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Method of Outdoor CSI Feedback for Massive MIMO Systems Based on Deep Autoencoder

CHEN Meng,QIAN Rongrong,ZHU Yujia and HUANG Zhenguo
School of Information, Yunnan University , Kunming 650500, China

Abstract In outdoor scenarios with high compression,aiming at the problems of low accuracy and high complexity of reconstruc-
tion of most existing channel state information (CSID) feedback methods in massive multiple-input multiple-output (MIMO) sys-
tems,a deep autoencoder-based CSI compression feedback method is proposed. The method firstly uses a convolutional neural net-
work in the encoder to extract the feature information of the original CSI,and then uses a fully connected network to compress it
into a low-dimensional codeword for feedback to the decoder. Considering that the spatial pattern of CSI in outdoor environments
is more complicated,and the loss of information is more at high compression, the decoder employs parallel multi-resolution convo-
lutional networks and fully connected networks in a residual structure to reconstruct the received feature codewords. This design
enhances the reconstruction and generalization capabilities of the proposed method. Experimental results show that the recon-

struction quality of the proposed method is significantly improved at different compression ratios.

Keywords Massive MIMO,CSI feedback,Deep autoencoder,Outdoor scenario, High compression
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Table 2 Complexity of each method at a compression ratio of 1/8

.- Y G 2
HHE FLOPs HHE FLOPs

CsiNet 0.52x10° 1.13x106 0.53%10°8 7.72X10°
CsiNet+ 0.52x108 2.91Xx10° 0.55x10°8 45.46>106
ConvCsiNet 1.85x105  59.10x10° 1.78x10% 165,48 10°
ACCsiNet 1.85x105  59.10x106 1.78X105  165.48x 106
CsiNet+DNN  0.52% 106 2.91x108 45.35X10%  137.30x 108
P ok 0.52x10° 1. 14108 34,10x10%  37,27x10°
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Fig.4 MSE loss of the proposed model
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Fig.5 Influence of the number of RefineNet blocks on model

performance
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Table 3 Influence of input size of FCN on model performance

when CR=1/8
WAKEARN  NMSE/dB o SHE FLOPs
2048 —14.05 0.96 17. 84 %108 20.41X105
4096 —18.69 0.97 34, 61108 38. 40X 106
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16384 —23.58 0.98 135.28X105 136, 64105
ZRIE T FDD KELAE MIMO-OFDM £ %t , H R K

ZHHT DL (W CSI R B I AF e s 4 i A R4 T gt R
ANEER IR, AR SCHRE T — O Y e ke vk 5l a0 R AT
L5y HER CNN DL R Esk 22 850 b 5] A L& TR R 2 2J e 1
FCN, #4 8 1 — > e 1 B A S 15 P 25 A5 8, 3B 3 1) BL S 46 L 46
TE T T 42 7 2 00 T AT e R 0 L O AR 52 2% B R S A AR A 15
LR SEELT T RL R CSI E g, 5 H A3 F DL Y 5Bt ik
AL BT D7 SR AR AN TR R 455 B T B R 0 O R Ry P RE . B8
R LR B (WA W30, B2 o B S 38 O K S A R 4
TR CSI R 5% 8 2l B, SRR I A 5T 8 S 6
TEE L0k R CST R B i,

2 % X M

[1] ANDREWS ] G,BUZZI S,CHOI W,et al. What will 5G be?
[JJ. IEEE Journal on Selected Areas in Communications,2014,
32(6):1065-1082.

[2] METZLER C A.MALEKI A,BARANIUK R G. From denoi-
sing to compressed sensing[ J]. IEEE Transactions on Informa-

tion Theory,2016,62(9):5117-5144.

231000191-5



Com puter Science

HEPLRE Vol

51,No. 11A,Nov. 2024

(3]

(4]

L6l

7]

L8]

9]

[10]

[11]

[12]

[13]

[14]

[15]

DAUBECHIES 1,DEFRISE M,MOL C D. An iterative thres-
holding algorithm for linear inverse problems with a sparsity
constraint] ] ]. Communications on Pure and Applied Mathemat-
ics,2004,57(11) :1413-1457.

WEN C K,SHIH W T,JIN S. Deep learning for massive MIMO
CSI feedback[ ]]. IEEE Wireless Communications Letters,2018,
7(5):748-751.

GUO J J,WEN C K,JIN S,et al. Convolutional neural network
based multiple-rate compressive sensing for massive MIMO CSI
feedback: Design, simulation, and analysis[ J]. IEEE Transac-
tions on Wireless Communications,2020,19(4) :2827-2840.

LU Z L,WANG ] T,SONG J. Multi-resolution CSI feedback
with deep learning in massive MIMO system[C]// IEEE Inter-
national Conference on Communications. IEEE,2020:1-6.

JI S, LTI M. CLNet: Complex input lightweight neural network
designed for massive MIMO CSI feedback[]J]. IEEE Wireless
Communications Letters,2021,10(10):2318-2322.

WANG T,WEN C K,JIN S,et al. Deeplearning-based CSI feed-
back approach for time-varying massive MIMO channels[ ] ].
IEEE Wireless Communications Letters,2019,8(2):416-419.
CAO B,YANG Y,RAN P,et al. ACCsiNet: Asymmetric convo-
lution-based autoencoder framework for massive MIMO CSI
feedback[ ] ]. IEEE Communications Letters, 2021, 25 (12):
3873-3877.

CAO Z,SHIH W,GUO ] J,et al. Lightweight convolutional
neural networks for CSI feedback in massive MIMO[ ] ]. IEEE
Communications Letters,2021,25(8) :2624-2628.

YE H Y.GAO F F,QIAN J,et al. Deep learning-based denoise
network for CSI feedback in FDD massive MIMO systems[]].
IEEE Communications Letters,2020,24(8) :1742-1746.

CAI Q,DONG C,NIU K. Attention model for massive MIMO
CSI compression feedback and recovery [ C] / IEEE Wireless
Communications and Networking Conference. IEEE,2019:1-5.
LIU W B, YAN B,SHEN L,et al. CLPNet: CSI feedback net-
work for massive MIMO based on deeplearning[ J]. Radio Engi-
neering,2022,52(9) :1660-1665.

ZHANG Y,ZHANG X, LIU Y. Deep learning-based CSI com-
pression and quantization with high compression ratios in FDD
massive MIMO systems [ JJ. IEEE Wireless Communications
Letters,2021,10(10):2101-2105.

GUO J J, WEN C K,JIN S.et al. Overview of deep learning-

[16]

[17]

[18]

[19]

[20]

[21]

[22]

231000191-6

d ')

based CSI feedback in massive MIMO systems[ ] ]. IEEE Tran-
sactions on Communications,2022,70(12) :8017-8045.
LU Z,ZHANG X,HE H,et al. Binarized aggregated network
with quantization: Flexible deep learning deployment for CSI
feedback in massive MIMO systems[ ] |. IEEE Transactions on
Wireless Communications,2022,21(7) :5514-5525.
LIU L F,OESTGES C,POUTANEN J,et al. The COST2100
MIMO channel model [ J]. IEEE Wireless Communications.,
2012,19(6):92-99.
KOLMONEN V M,ALMERS P,SALMI J.et al. A dynamic
dual-link wideband MIMO channel sounder for 5. 3 GHz[]].
IEEE Transactions on Instrumentation and Measurement,2010,
59(4) :873-883.
ZHU M,ERIKSSON G,TUFVESSON F.The COST 2100
channel model:Parameterization and validation based on outdoor
MIMO measurements at 300 MHz[ ] ]. IEEE Transactions on
Wireless Communications,2013,12(2) :888-897.
HU Z Y.GUO J H,LIU G Z,et al. MRFNet: A deep learning-
based CSI feedback approach of massive MIMOsystems []].
IEEE Communications Letters,2021,25(10) :3310-3314.
HE K M,CHEN X L,XIE S N,et al. Maskedautoencoders are
scalable vision learners[ C]J // 2022 IEEE/CVF Conference on
Computer Vision and Pattern Recognition. New Orleans, LA,
USA,2022:15979-15988.
CHEN M H,GUO J J,LI X,et al. An overview of the CSI feed-
back based on deep learning for massive MIMO systems[ ] ]. In-
ternet Things,2020,4(10) :33-44.
CHEN Meng. born in 1998, postgra-
duate. His main research interests in-
clude deep learning and channel state
@

information feedback.

QIAN Rongrong, born in 1985, Ph. D.

Her main research interests include

)

wireless communication, signal proces-
-

sing and so on.



