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W E. £k @ M % (Nonterrestrial network, NTN) % & ¥, 4 5L Ik X % & ) 35 1k 2+ 38 12 49 & vd , 42
h— A A T A B S IRIA 5 ¥ E A k694 £ M % (Global information super resolution denoising
neural network, GSRDnNet) . b7 3% 3 5 s = 45 3t (Least square, LS) 5 % 3 3] 69 597 4 45 18 4 3t
4B MR AL A AR FF s RF B FL AR A AY 2 M & 89 e N B N 3095 2 32 GSRDnNet M 45 4 2 2 J5 F
RREAHHGE S HEER, PR R T ENIZE ) B, KA 4H NTN-4w k28 R &
(Tapped delay line, TDL)A,B,C, D438 # A # 4747 A 1 9E , 47 A % & & 9 GSRDnNet 48 3t T 4 4
LS %, ¥ 7 i% £ (Mean squared error, MSE) #% # 3.37~8.83 dB, #8 ¥t T 5 FRr 4% i 4% i+ (Practical
channel estimation, PCE) 3 i ,MSE # 71 2.11~6.06 dB, 48 }b T & 4614 4 2 69 2 5 9 £ A R4V &
M % (Super resolution convolutional neural network, SRCNN) + % = % & 4y & W % (Denoising
convolutional neural network, DnCNN) 7 % , MSE # s #2 7+ 1.37~4.40 dB, A% SRCNN-+DnCNN ,
GSRDnNet M 2 45 A1 4 fir N ALK 8§97 4 a9 13 i AT 4B 1, BB R ARIA A & G ey b3t b L A &

JEM AR T 45 84,
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Channel Estimation Based on Global Super-Resolution Denoising in Non-terrestrial

Network Scenarios

REN Xiaoning, DUAN Hongguang, HUANG Fengxiang, DONG Shikang

(School of Communication and Information Engineering, Chongging University of Posts and Telecommunications, Chongqing

400065, China)

Abstract: In non-terrestrial network (NTN) scenarios, to overcome the effect of large Doppler frequency
offset on the communication, a channel estimation method based on global information super resolution
denoising neural network (GSRDnNet) is proposed. This method considers the channel estimation matrix
at the pilot obtained by the least square(1.S) estimation algorithm as a low-resolution small-size image and
takes it as the input to the neural network. The input data is then processed by the GSRDnNet network to
obtain a more accurate high-resolution image with a complete channel response matrix for the time-
frequency resource block. Four NTN-tapped delay line (TDL) A,B,C and D channel models are used for
simulation verification. Simulation results indicate that GSRDnNet improves mean squared error (MSE)

performance by 3.37—8.83 dB compared to the traditional LS algorithm. Compared with the practical

BEEWMBE : FRH A RBHEHE 4 (este2019jeyj-msxmX0079).
I #8 HH#A:2024-06-06; /81T HH#A : 2024-11-19



T FARORETTERT LAY RGSEA T 1425

channel estimation (PCE) algorithm, the MSE is improved by 2.11—6.06 dB, and compared with the
SRCNN-+DnCNN method, which requires pre-interpolation processing, the MSE is improved by 1.37—
4.40 dB. And compared with super resolution convolutional neural network (SRCNN) -+denoising
convolutional neural network (DnCNN) , the input of GSRDnNet network model only considers the
channel estimation matrix at the pilot, so it not only has higher estimation accuracy, but also reduces the
computational complexity by about 84 %.

Key words: Doppler frequency offset; global information; super-resolution; denoise; channel estimation
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(4) H5 (S BRZ A J2 04 H1 45 AR T LA A 52 ot
IR £ B 2 5 A
(5) 45 52 X338 5000 6 2 545 3 1 11 53 =
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(3) A ZEiid 4 AR R, N2 RE SR IUE Fig.2 Aggregation layer architecture
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(1) Conv-+Z B4k 1& 1E £ 4 ¥ 0 (Parametric rectified linear unit, PReLLU) ,Conv-+4it I3 —4k (Batch
normalization, BN) +PReL.U Fl Conv 3 Fi A [R] 2 AU %) 2 0] DL HCH B AF 18 200 A a3 1 M s

(2) ZEAE S5 H DS A7 MR 75 1 A5 T 508 v i B e 7, 2 30 e 28 1) 4l 145 1 50000
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Fig.3 GSRDnNet model architecture
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K FH LS A5 2] 5 45047 B A {5 T8 A T HELAE b fl 2 45 s AL
, X GSRDnNet #f 28 W 2 YE 47911 45,
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Table 1 Training parameters

15 IR0 1 25 R % BB B 2R A 38 000 ANKEAS , JH ob Il 45 4 ) ik M SHE
SEH N 703 00 AL 28 e B Adam '™, BRI 25 5 800 3 1T DS 100
LR K N 32
NER €% LET P .
. . L . ] ER RS 0.001
(Hp H)={(H}HY), (HEH?), -, (HY HY))| 2 26 600
Ko HL R i UG REAS | H R i A I 25 RE A X 17 19 LAl S 11 400
ﬁ‘%‘: Ak 5 Adam
, . . TG pR R PRel.U
46301 2 0 % GSRDnNet #0725 J £ i 12 %%gﬁ e

1—}0:]‘(}}1,6)

s HL 1 H 43 3% 7 GSRDnNet [ 4% (195 AR H . SR F MSE 1 h it 22 i 8, Bk %R h
MSE:%iHH-“—f(ﬁ;,e)lB (8)
ﬁ*m%%#&%%ﬁﬁ@ﬁ%ﬁ$ﬁﬁ1T%%Vﬁﬁ*ﬁy¢%ﬁ@ {1 2L 52 (8 (AR 1)

FOHT, 0) 3R M AT GSRDnNet M 28 [ 4545 5 19 45 s A2 18 06 137 5 110
[e B, 7T L0 0 o K 4 2%

(Hyr  H)={(H}r HY), (H HY), o (HY HY)) (9)
ST FLG FVE 43 500 36 548 AR B AR R 25
ST 3ok 0 38 S R 0 S ) 55 4 1 o 25 T 4 A5 TR A
3 HEWIESHT x£2 BEHSH

Table 2 Simulation parameters

31 BHFEEE = T
W AE 3GPP T, A v A7 A 4 it 5 /MHz 20

15 0~25 dB {3 8 H F NTN-$ 3% 28 31 £ 35%2???%%;” 2(1)

(Tapped delay line, TDL)A,B.C.D % ek {8 L I 336 A% Jf (Inverse fast Fourier

o B R OO I, R TE I SRR T AT transform, TFFT)/ /e o B i 725 o 1024

5 BB F . B0 B 2 50 B 3R 2 By (Fast Fourier transform, FFT) & %%

o TEARRMGE D, — A A 14 [RLIRES 16QAM

N o " .- "N B 47 3 245 3 (Physical downlink )

M OFDMAF 5, — 4 OFDM A 5 1 3 shared channel, PDSCH )i fff 25 # Typed
612> F 4 , i I8 2 % {5 5 (Demodula- DMRS i 5 2 710 Type 1
tion reference signal, DMRS)J$ £ it & g J5 B DMRS % & 3
Type 1, FLJG & DMRS $it S 3. 7 144 MEIARTTZ (Cyclic prefix, CP)ZE1 g

Z W W9 i / kHz 10/20
OFDM 4§ %5 1y % P e b A7 4 55 7K 48 (3 AER /s 300
SHUE B, HEA A5 44 306 1+ RAET R /MHz 30.72

Uk SRR S S B (GRS NTN-TDL-A,B,C, D
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T BRI A AR A, R T (10) 1R 238 B A £3 0kHzBEHBY
. ERIZSHET T, 2% HS50 20 kHz, K£Z¥E Table 3 20 kHz Doppler parameters
B D 48 AE R, (11, 12) fros , Ho 2 () & S8 SR B
BHES Ly O B AE 5w () 5307 1 W B ./ GHz 2
7 R TEBE V., /(mes ") 6 500
Soopia = (=N gy Jcos U0V mpgag et /(ms ) 3% 10°
20 [ foe (£ HEkEAR R/km 6371
y()=za(t)exp = +twl) (A g # h/km 600
2 3 foapse (DT, TR S S 0/ () 60
y(n)=z(n)exp ' +w(n) (12)

IR A7 HL 45 A Matlab Al Pytorch, 2 FH Bl 4 BT 7R £ BLAE 1, 55 T Matlab £ £ /) NTN 15 & 61 2 pR 4%
(HelperSetupNTNChannel) 7 Matlab H L5t 5 8 Sy B A7 AR IR 2ot o 4 I 25 K 40 4 Rl 3 4
Hi £ % A 21 Pytorch #1289 25 Hh il 25 ) 28 B | 8 Ji5 7E Matlab rb 0 20 156 GIF 4 28 ) 258 A5

BRI S By Be , i i Matlab = A Yl
YRR R T AR TR N 4 T S S M I 2R

!}
B 0~25 dB IR ME Lk B B &) o M [ R% . e 208 || Bidw | [CP-OFDM
g - it |- v [ rmeaof P L O | fCPOM —

DMRS

6L 2 B LA, 88 1020 ki R

A5 AN [ S TR (1 Z 3 O L 4R U5 A X B R _’Eﬁ
(3) 31545 2 1 T 490 A {7 3 e 7 A e BT R )
H,p€ C**ff % GSRDnNet i 4 A, 7 RS s | [T | _[CPOrDM], _[if#
P Matlab 48 ft 9 5 % {i it ff 3F 96 %0 e bt A 1 |F
(nrPerfectChannelEstimate ) 1 %5 75 % () fiHE

H € C™ 7 1A S S B (% {7 1 06 B 52 P4 IR A i AE

{8, B REAS R 25 (E Fig.4 Training data generation flowchart
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MK SFE W, £ MSE 71, & 48 LS & 89 MSE 4 0.210 4, 52 b i 44 11 ( Practical channel estima-
tion, PCE) & ¥ () MSE >4 0.099 5, 3C#k [13] ' SRCNN+DnCNN f§ MSE 4 0.053 8, 4 3C# H 11
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Fig.5 Channel estimation results of five algorithms under 10 dB signal-to-noise ratio
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K6 10 kHz i fm ~ 4 Fh NTN 37 5 b (1) 505k 1 GE 5 iE

Fig.6 Performance verification of four algorithms in four NTN scenarios with a frequency offset of 10 kHz
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FTEMe R P PEREAL T LS M. STHk[ 13 ] 59 SRCNN+DnCNN FI 7 SCH H 59 GSRDnNet 8 % 5% H
TR 27 ] K B 15 38 AR OB Hs 48 v 2% ) BOH i) — O FIRRAE , J A7 Ao iz A e 0 ACREEAL T LS
M PCEM ¥ . [, A3 GSRDnNet #3%4 Fb T SRCNN+DnCNN AS A2 Fil47f {5 A B3 16 1 SR B, Pk
P, B2 GSRDnNet W 26 #5780 14 4 A A Ay A A A9 A5 3 Al T8, BT AHORACHI A 5 0 A A 316 B8, 73T
WEARE A D ERE . AR NTNAGIEFE T, GSRDnNet 575 i MSE 7 e A 4 LS 5
B, Al T 7.83~8.83 dB; Ml% PCE & 2%, $2 71 5.33~6.06 dB; #1 % SRCNN+DnCNN &3, £ 7} 2.73~
3.14dB.

B 78 LLE 76 20 kHz F 8 NTN 463 5 tf GSRDnNet & A% LS, PCE, SRCNN+DnCNN
AR EH . GSRDnNet ik i) MSE PERE , #HEE LS 83 , il 2 F+ 3.37~7.04 dB; M4 PCE #2F 2.11~
5.75 dB; #% SRCNN+DnCNN, #£ 7} 1.37~4.40 dB.

—— LS —— LS
ok ——PCE | ——PCE
—e— SRCNN+DnCNN 10° —e— SRCNN-+DnCNN
—+— GSRDnNet —+— GSRDnNet
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s 10 15 20 25 0 5 10 15 20 25

0
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—— SRCNN+DnCNN —— SRCNN+DnCNN
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K17 20 kHz5fis T 4 Bl NTN 37 5% 0 4 b 5 vk e 56 ik

Fig.7 Performance verification of four algorithms in four NTN scenarios with a frequency offset of 20 kHz
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i3k 2 (13) 7T 75 0 £ A58 7 114 52 A B i A 38 2500 19 RSP G E T o AR (13) FnfEl 2.3 th & A
LBRZ S E , A5 GSRDnNet W4 b M i 52 24 s BN .
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2 Jrf BRI A B R S T A B2 s, R4 2REERREXE
Hogr AMEE B0 RSP 4 T MG S E 8RR 1 | Wy X Table 4 Global information module
H,=306 X 4, Hi ] 31538 1 78 4 R 15 B 48 OB g 5 K i complexity
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2 o 28 AL A 22 0 M AR S B BB AE TS
25 M ) 2 R b A0 5 B BT A s AR B H A A T R B R £5 BABEERSLE
PIN Wy X Hy= 612 X 14 RN ERZW L2 EMM Table 5 Super-resolution residual module
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SR I B 73 5k 22 25 W 3 RS rh i e B A S 2 BE AR N L 15 o e 2 g e A Je
F| GSRDnNet [ £ 458 18U 119 5 52 7% FE Ry 947 630 592, L 4R BUR 352 512

[A] 2, i1 T ChannelNet /9 2% () iy A 75 B X 15 18 Wi 7 465 [ JE 45 2 5640 192
HEAT A7 (A B, o5 15 30 o 17 R I R 2 I 0 D R R/ g R REE 3446 784
b PR AE 32 T 4 A 1 i A A FRZ 08 B, A T 7R 1096 704
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