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Downlink Channel Estimation for Massive MIMO System Based on Real-Valued

Variational Bayesian Inference

DAT Jisheng, SHANG Hekun

(School of Electrical and Information Engineering, Jiangsu University, Zhenjiang 212013, China)

Abstract: Unitary matrix transformation is a commonly used real-valued method, which can effectively
reduce computational complexity. However, the dimension of the observation matrix is doubled in the existing
downlink channel estimation method for massive Multiple input multiple output (MIMO) systems based on
unitary matrix transformation. Without dimensional compression, the goal of reducing computational
complexity is difficult to achieve. Although the orthogonality of signal space and noise space can compress the
dimension, the signal space can only be approximately calculated, leading to performance loss. To improve
channel estimation performance, the signal space matrix is regarded as a variable and adaptively adjusted in the
process. Since the signal space matrix and sparse signal matrix are highly coupled, the traditional Bayesian
inference is not applicable. Therefore, the column-independent variational Bayesian inference (VBID
factorization is adopted to decouple the signal space matrix and sparse signal matrix successfully. Simulation
results show that this method can significantly improve the channel estimation performance.

Key words: massive multiple input multiple output (MIMO); channel estimation; real-valued transformation;

variational Bayesian inference (VBI); sparse signal recovery

EE&TH :BERAKRPEIE(62071206)% B A .
5 B #3:2021-07-10; 81T H#3:2021-11-09



MUk A . — AP T AL E o N oeh AR B 69 KA MIMO A % FAT2 843 7 % 1095

51

[l

KHLAE L i A £ Hi ) (Multiple input multiple output, MIMO) £ 48 EL A5 % & B9 45 35 2508 A1 AE 2 3%
B R — ARG 15 R A BSR4 AR B M 2K 45 4 3 R A5 45 B (Channel state in-
formation, CSI) /&l 29 KA MIMO RAE MR EE K K Z — . T Al (Base station, BS) i K £k
Bt A2 M R AT E A TR TT 85 5 BS o R 28 i E L, R R FLBE MIMO & 48 /9 F 4715 18 1k
AR S R 2T 3T (Time division duplex, TDD) B R HAE MIMO R G AL EAT{51E
Je BT RH b /R AT A A G S P AR AR R AT A T A T SR T R A0 £ R G
R T 554> AT (Frequency division duplex, FDD) AR , 3 F TDD W B G {5 B it i £ Lk HiE
M

A WEFE R, i T J0 L A% RE PR 45 b (9 O B A R, BB MIMO 5 38 19 A 2L 4E$0E /N T BS i
KK, AR, B N AMIFIE AR F R MIMO {5 18 76 f B o fm s 4 v 2 18 T R EB R T 5
FORMTATEE AT B0 Rao ZF) 1 51 2 ¥4 5] (Uniform linear array, ULA ) 3 4 ) 25
{i HL 2% 2 ( Discrete Fourier transform, DFT) B W BL4EPE, 2 1 T —F 3L T L norm e /ME A KB
HEMIMO 5 A3 7 5 . BJE , Wen S48 1 7 —Fh 3 F DET #9358 A4 33 K AL MIMO 5 38 4
PO AR, KBS MIMO {5 38 7645 B 4E B 19 DF T 52 S B |, A7 18 3T AR B 3 78, AN Tl ok 4
Mo A7 7 filg B U A 1) LT DET A9 45 B8 A4 3 5 5 00GE T ULA L b T f# o fig B it ) 231, Dai
PR T — T B M B T B0 W 5 DL 307 2% 3T (Sparse Bayesian learning, SBL){F 8 i i1 77 ¥, [R5
HE— 2L e T RCE A R RS A R MIMO RS (F EAN T 7 58 0 SCon i AR R, B T 2% B
(9 SBL {5 A 17 e K e 7 P AT A T AR

SBL J7 & 78 B — Wk ARRT , f5 BP0 — S S 4 B BE PR, O S R B m T R R A
Zhou S5 48 Hy T — ol 56 T 75 405 B A8 0 9 S (B SBL 7 vk, 1% 05 W fi A2 0 I SR 3 2 Al o S S, A A
FEARTH 55 2 B 7 7Y 60 O 2 ke o R v, O IO 6 I 1 24 B2 384 0 T — A% L Zhou 55 i — 28 R AR 4525 Rl Al
W 75 235 (1] B T A8 P P 44 1 ORI A0 e A 4 30 BRI, A SE BRI TS 4555 2 ) HURE ST AT 445 R AT
A b T Ok 1 RE ALK o

AR SCHR Y — T 1Y) i PG A PR AR 4 19 S SBL 7 ik % T VR T S (R BE R L — AR i ARk
At R [ 3 N b R R A A TR P, AT ARAS B A 0 {5 TE AL PR RE . 7R DL HE R o R o AE S A
V] L B2 R A 15 5 4 M o BE R (A AL e i SBLHEWT Iy R JCHEIE T o o 7 Xk, A LI AT
B) i) A5k 0 ST 4 ik B L I U A A BEERE S T B MK £ 2 I A R O A5 B A . SE 0 LA
SR UE T A ST 4 5 7 1A R0k

1 FHEHEZ 5 LESBL E M

1.1 #HERR
AL MIMO R 58— L N, % SR AR 1Y BS Aty T4 B N, ABE R4 085 20 L (Mo
bile user, MU)#H % . H T4 4 MU U015 5 A B ST A R = h — AN P A5 B A TR 8, BS
1 MU #1756 B {2 50085 16 7 B 467 12
H= 225(,&“(‘9(..«)1)1-(Gﬁp,s) (1)

KA N B R AR s N R B HIUR L 0 1 BE AR B & TR S o MU R 56 s A T BR AR Y B 3
530 M @ 53 A 3R s AH R 1) % Bt £ ( Angles of departure, AOD) A1 E]3k £ (Angles of arrival, AOA),



1096 R E B L Journal of Data Acquisition and Processing Vol. 36, No. 6, 2021

a(0.,)€CY b (.)€ CY AN B K I A R B R e 1 R . MU BB R AT RE RS
yec "Vl h
Y =XH + N (2)
A X e VR T2 KL BTN € CT Y B I 22K o 105 w8 17 S
F T 35 3l 3ty 194 J= 0 B O A PR, B AR A R R AR /N I L S AU R A R TSR R Z
P E— RN BETE I . UL H M S A R ARt . S T O ROR R {0, o ok
A0 T L=N,N,. [0 58 LA R B G =1{0,) T, % 9 i £ 21 b 3 35 ff 3 1
[—n/2,7/2], Ferh T R kS 5 00 /B G0 SR SO TR s 22 408 B 85, R 8 10 4 I A LS 119 AOD V& 163% I
kL A
Y=XAW+N (3)
KA = [a(F)), -+ a(F0)1€CY F W e N Jy— 7w B4 B, FC A T2 47 68 7 % 2052 1 5135
(EAS 1 ST AR SE PR A I H, SR 3 N BE M0 78 A6 A Lo O T M R £ AN DG IR 1% ) f8E, 1) SR
FH A B R R 5 R O B PR BEOR A 3.3 I .
1.2 SE{ESBL Ak [EM
Zhou 25 3 W 7 — ol T T 6 P 728 48 1 S SBIL 77 110 1207 ¥ e O R I SR 00 Ak Ay S o 5, I
F2 AR A S B X b g | A Y R S AR 4 A B R

X =GQy, (4)
KoP.GER" ™Y g BEHLAE A9 I HLIT M SE 85 179040 5 Q, %3k 3
Iy, Iy,
Q. = Ly z (5)

V2N il
2

Ty po T o 20 590 00 AL W R Xl 2 B 40 1 HAROT R 40 O MY AR G o A b8 ULA B9 LA e 4
FIRERZH R, a(0) 5N

T

(N, —1)$(0) (N, —3)¢(0) P9 p(0) (N, —1)$(0)
- - - - 7 ] G

e P ,e 2 e Zie? e 7

a(l) = (6)
K¢ (0) = (—2rd/A)sing, A R P, d T FHAB AL AR Z MY BE & . 45 7€ L a(0) = Qy,a(0),
ﬂlllﬁ“““

a(f) \/E':COS(A][Z_ ! ¢(¢9)), cos(N’Z_ 5 g&(@)), . cos(;qﬁ(ﬁ)), sin(;gb(ﬁ)), .,

C(N.—3 (N1 !
Sm( 5 ¢(€)),sm( 5 ¢(6’))} (7)

ey, 2 C3) Al LLE S O

Y =GQuAW +N=GAW + N (8)

A A=QyA =[a(7,), -+, a(Fr) 1€ R TL A BB A FE Y W N (055 300 He 046 0 A B ¥ =
[Re(Y),Im(Y) LW =[Re(W),Im(W) I.N =[Re(N), Im(N) 1. K, ¥ 233545 — 1> 5218 07 i 3=
T [7 it



Bk A AR T AL 5 N et Ak BT 69 K ALAE MIMO & % T A745 8 4% it 7 ok 1097

Y=GAW+N=®W + N (9)
A d=GAcR ", X} Visfi4 5 Mz\ I, AT LARAS Y {5 1 23 18] F MR 75 1 25 i)
=UXxXV+UXx VT (10)

Hrp X, %uzﬁﬁﬂ@Fa{nvelEﬂM/\ﬁth@%ﬁ{aﬁﬂ%ﬁﬂeﬂ Min { T, 2N,} — MM/ 3 518, U,
NV 5 B R T 5 28 [ 0 22 R A 27 SRR AE ) B e, U, 0V, 43 B N T B 75 25 (8] 9 A2 R A 27 5
T i) R . BEAL R KA S p % AE N R XA RS B EX ()P FER AT v,
AT XL B 1) A B 4 A M, B
YV, =@ K+N (11)
KXW =WViN =NV TR Y 658, ST T A ALY — A Ak T TR 5 AR
A AR, b 3 S 7 48 7 v AN AT 3k e b 23l ok Pk %519’&
2 HEESBLAZE
S 9E SBL AR, R TG VS TS B R B0 P RE I B SE (B K VOB R — A
B AR R R [ N b R A S A TR R DT AR AR A i I A R RE . Ak, 7E R (9) S
A—ANAE RSV ERY R RD
Y=®WV"'+ N (12)
K K=2N,. W47 me, 2 VikIF s w5552 080,009 50012 F . A</h A
P S 16K R B A W [ B o N R VL R T B S s TR A T AR ARV,
15 5 25 [a) 36 W R 1 5 6 B o BE R 5 L A% e 19 SBIL T 7 28 JC VR IE T o 7 DL ST 4 i o A o
BT EDRAT S 3 ) B R A 5 R P 1 o BB RS 5 [P R, AR SO 5 B i) 2 ST i DL e 380 8 43R
BE T 68 750 5 2 I A e AR 7 15 55 4 R i 0 R
2.1 SBL#E#&
R 45 4% G2 1) s 5 DL B SR AR A

Y‘Wa

ZQwﬂ/k a II) (13)

Ao, €ERY T w, €RT VMBI VWIS RS [ B e =0 PFRARMAREE . T o kAL Bk
B IR A oy A

pla) =1I(a; a,b) (14)
K a, b hEET OIEE . N T WEB AT B, WIRR—17 50 Bl — A HA A [RDRS B 1 s 397 43 A
p(W|0)= ﬁN(“{m‘O,(diag(ﬁ) ) (15)

K o=[0,,0, -, 0, 1" BN, 51 |
8) = [ﬁlrw,; a.b) (16)

R4 R RARY (13~16) , Bk A HER 5 B pR BT R
Y. W.a,0)=p(Y|W.a)p(W|8)p(d) p(a) (17)
2.2 54y U HET HEBR
B R R MR R (W, a, 6‘ Y ) MERE S A, 0T SR AR 43 DU ST H B R B 56 HE % A 3T 4B



1098 R E B L Journal of Data Acquisition and Processing Vol. 36, No. 6, 2021

iR, BT WA VERERR A A5 5000 SBLERT 7 S0k E . b T R IZBE R, AR B AT 41k
S 57 3T D 08 G B BB WA (@, s e ) IR 9150 3% 231
10 5 5 2 R K

K

q(2) = [[q(w,) q(a)q(d) (18)
— (W)

XL {“(Z)l, W,y o+, Wy, A §}o A ¢ (2) % fe /M Kullback-Leibler (KL )
q(£2)
p(2|Y)

L U(q(02y),q(02,),q(023))

de (19)

¢"(2) =argmin Do (¢(Dp(2]Y)) 2 arg min [g(2)In

ST

1nq*(g,.)oc<1np(Y,sz)>m(m) Vi (20)

T ¢ (Q) 5 H ¢ (2,8 %, THERE ¢ (Q,) WA R . — Rl £ 89 2240 7 2842 % A SCik[ 19
P B B B TR R AR A A . TR VTR g(wy) g (@) L K q (&) 1 B TR
L5 I A 2, SR 9 1 o ST i 4 O s, T R WA V

tr{ ®w,v} (Pw,v; ) }=tr{ ®w,w, P"} (21)
(2% T tr{AB) ztr{BA}&HmHz: 1.
TETH q(w )i, ZUEHREE 5w, TC K5 A

2
new / — | T 1/ . 1 ~ o 3 T _
Ingq (wk)oc<lnp(Y‘W,a)+lnp(W|(‘)‘)>ﬂq(@/)q(awmo¢ 2a<‘Y kZ{@w,,v,g >
[#k 2 o(@))
[Fk
2

1—T~ S) .~ IR = T ~ T 1—T- SN oo
Ewkdlag(é‘)wkocfga Y — > ®uv;, — Ow,v, *Ew,\,dlag((‘)‘)wk (22)

[Fk

D_;

2

KA :0=[0,,0, -+, 0,17, a6,/ HUCE a Fl o AW, BIR, g™ () IR LR 5 3 43 A

(lncw(ﬁ’k):]\](ﬁ)k ,l/z’E) (23)

L H
/l/\, — &E¢TD7§'I)/‘.
2 =(4®" @ + diag(§)) !
TET B g (@) B, Z W ARLE 55 o Jo S (3R 53, A

(24)

K
‘ Y — Y ow,v;
k=1

Ing"" (a) oc <1np(Y! W,a)+ 1np(a)>q(w)oc %MTlna— ;a<

>+
20w

q

2

+ Ktr( X d™")

2

(a—1)Ina— bacc —a b-ﬁ-%

K
H Y — Ed’mvf
k=1

»e

+ (;MT—l—a— l)lna (25)

B, ¢ () B AT {25 53 A



Bk A AR T AL 5 N et Ak BT 69 K ALAE MIMO & % T A745 8 4% it 7 ok 1099

q“ew(a)F(a;;MTvLa,b“ (26)
H
1
R EMT+Q
&2 (@) o, == (27)
TEHHT g (0) I, 2R LL 55 6 o R i HR 7, A1
Ing"™" (0,)oc <lnp W6 )+ Inp(o > IZ Kln5,+2< Ll w, diag(8) w >+

MN

5 L K L
(a— 1)Ind, — 68, oc 2(a+ EK— 1)1n5, + 12/2<2 (w,k)2>5, — ;bé‘, oc

(=1

i}(ﬁ Kl)ln@z /Z; b+%2[,lkﬂz+z],, 5, (28)
L, ™ (6,) IR A LA R A5 43 A1
q""ww,)r(a,; a+ %K, b”/) (29)
H
ot Lk
é,é<5/> . bf V! (30)

BJa, VY SEET AT i 5 /e H AR BB (19) R K75 o HAR R EL(19) X T VY 5 BT 5 A

o\(mp(Y|W.V.a)) )
D (g(@)|p(2| Y (< o )ata) .
wle@lp@ly)) )] e a(VU @Y ) @U—aVir (XD I

av v
(31)
2RO T 0,115
Y'oU

Ve = (32)
UT®"dU + tr(dXDd") I,

KU =[prs g oo piclo

KT REMRLE AT, T X — e B H AT R ca=0=10 °,a=1,0 =1, K5 @l EE
H1(23,26,29,32) FL 2 WS, T ZRAT BT LAY = S0 B4 2 PR K g () g (@) BL B g ()
2.3 MEREHR

TE 52 BR R MIMO G815 R g2, AOD Rk AALARI 5 ), 55 19 K& 22 [] 114 5 B2 AN D I 7] 2250 e LA okt e
B, 4 R ST (90 b B Y B R0 ok AR B R DS ). 5 0,¢(0) T, B
Gy €41, 2, T ) B0 B8 ELSC AR 0, 850305 09 WAS 5, I8 4 7T AT 0, 5

0,=10,+8,, (33)

A g, RoR BRI, Hi 2

(34)



1100 R E B L Journal of Data Acquisition and Processing Vol. 36, No. 6, 2021

i, 37 T — B R
Y=®(B)WV"+ N (35)
AP @(B)=GA(B), =[P, o 1" AB)=[a(,+ p1), -, a(f;+p,)]1" BRI ATH
MIAEAY AH g (w,).q(a) AR q(6) SR ALK ARG T o ME— AR A2, T @ B die h @ (B). Zmgis
5 BT KM A

2

y — EGA(.B)#WE

(mp(F1W. ) + Sr(GA(B)Z(GA(B)Y)] (36)

(WIY.a0.B)
2

SRS
é’ﬂ:[g(ﬂl)’ "'9§(,81‘)]T (37)
Adr:g(B)=(a'(8,+8))"G"Ga(d,+ Bc, +(a'(9,+ )G e, @ (9,+p)=da(9,+p,)/dBsc, =
_Q(Z){//+ﬁzvq‘vﬁ'/{‘); 6‘2:01(1?/‘/#/ EG 2%/“ 0 Jr,@z )’ =Y - 2G&(5j+ﬂ_,»)ﬁjVT, Xt

FR EW G, DATEE gl g, 55 5 U RS L AT o ARHESCHRIO ), AT SR FH — 25 6 FE 1 7 7 3t
B =B+ {og -sien(&y) (38)
Arfr=n/(T — 1)3 % MK I HE ; sign () 3R 455 BB
2.4 SH5iTtie
AR SC 4R 7 B R 2 BE A 43T A0 R - (1) 78 B R (23) i U R E R 2 BE 4 R

O(KT )R O(TT ); (2) 16 T 4 3% (26,29, 32, 38) 119 6.6 . v%ﬂﬁﬁﬁ W EAES N OTL)
O(KL).O(KTT )M O(TN,L ), it , 4% 3C B $8 77 1 76 53 — W AU B i 50 42 0
O(TT ), 3% 5 3Cik[9, 101 iy 95 1 B AT H T 9 £1 HESREE
WHRERE RPN, KW, EHEEERR: Table 1 Computational complexity comparison
(1) ST 2 75 vk o6 S 30 04 5 B i B 18 Oy S i i Fr ik T e
B B, 5 Off-grid SBL 7 &A1 He , A& 3¢ S AR O(TZZ)
B4R 7 9 T L 4 R BT (2) BBk AR S BT 4 A - .

‘ Off-grid SBL J5 %" O(TL")
FE5 Xk [10] H i) Real-valued SBL 7 1) 4 .

Real-valued SBL Jy &M ol Tz-)

SEAEAG Ty A M AR R HR AR SO
P05 R g R I B O S A Tk RE

i T (23,26, 29) B H UL S U 2 .a LK 6,4 %, T LA R R B LA S5, AR 4R SC
Mk 019 T4 s 10 2 B0 i B i, 6 02 1) 1 S 800 Ak ) 8 AT 6 Ry

(U, U= arg min (U, X ,al”, 0", g1 (39)
"V =argminZ(U"T Y, VY a, 0, g7 (40)
ol V=argmin /(U Y, E Y QY 5, BY) (41)
[)’("“):argmin L/(U(i+l) Ut LD st ‘3) (42)

AP bR ()" BRI . AR SCHR L 20] e 1 5 B 2-b, 5 0 A B e 2 R AR 81
SEEE A0 8 (19) i — 4 8 21



MUk A . — AP T AL E o N oeh AR B 69 KA MIMO A % FAT2 843 7 % 1101

3 HEERESW
A S B R I AR T EAT A . DFT 535" (Overcomplete DFT J5 35" Off-grid SBL J7
L K Real-valued SBL J7 1", 3GPP %5 [A] {5 i# £ £ ( Spatial channel model, SCM) " ¥ ] T4 i
CSI, FATHEES IR K 2 170 MHz. b T #8045 B Ak T 45 R B8 Gt bk | a8 SO B AN T R bR i 1b 24
J %2 (Normalized mean square error, NMSE ) #
1 M ||I_117ezSI - Hm |;

NMSE= — S'"+——— 2 (43)
Mo = ||

o H SRR H o, 5 m %) Monte Carlo 56 ; M, = 500 F 78 Monte Carlo 256 1) & YK 5.

TS 1 R AL 100 FE0 i ULA A, B MU L4 T 4R K&k, B 1T 4
X1 T 500 Ik Monte Carlo 52 45 (9 F- Y48, 8 — R SE 50 478 — 90°~90° Z [A] Bl AL 7 A4 2 i 7%, B4
NHLF A 104 T 3845 o #5155 M 1L (Signal-to-noise rate, SNR) [f % 7 0 dB. Bk T DFT Jrik4h, HAh
J7 1 B9 D KR T BB R 150 8 200, &1 145 T AR 306 1) NMISE Fifi Il 245 3 A5 5 i) A2 A A% O o AR 4l
{5 FLS2 I 45 L AT 40, B 5 15 10 NMSE #B 2 B & Y1l 25 S 0508000 B85 R i /0, Herh DET J7 v 19 Pk fie 5%
2 ,Overcomplete DET Jy ik Z . 1 T2 )7 % 5 84 SBL Ji ik (Off-grid SBL Jj % \Real-valued SBL
Jrd) BRI T B AR, BT DL AE 4% 2 I B AR S 0 AR o R O T R T R R A A TR R R R —
AN FEAG TR AR A R R {5 S A (R R A AR G R T A TR RE .

FESCES 27 B TR U 5 S B S A 50, oA I AT 1 SIS S 580 Ee LA A . B 245 T Rk
) NMSE Fifi 9 k% £ 500 28 A0 &0 o BR DFT 5k oh, i THAR 7 i34 R T B B RS, it DL NMSE ¥

—— Bk —— iRk
—&—Real-valued SBL —a—Real-valued SBL
o —e—Off-grid SBL —e—0ff-grid SBL
10 ——DFT 10+ ——DFT
<$—Overcomplete DFT] <¢—Overcomplete DFT
m m
%’ wn
z z
10°} 10°
40 50 60 70 80 90 40 50 60 70 80 90
V45 S V% S0
(a) L=150 (b) L=200
F 1 A A NMSE B I 25 S50 8028 10155 ol
Fig.1 NMSE curves of different algorithms versus number of training pilots
10*1 -
. —— i o 1077 —— T
17 —=—Real-valued SBL 17} —=—Real-valued SBL
s —e—gg’i‘gnd SBL E —e—gg’Tgnd S
72 —6—Overcomplete DFT Z —6—Overcomplete DFT
I ——— [ty
107 i X X : . N R
100 120 140 160 180 200 100 120 140 160 180 200
P ZEEI=E
(a) N=2 (b)N=3

B2 N[ NMSE Fifi 4% 5 728 4k 155 1

Fig.2 NMSE curves of different algorithms versus number of grid points



1102 R E B L Journal of Data Acquisition and Processing Vol. 36, No. 6, 2021

Wil 5 PO A% e 5 A 18 KT 2 N R N ELEE SR 0T LU AR SO R U7 i 5 B SBL 5 A AE b
D5 ) ASVE L () B0 | 6 B0 R AL 5 o RO ANEE A6 o5 (0 A BB 22 /0 AR SO i 2 R B
B S AR TE AR T RE

FESEI 3, B T YIRS 0 ORI A% 55 8053 S0l 11 7 AE 50 F1 150, HoAth BT A7 119 52 36 4% A PR R N A2
Bl 345 T AR 575 i NMSE Rifi P R B0 A8 A 0 . (5 A5 R W DFT J7 ik PR B i 22, Over-
complete DFT F kR Z , X B FP ik () R BPERE AR 52 I P KRB 32 m . 2 T SBLAG T 7 ki
NMSE B 5 FH K 28 %5 i (9384 £ 17 0 /)N , Real-valued SBL J7 84 T Off-grid SBL J5 5, 48 SCJir i
D7 Ak T R 2 O A v

FESCI A v, B TR YIRS A0 S ASCEIOR P R B0 L 1 AR 50,150 T4, HAth i A7 1 S5
FA R A B 44 T AR NMSE B {5 M i A8 e 0 . B45 R %€ W, Real-valued SBL 7
A Off-grid SBL J7 76 75 15 W U IS0 Al 3T P RE R B0 A0 5, 76 AR 45 M L IRF 19 A5 3T PR BB AR T DF T J7 2 Al
Overcomplete DFT J5 ¥k o A% SCHF $ 05 36 Al 11 AE A6 %15 M He i 2 38 0 Ho At O 325, 76 7 1 R HL i 55
Real-valued SBL J7 & Fll Off-grid SBL J5 % 1 14 i 2 31 3L A F55F

— —— 10°
10"} . —— PRIk
=y ¢ ¢ 10 —=—Real-valued SBL
—e—Off-grid SBL
—e— Ty ——DFT
g —e—Real-valued SBL o 10°f ~o=Overcoinplets DET
s —e—Off-grid SBL 2
= ——DFT E |
—o—Overcomplete DFT 10
k 1072 |
107 M 10° ) ) .
1 23 4 56 7 8 910 -10 -5 0 5 10
s H P R UR 25 fEMELL / dB

3 AFREINMSE B P REBEEIL (N, =2)  E 4 RE S0 NMSE B 5 15 A (LR (N, = 2)
Fig.3 NMSE curves of different algorithms versus num-  Fig.4 NMSE curves of different algorithms versus SNR
ber of user antennas with (N,=2) with (N.=2)

4 H5RIE

Bt X R AL MIMO R S8 T A7 5 A T A5 52 8] KRB T RL T3 3R A AN T sk 6 ol ol of 1R E A5 2K 1Y
)R, 48 T — P B /N R R 2 B R S R AR AR B AN T D7 ik o %07 ik i B B UK R S S I
W I — A AL o A T AR TP I B A T A VR O TR R T R I AR A S
oG JEE A 5 0 ML, E— 20 5] A B 1) ik ST S i ) DL e 3 AR AR, IR £ S S 1) AR [ AR B AR S
W i R o S0 45 R A T, i 148 20 DL ok S0 4 W 160 52 {043 1 1 00 A AL i PR RE

2% 3k

(1] JRURMS, BOKW, . RHBEMIMO REH T HERE[T]. Bk 540 HE, 2015, 30(3): 544-551.
QI Chenhao, HUANG Yongming, JIN Shi. Overview of massive MIMO system[J]. Journal of Data Acquisition and Process-
ing, 2015, 30(3): 544-551.

(2] iR, T, WA, % 2T SAOR Y Massive MIMO R Zi 5 S 0 5 2k (7], $di R4 5403, 2020, 35(1): 139-146.
XU Yaohua, YOU Yangyang, HU Mengyu, et al. SAOR-based signal detection algorithm for massive MIMO system[J]. Jour-
nal of Data Acquisition and Processing, 2020, 35(1): 139-146.

(3] kW, 03, ARARMI, 45 —Fhecik i 5 T 1 4 800 A9 i i £ A T 00 (0], Bdl R AR S AL B, 2017, 32(4): 705-712.

LI Saifeng, WANG Yong, ZHU Rangang, et al. Improved sparse channel estimation algorithm based on compressive sensing



Bk A AR T AL 5 N et Ak BT 69 K ALAE MIMO & % T A745 8 4% it 7 ok 1103

[J]. Journal of Data Acquisition and Processing, 2017, 32(4): 705-712.

[4] GAOZ, DAIL, WANG Z, et al. Spatially common sparsity based adaptive channel estimation and feedback for FDD massive
MIMO[J]. IEEE Transactions on Signal Processing, 2015, 63(23): 6169-6183.

[5] RAO X, LAU V K N. Distributed compressive CSIT estimation and feedback for FDD multi-user massive MIMO systems[J].
IEEE Transactions on Signal Processing, 2014, 62(12): 3261-3271.

[6] GAO Z, ZHANG C, WANG Z, et al. Priori-information aided iterative hard threshold: A low-complexity high-accuracy
compressive sensing based channel estimation for TDS-OFDM[J]. IEEE Transactions on Wireless Communications, 2014, 14
(1): 242-251.

[7] WEN C K, JIN S, WONG K K, et al. Channel estimation for massive MIMO using Gaussian-mixture Bayesian learning[J].
IEEE Transactions on Wireless Communications, 2014, 14(3): 1356-1368.

[8] DING Y, RAO B D. Dictionary learning-based sparse channel representation and estimation for FDD massive MIMO systems
[J]. IEEE Transactions on Wireless Communications, 2018, 17(8): 5437-5451.

[9] DAI J, LIU A, LAU V K N. FDD massive MIMO channel estimation with arbitrary 2D-array geometry[J]. IEEE
Transactions on Signal Processing, 2018, 66(10): 2584-2599.

[10] ZHOU L, CAO Z, DAI J. Real-valued sparse Bayesian learning approach for massive MIMO channel estimation[J]. IEEE
Wireless Communications Letters, 2019, 9(3): 311-315.

[11] CAO Z, DAIJ, XU W, et al. Fast variational bayesian inference for temporally correlated sparse signal recovery[J]. IEEE
Signal Processing Letters, 2021, 28: 214-218.

[12] TSE D, VISWANATH P. Fundamentals of wireless communication[M]. Cambridge: Cambridge University Press, 2005.

[13] 3GPP. Universal mobile telecommunications system (UMTS): Spatial channel model for multiple input multiple output
(MIMO) simulations[EB/OL]. (2020-09-01) [2021-07-01]. https://www. etsi. org/deliver/etsi_tr/125900_125999/125996/
11.00.00_60/tr_125996v110000p.pdf.

[14] YANG Z, XIE L, ZHANG C. Off-grid direction of arrival estimation using sparse Bayesian inference[J]. IEEE Transactions
on Signal Processing, 2012, 61(1): 38-43.

[15] DAIJ, XU X, ZHAO D. Direction-of-arrival estimation via real-valued sparse representation[J]. IEEE Antennas and Wireless
Propagation Letters, 2013, 12: 376-379.

[16] HUARNG K C, YEH C C. A unitary transformation method for angle-of-arrival estimation[J]. [IEEE Transactions on Signal
Processing, 1991, 39(4): 975-977.

[17] TIPPING M E. Sparse Bayesian learning and the relevance vector machine[J]. Journal of Machine Learning Research, 2001, 1:
211-244.

[18] TZIKAS D G, LIKAS A C, GALATSANOS N P. The variational approximation for Bayesian inference[J]. IEEE Signal
Processing Magazine, 2008, 25(6): 131-146.

[19] DAIIJ, LIU A, LAU V K N. Joint channel estimation and user grouping for massive MIMO systems[J]. IEEE Transactions on
Signal Processing, 2019, 67(3): 622-637.

[20] RAZAVIYAYN M. Successive convex approximation: Analysis and applications[D]. Minnesota:University of Minnesota, 2014.

[21] DONOHO D L. Compressed sensing[J]. IEEE Transactions on Information Theory, 2006, 52(4): 1289-1306.

fEE R

gk (19827), BIF1EE,
B R BT I
(CEEE LN (IR R FL N
i i A5 = 4L B, E-mail : js-
dai@ujs.edu.cn,

159 307 18 (1996-), % , il -+ F
A WS D ) fF A
it, E-mail: 2211907029@

stmail.ujs.edu.cn,

(% 5% . 5 3% )



