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Abstract

OFDM, one of the key techniques of the 5G physical layer, has the disadvantage of excessively high
PAPR. The excessively high PAPR will lead to a decrease in power amplifier efficiency and cause
signal distortion. How to suppress the PAPR of OFDM signals is an important problem for
low-power Internet of Things terminals. This paper proposes a joint method combining deep
learning and FDSS for PAPR suppression based on the PAPR suppression scheme of FDSS, and
conducts simulation verification. The results show that the proposed joint method achieves excel-
lent PAPR suppression performance in different modulation scenarios and different subcarrier
numbers. Under the condition of peak power constraint, the proposed joint method can improve
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the transmission gain of the channel by about 6 dB.
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1. 53|

1EAZ 45143 5 F (Orthogonal Frequency Division Multiplexing, OFDM) /2 55 T AU 53815 £ K (5th genera-
tion, 5G) T IELE IR L —. HSHREFIK ARG, OFDM A1 # Lt (Peak Average Power Ratio,
PAPR)L S )k i, 1w PAPR M- SELDIBSCRE N IEIFERE SR H, W LLESs, flg birE
wie UL, Wi OFDM {55 1) PAPR & — KA LSRR 4 52 S iR 1] [2].

P&k OFDM %% PAPR 4% 4t 77 1 EEA (5 5 Tl A8 i . M2 ANt K56 I3 55 Tl As G
CSEI A 2R FE AR S, (A5 SR 2 RGEVERE T . MRS BR NG i 2 5000 — A BRI 2%,
HitEERERE4]. A, XWRBEEANGEE A 56 frifk. MW ¥ (Frequency Domain Spectral
Shaping, FDSS) i A& I 4 5k 52 B S IH R [2], X FPH AR Ge0E LUBAR T R 4 E, fEA SR FERR BT
IRTHE %I OFDM [¥] PAPR, iAH| EATHESR. $2THE . FRAIRZ I DI#E55 HIK[5]. FDSS SikiitkRe
55 HAE ) B B B TS VI 9% . B P AR 4% 5% (Root Raised Cosine, RRC) & b6 £ m] 13 28 L IR
B R A o (Ve I T (TR Ok R 8 B Gty i) RO IR R RS ), P S B I)  eR BSOTOIR A2 PR, e FEHE DA
LB U R BOR[2] [6]- AML, ARSCHRBEE G IR I R BHEARAL FDSS 1% R %, DLIRAS S A i) M fe .

TR 2 3] 4ok 2 s F TiBE 2, 78 PAPR ] 5 i th C 4 1R 2 5 TR 24 ST 17 i
[7]-[10]. BlansCER[91FE H: T —Fhidid TT-RDNN IEAKFEK PAPR,  BECRIEAI 1S 24 2 Bl 5 K PR B2 Hh
PN . SCHR[101WF 7T 1 4 422 k0 4% (Neural Network, NN)FIJ5:, HF7E £ 8] NN AEff GFDM
(Generalized Frequency Division Multiplexing) & i) PAPR #ili 2 (Block Error Rate, BLER) K K F&{%. H
i, 456 FDSS SiREES I HIBEFUIE LD We AR T — PG IR BE % 2] h 2N 4 5 FDSS (177
TORMAC T 2, PASKEL PAPR #0I H 8. 05 JLUERH, Pl & ik ae A Zdmif OFDM R4 1) PAPR.

2. BREEEE
2.1. FDSS

ARG T 45 A B A3 5 TR LAAT 1 Wk T o bR 45, 3l I A2 D A Sk S e B 3 T, AT IA 21 BRI
PAPR 1 H ¥4 OFDM &4t IBUS AR 9 X = (Xo, Xy, X ) » Fef K J9 OFDM R ZE 1T 4

AW = (W Wy W) 265 8 TARBEAL OSBRI B, 1)) FDSS 5 /R % FEA AT 48 9 OFDM i
Wty

y=F'[w o X] @)

by =(Yo Voo yK_l)T o 1R R 30 B i <7 A5 4 (Inverse Discrete Fourier Transform, IDFT)4ERE,
O FRMA A EIE TR MR (AT L, OFDM IISUZIA(E ¥ PAPR 24
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Figure 1. Real-time processing flow diagram
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B LSRRI Y. — R A AL RS SRR, A ARSI A s X X IEALGLT Al i
55210 N T8 B i 9 4% (Avrtificial Intelligence Neural Network, AINN), £5 144 IE [ iz A3 25 W
Hw,, #17 FDSS, 53

Y =W/ O X’ o)

DOI: 10.12677/hjwc.2024.144008 53 Tk s


https://doi.org/10.12677/hjwc.2024.144008

K<, AL

BHug gy Hin B R A y =F'Y' . Hy 1 PAPR kit 5 LOSS . 5 LOSS B s Ni&
>k PAPR H AR TargetPAPR, LA 1L % bf $iie S8 42 % - PAPR H AR{E AT AR 4 D i) R A4S B 52 - LOSS
LOSS = AVG| PAPR(y') | - TargetPAPR (5)

Ho AVG ForaRr. LA PAPR(y') /& Y 19 PAPR. i LU LOSS {HA 7 VIfH,
AVG| PAPR(y') |7 T4 PAPR 15} VI, TargetPAPR /2 H 4z PAPR %) DU{H.
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Figure 2. AINN network analysis diagram

[ 2. AINN %% 5347 (5]

AINN 7 Jifi /& 35 FH 1 22 ] 2% (Convolutional Neural Network, CNN). AINN X 452 —Ff “ 5 315 7 1) 2%
FEA, A IR T S A A AR AT 5 20, IS A 30 S B A S PR, BN I ZRORT
D3k FEER A TE AINN A 52 R

AINN M85 APUA R, 5 CNN MZIZRARIR . AR EE T 5%
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Figure 3. Window function waveform comparison
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Figure 4. PAPR performance under 16-QAM modulation
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Figure 5. PAPR performance under QPSK modulation
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Figure 6. PAPR performance under 256-QAM modulation
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Figure 7. PAPR performance under 1272 subcarriers
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Figure 8. PAPR performance under 3276 subcarriers
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