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Deep Learning Assisted Channel Estimation for 5G OFDM Systems

WANG Yiyuan,CHANG Jun, LU Zhongkui, YU Fuhui, WEI Jiaqi

(School of Information, Yunnan University, Kunming 650500, China)

Abstract ; The traditional channel estimation algorithm is difficult to meet the requirement of high speed

and low delay in 5G system. For this problem, the authors propose a channel estimation method based on

image restoration technology by considering the time-frequency response of communication channel as a

two-dimensional image. First, parameters are set to generate a channel data information data set of physical
downlink shared channel (PDSCH) based on 5G new radio ( NR) standard, and the generated channel

matrix is treated as a two-dimensional image. Then, an image restoration network based on convolutional

neural network is constructed, and residual connection is incorporated to improve the performance of the

network. Finally, the trained network model is used for channel estimation. The simulation results show that

the performance of the proposed channel estimation algorithm is significantly improved compared with those

of the Least Square ( LS), Practical Channel Estimation ( PCE) and Image-based Super-resolution

ChannelNet network.

Key words:5G ; channel estimation ; orthogonal frequency division multiplexing (OFDM ) ; deep learning;

convolutional neural network
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Fig. 2 ChannelNet channel estimation flowchart'®
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Fig. 3 The proposed channel estimation architecture
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Fig. 4 ReCNet neural network model
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Fig. 5 System simulation block diagram
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BRI, IR RIS | R S8R A7,
Tt

x1 NEsHEE

Tab. 1 Training parameter settings

S8 wE S8 W
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LafeS 4 000 BTG EREL  RelU, LeakReLU
M4 4 000 YR EL 200
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Fig. 6 Actual channel visualization (15 dB)
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Fig. 7 Visualization of channel estimation results
using different algorithms
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Fig. 8 Mean squared error results of different
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Tab. 2 The running time of different algorithms
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