo University, Ningbo 315211, China
2. China Research Institute of Radio Wave Propagation, Qingdao 266075, China
3. College of Information and Communication Engineering, Harbin Engineering University, Harbin 150001, China

Abstract: To address the channel estimation problem for non-orthogonal multiple access (NOMA) systems under
non-Gaussian impulsive noise, a joint channel and impulsive noise estimation method based on approximate message

passing was proposed, by exploiting the joint sparsity of the channel and impulsive noise. Firstly, based on sparse

Wi EER: 2024-04-10; EEIAHA: 2024-08-30

BIE1EE: &AW, liyouming@nbu.edu.cn

HEEWE: EHXAARAESTEDBH (No.61571250); WilLAE AR EEAEGRIIH (No.LY22F010018); Fh4 i fl s 1 [
PRRHE QIHT & E I H Al LI GBI H - (No.2018YFE0206500)

Foundation Items: The National Natural Science Foundation of China (No.61571250), The Natural Science Foundation of Zhejiang
Province (No.LY22F010018), The International Cooperation Project of the Ministry of Science and Technology (No0.2018YFE0206500)



e 45 .

BERY 2024 455 9 HA

Bayesian learning theory, a compressed sensing equation was constructed by using all subcarriers, and then a joint es-

timation optimization problem for the channel, impulsive noise, and data symbols was proposed. To address this hy-

perparameter nonlinear non-convex problem, an expectation maximization (EM) implementation algorithm based on

Gaussian generalized approximation message passing and sparse Bayesian learning (SBL) theory was designed. Simu-

lation results show that compared to the SBL method based on EM, the proposed algorithm exhibited a slight degrada-

tion in terms of mean square error (MSE) for channel and impulsive noise estimation, bit error rate (BER). However,

the complexity of the proposed algorithm was reduced by one order of magnitude.

Key words: non-orthogonal multiple access, channel estimation, impulsive noise estimation, sparse Bayesian learn-

ing, approximate message passing
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