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ETZTH UM RN ERRIEEMR TS ZH PR

RAER R B S BAER bt , [ 201620)

—~

padlt

i OE:. @& 6G M8 RXAE S M A % ik (Extremely large-scale multiple-input multiple-output, XIL.-
MIMO) 815 & %, R LS 2 w2 R G A TR -F @ e A FEF 5 @ ie iz, A
LY HESERMEEABRREZGFRZREM, BEBFEEET5 2 M PSRN F AR, FHR
EZRBR, A LR ALRE —HETHAL R B R FERBDGFEEITE SR 78 EEN
ER, ZAERGFMMREKSFAAT XLMIMORZEARBE A P RGREHGFE, BLIARIEE
T Mook A A W B AR F 3 e A% S AR Sk B P AL REAR O B R PRk LA A SR LR, K SEIL T i
BEFNARE S AP SRR B FIIANGENAK IR — T BT WA REEM, 4
FEERBGE T PP AR T ok AT EAE PR BN PRSI R O 69 A RME 5 PR AR

K 6G; LY FEAE T £ A FEEN AT K S N et AR By

FESES: TNILLT XERAR RS A

SIS L, Mk R 5L A8 a3 DU 307 6k W Y 30 3 SO A i 5 B A 1 E 5 2 P R I [T ], B ok 4 5 40 11
2026, 41(5) : 1409-1420. WANG Jiaojiao, DAT Jisheng. Near-field doubly-sparse channel estimation and multi-user
detection based on variational Bayesian inference [J]. Journal of Data Acquisition and Processing, 2026, 41(5) :

1409-1420.

51 5

T AR 6G LM AR RGET SCFF Thps B AW E HR JREE B IRSNEESE JFRSEE R
B eampL T IRAE L MRS R AF 6G A R GVERE , ME BRI R A B B G T AR A
Z i A Z % i (Multiple-input multiple-output, MIMO) £ R85 A% 6G 815 2 G aY {5 8 Aok T
KR AT B 58 TAE K 22 3 38 47 18 15 (P T 0 w80 ), M) P I 28 4% 7% B 355 v A BRL ) Jm 3 k5 2k
IS, o K HLBE MIMO 15 38 75 A JEE 00 % J I, DA A S 00 F 0 0 42 s A 1R B2 o U0 I 15 3 A 3
75 B4 45 « 1F 22 VT it 38 B (Orthogonal matching pursuit, OMP) "* % & 01 - 1l 2% 3J (Sparse Bayesian
learning, SBL) 'L & 3T {1314 & 1% 3% ( Approximate message passing, AMP)',

0 B AR 2 i A £ % S (Extremely large-scale multiple-input multiple-output, XL-MIMO) [4
B, 30 3 (B BEHE AN P BST L 5 % I T B 0BT T SR A R IR0 53 3 T D AR AR AR L L S0 3 R 1 Dk
FARE R0 piy A T3 I R A 2 MOk ) e, L B A7) O R eP G I 40 S 30 3 1 3 A T O o R R TR
Pan %511 AT 3 155 38 16 0% 3R 5 4 L 8 30T 3 45 18 AT 48 JE 1 K (Fresnel) 3501, 33 10 F R AEHE
- H 2% (Toeplitz) P J7 22 56 BE 52 BE AR 2 S80S BE R S R0 Bl L 23 2D Ak 15 2 AR LU S g o KT,
XA A T T R S R 22 R L B X, Cui 2R T — Bl A A T 3 A B s OMP

EETHE : Ll SR IR0« [ 2k Rl 243 47301 B (25ZR1401002)
I 5 B #: 2025-02-24 ;1817 H #1 : 2025-10-15
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T35 DA% v (] B 3 4 fe 8 DT TG A5 G 09 # B2 RIIE B8 40, O — ol i 00 AR [ 20 326 AR T I A i A B3
VLB THE A THRORE BE o 5 B4R AR, B AT I XK Fresnel 3T {01, AN A sk 0l 5 | {5 38 EE AR R 22
AT A 552 B 28 498 L v 1 B 45 2R AR o

T3 — D5 T, R TEA R B IR 2 R T S B R AR AR P P A 5 L O A T SR
PRI I 0% 5 A A T 155 30 A 6 A A 00 5 30 35 3 R R P B YT T B R, Qiiao 25
Vg S W B Y 3 3 () R0 il A 2% W 9 A 2 7 [ R A 3L, R XIL-MIMLO 5 38 1Y 2> 2 B 51 800 11 i
i P, e RS2 A5 T PR AL T A B . IR R ORI AIR T ) AR AR B (E RO SRR R I 3 T
IR Z A {E 8 AR R LA™, HH BT r i R 2 S 8 22 R x5 Bk R BR, A SCHE
T TR A 30 7 3K T A T A5 G A TSR P O A I E 2R A SR B S A T XL-MIMO {5 iE
TEA I 5 P 0 R A i 7 i 51 Al 37 ) A 43 DL (Variational Bayesian inference, VBI) £
AR o AR S P S I R A DA P P e S ) R IR S ) R, DT AT A 3 15 0T 3 [ ) B N 2
FR AR B BN N ) R B i — 0 gkt T ROAR SR IE . TR O R AR I — AR B Dy R 22 5 P O L
T30y T Y e B 0 35 O GRS T AR 5 s A Rk

1 RAEHRBS5IEFFHEDB

WE LR, % B — A R 175 1
B, Hod 3R vl XL-MIMO B30 Bt A M AR R 2k,
Bah P AT AR R B E P BB K,
BAH K, A P 880 (K, <KD, H TR
FOR A LI 7 T P, P T R S A RE S
AR o A SO R A 3 7 R R PR AR AR Y
WL T /N7 16 AH T B R) 45 38 e B L
RAR . P, S AE (B2 (1 =1,2, -, T ) %

WeHY B AT R B A5 5 Al s BT Al P 5om '
K Fig.1 Tllustration of the activated user scenario in the near-
y(f):zakhkS}z(f)Jrn(f) (1) field region
=1

ﬁ*a»%@%%kﬁmF%ﬁﬁﬁ/&(ﬁ(m:lﬁ%

TN, = O R R RAEILIE ) ,s,(2) FoR o A F P AE e B 20 R 25 0005 5, TN BRI b e CV 7 ROR
5 R PSR n () =[n,(£), n(2), =, ny(2)] € CM N FR I NE, T 20 o 15 25 307 11 e
P XTI AR AE M4 (Uniform linear array, ULA) , Hoilt 5 14 517 B n] s R

T
jen(r, —dy) j2n(r,s—dy) j2n(rin —dy)

a(¥,d,)=|1, e A e A , e, e 2 cecMrl (2)

A d, RoRE AP = Jdi + A, — 2d,A, sind, o5 kA P25 m LR Z 1] 1
FHE LA, RS m R RLBNSH RLZ M AR, 9, 8RR 58 DM P B BA M A RRBK . I, ()
LGy

y()= iwgw(%dk)sk(/)+n(l):A(ﬂ,J)AGsT(Z)+n(Z) (3)

Koh g BRRH AP AR, AW, d)=[a(9,d)), a(9,,dy), -, a(Ix,d)]eC F A=
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diag(alv Az, oty aK)’G:diag(gl’ 82, s gK)o %%X Y:[y(l)’ y(z), Tty y(T)]’ﬁ
Y=A(I,d)AGS" + N (4)
A S=[5(1), 5(2), -, s(T)] €CTK, s()=[s5,(1), s,(1), =, sp(1)] €C*', N=[n(1)

n(2), -, n(T)leC”" 7",

T 5 W B TR A (9, d )PP 9 R d TG TR A B WK BN 7 475 38 2 MO0 S B XE S RS R 2 . it
ST A, d) ISR A G K ST RS L ik — 5 R T T S R A 3 A ) R G ek . A
fifE kST Oy ikl R/ 3k (Least squares, LS ) 3l 4 B #2020 (4) SR A, JRA% Mg ¥ 5 1915 18 A5 3. (A
N TARIE ST P A7 AE , AU e T = KW 5o o3 — 2807 1 a0 SCHk [ 15 1k, 2 K 1 51 40 o 24
TG (5 A DT K 4 JR R 14 305 3 1) e Ak Sl — 2R 90 F [ A7) 2 T S 3 1) REAL 3 %05 1 S R
S P RAR B L 3 OMP 53 S fi f ST, P T 1145 B 9 17 38 56 B L R 2455 40 28 (Mul-
tiple signal classification, MUSIC) 5 kAl i1/ S K. SR, %07 B0 1T B8 3T D o s 3 B Y, 2251
AREERYIC L, HASCRIJH 7 3005 PP 0 0 P A R 78 40 428 0 A B2 SRR i e P o G A, il TR T SR O 4P
T G L PT Ry 3 i 22 B, E TR WA A RS 2

2 BHEZNEFRRFEMITSZAAKEN

Sy 3 A A Y e L 5 78 A1) B SRR P S8R 8 R T AR SR R — e R T T G 0 A R 17 XL
RN G A T k. e, G TR R T g U R R R % R B ok IR TR O T,
U, A ST 1] dE VBTE AR AR A B DL i S 44 D, 38 ek A S O S B T 2 R AT RE B X BT
PEOTEIAT T S8 Ak ST 2= b .

2.1 REHIEHNEHBRELR

Bl X6 T AR A 2 B DL SRR B 1) A, AR S g R A SR P SR X R R 4 A A T —
ol 35 0 R B 2% 8 3T 3 1 T RS AR Y 2R R T A Bh A AR RAE , R T R U AR |
MTT5 52 2% 32 ) s 0/ A 408 5 22 ) 1 R G, DT 8 T A 0 O 1 Pk e AR SCR A T — i 5 Sk [ 17 ]
*ﬁ{uﬂﬁﬂki@@ﬁé#ﬂ@:zﬁwﬂé[a,d]:{ez,dz}j'zlxﬁﬁ;&%ﬂn&ﬁ%ﬁi&ﬁ%#,EEPLﬁ%ﬁﬁﬁ,%
3 (3) AT 76 B JE I 15

L K K
EZaku,ka 0, d,;)s(t Z (0, d)w,s,(t)+n(r) (5)
[=1k=1 p —
A b A0, d)= [ ((9 d) (67 dz) 6’1 d( JGCMX[ S A [T Ai%ﬁlﬁ;,a(gzvd/):
jZﬁ(i'z.z d;) j27‘("/.:§ d/) jZTf(V/,w ‘//) ! T
1’ (S A ) (S A s "0ty € A 6CAMX1i%ﬁ’§Fm%%awk:[uyl,k’ 'Z/UZ,/:, cty, u’L,k] ECLXI

FTontmmslma ., (T EBE LN
Y=A(0,d)WS" + N (6)
X w=qw, XKxESHmBEImE, h TAADE RGP EEE, Wik, w=
['Iblv Wy, v, '(Z)K]GCI'XK%,'?\%%%EWO
FE 52 bR 0 H o, R BT A L OE B9 AR BE R0 EE 2 8 RE RS i 2 0 7E TUE SO RS B, 3k S 30T 5 1 AN T
e T A7 L A T Sl T A 2 BC A S (4 B2 i, 3 (6) M) P B IR AR ) R ot
Y=A(0+ g™, d+ B )WST + N (7)
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qop o pre=[pi", B, ‘“g] eCH I RARMER P, B =[N, g, -, /?;’,“‘]TGCL“%%TQEE
B A B . A(a+ﬁw,d+ﬁ“ ) P — B 22 R T A R R
A6+ B, d+ B )~ A(0,d )+ B™ diag ( ™)+ B diag ( 8) (8)
LB =[6"(0,.d,), 6" (0,5, d,), -+, b"(0,.d,) |, B¥=[6"(0,,d,), 6" (0. dy), -+, 6™(0,.d, )],
da(0',d") _ da(0',d")

bang( 19/, d/) — ‘ 0’:01‘L[’:£l/’bdlSI( (9[’ d[) =

/

o BT PR
B TR 19 B R B2 L AT 55290 = 1R W 20 T S
2.2 B E

TR X (7 ) e R TET I X PR AR, 2 R B AR ST P B R TR E(K > T) , S BUE 5 LS U5
R RS ST REARIE ST M Db A7 AE . 5 — O D, A TS e e e AR E A (7)) (AR
PR R AR 2 G| A BRI S AR A B E LSS B . O i, AR SR R i DL A ZR S B T S 2
PP B A I o 752 e i R A O ARBE L 3 (7) B AR AR BL K e By

p(YIW, v; g, BU0) HCN DIAG+ g™, d+ B )Ws'(¢),v 1) (9)
KA CONC) N & W oA, e 74 o IR A0 25 43 A
p(v)="T"(vla,b) (10)

Aorfa o MR T O M H ™ RBARE WA SCEM IS, R T E w, RN ESH oy, Ja
7 25 W) 52 v W o A

B LK
P(W‘Tv¢):HHCN("¢Z)/,/3|O’TW/.&) (11)
I=1k=1

Ao RN S 8, A58 oD RS I 8 T — N IEE, SR 057 Wl S HGI @ L 1
fERBE B B S BRI A S A A 5 o3 A, AT A

phMQ—Fug,f) (12)
AT 3/2 g7 /AR SR 22], €, 3E— 2B AN
p(E)=T (&l h) (13)
S AR N TE (. 2 7 B 0 4 A4 7T 4%
p(r)zf[lp<m=[f[ﬂf[lr<y/,k|a,b) (14)

A (12~14) 19 73 J= o B A6 0wl DLk — 20 3w A i 1, 76 3R BOHO 1 - 5 B 07 R 3L i 35 9.
i R BERER (N (9~14)) 65 BE 395 B2 s BOn] Ko
P(Ys W’W’qu)aﬂ;ﬂangvﬁdm):P(Y|va; ﬁa“gsﬂdlt)p(u}"r?Q)p(v)P(T)P(q,'Q)P(Q) (15>

Aqrp

p(@lQ)— ﬁ (clé) (16)
p)=T[pe) (17)

=1

ST T UL R AR SORE BRI B L S BT A R BEALAS B, SRR 2 1 2.3 W A
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th TR S B3 p (W, 0,7, @, 21 Y5 B, B ) ML A5 PR A 3B 05 20 S 1 ik VBT A ke
Fikp(W.o. 1, @.Q1Y; B, B ) T, B

p(Woo.m, @21 B, g™ )~ (W, 0.7, @, 2) 2 q(W)g(v)g(T)g(®)g(£2) (18)
AL LRGSR W5 ST 22 A7 R R A R AR T3 3K 18 g (W), AT LR 2 B T 2K A A R 4
— P w,
A(O+ B, d + g™ )WS" = i AO+ B, d + B )iw,s) (19)
JEH -
rr{A<e+ﬁﬂ"g,d+ﬁ<‘i*‘>wks2(A(Hﬂa“g,d+ﬁdi*‘>wk~s2>ll}:
s;s;tr{A(a+ﬂa“g,d+ﬁd“)zz; @A (0+ﬁf‘"g,d+ﬂd“‘))“} (20)
Abs! s PR . ASSOR A VBIE AR K3 (18) i — A N 24 vl LR ht
@):ﬁq(m)q(v)q(r)q(@)q(ﬂ) (21)
R0 2{w,, w,, ~ wg, v, T, O, ). M7 E VBUEREIRLE ¢(W Hq w,) —

W EAT ) 1] T LA L 5 AGZ B A B JE R TE TR AR 5 A 2R B (R L 2.3 95 20 01 ) o W R R A i
Y M % 5 R BT AN ME — | e 8 19 20 8 8 SR 5 B S JE 56 M R 43 A 19 Kullback-Leibler (KL) #U% #5
/J\L%J,Eﬂ

q(@)

q*(@)zargminDKI‘<q(@)//p(@|Y; B”“g,ﬁdm))éargminjq(@)ln : —dO (22)
q(@) (@) P( @lY’ ﬂdng’ﬁlim)
2 (22) 1Y f P fide s J2
Ing'(8,)oc(Inp(Y,®; g% p™)) R/ (23)

li=iqto
Krp“oc”RRER T, 0,8 0 T A 75?,<>H F 7R Xt e i1 Tﬁﬁﬂ‘ﬁnq ORI AR

S B, AT AR AN BEET R

¢""(@,)= CN(wlp,, Z;) Yk (24)

¢ (v)=T(v|TM + a, b,) (25)

7"“"(y.. A): 'yl +ab,,) Vik (26)

ZT:E’T' "= ( €+ﬁdng d—.—ﬂd'\l ) ks_z’ Y,k: Y — ZA(0+ﬂang’d_’_ﬁ[liSl)ﬂj"‘;’ };k:[);l./v
JFEk

—1
Yok s ?I,,h]T»Ek:({/S;l%(A(0+ﬂallg» d+ﬂdi5t))HA(t9+B‘mg, d+p™ )+diag(}%>) b, =0+ ppy +

2
K K
Ek]/l’ }7[&:(1+ a)//)m, ba:])+HY— ZA(0+ﬂang,d+Bdm)ﬂh3: + zs?sh TI‘{A(&‘F‘BMI",L[‘F
’ k=1 . k=1

. . ™
ﬂdlst)zk(A(0+‘Bzmg’d+ﬁdm))H}’{}: b+ a

[+, 3RS B 5 LA T
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R g (z) B g (€,) B9 SR AL, AT 45

ng(e)"" =(np(Wir, @) = +(np(@l@) (27)
B (11, 16) R AR (27), mT 4%
new 1 AyZ o L N
IHQ(Tk) _<2_L)ln7k_5:irb_rk 1271,/«[#&#21"‘2&]” (28)

R £ FR & I E  SOK AR T T4 Hh o P T T S B A A, RS Ing (7)) IEE B
K:+1<v“ﬂ}k> A
KZ<A/ukvk> U

(29)

l:/g:

£,2 L
K K(0) k2= _(;)_L%%Z%{%Em\%mg‘ﬁ’“&_[ : }’Uk_Zz};z.&[#/e/lzl"‘Ek]uo LR
=1 !

2
q(&)m1e
ng(&)" =(np(@|2)+mp()) (30)
(16, 17) AKX (30), AT 1%
lnq(Ek)W:(h—O—Z)lnE,e—h&—%sz (31)
A3 B FECH 0, /I 15
ék:—h+ hzfza(/wz) )

Th
2.3 ZHENSHEN
AR /INYS SR FH 1 B2 e KAk (Expectation-maximization, EM ), A E 7] B p° 1 B 1] Bt 8 1Y
BRI R g7 A BN 2 e /ME R (22) i H A eR B, B

{ﬂang"gdist}: arg max <1np( Y‘W, v; ‘Bang’ ﬁdist )> . ) (33)
g, gl q(w)‘l_[lq(wk)

13 () ILAR(33) 79
<1HP(Y\ W, u; B, B4 )>

2

—— Y= (A0, d)+ B diag(p™) + B diag(B™) )dbs!
q(a) || g(w,)

=1

F

(™) PE R (B PRI — 2y ) g — 2y U4 2( g7E) W o
. : : K

(( BdlSI)HBdlsT) QZ[-S&HS/:( /lk/lkH+Ek)}}’
=1

ﬁEF':Pang:R P(list:R

H N\ K
((Bang) Baﬂg) @z[‘g;—lsﬁ( /lkflkH+2k)j| >
—l

a"%—i{—»&ﬂw{diag(<Bﬂ”w“Aw,d)Ek)}+R{<diag<m>>*<BW)”(Yk—A<a,d>msz>sz}}, =

> {s?s&{diag((B‘““)HA(a, d)z‘k)} + R{(diagm))*(}s‘“ﬁ)“w — A, d) psT)s) w —

k=1

—_
—_—

R{((B““g)HBdi“) © D [kl + m}}, R () FR B8 () " 4R IEHE O e 34 L
k=1
SPBIFEER (34) K F B B H s AL I 4 L T2
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(ﬂmg)nuw _ ( Pang) f ( ”ang . q]ﬂdlsl) (35)
(ﬂdisl)nCW:(Pdisl) ( dist _ g T B €) (36)

S (o) R O, ol T U F B 8 15 T 9 5 1 B, Oy T3 G A AL, A SO R b
I 500 T8 20, O 4 A8

0 =0+ (pm) (37)
dncw: d+(ﬁ(lis1)mw (38)
Zo R BORGEAR T T 0 SR TR B 28 T LSS0 A B R S

AR STy B B B Ny

(D) WA EBES Y, R8ESS;

(2) ZEHIGAL : th T3 T VBI 7 6 6 90 14 467 R 38 1 8 B 4, T4 ca= b= 10,0V =1,
7/,k:1».3mg:3dm:01,x1;

(3) 2 %k A% K 35 W 40 AL < 3 5 2 (24~26, 35~36, 37~38) 40 M+ 35 g0, Z0u 0. 70 (B™)

new

(‘Bdis\) ’0n(‘w$ﬂdncw_
(i—1)
(4) I BIHE éxT”Twz<s,ﬁrh,T“)%%/?%mu_ﬁjiﬂ’ﬂmﬂﬁ e= 10 * HHTEHHC L
e
AL, 535 R VO T35 300 1, BB MCSICR P 2, B4 S5 00K A A7, SUHCH £ T 07 2058 o A
Sk e 200 WK R P, TR 468 (3) 5
(5) Hiilt 8 O SR = A+ B, d o+ B . VA, A PR TP 6R s Ve

AT RS R S (1) BRI e, B0 2, S S 2 22 O (KMIL? )5 (2) kAR

new

PO M 7, 109 H RS 2R AR 0 O (KMLY) RO (KL)s (3) Uk EE (™) AI(p™) " it
AR O(KML?), B, FF 4 i I B UGER A TH G 228 O (KML? ), 45 3 378 4y DL i My
(Farfield variational Bayesian inference, FF-VBI) J7 ik 5 A SCHE 1 09 7 Bk 103 5 24 B AH ], (H R AR SC
WS TR AR A5 B A TR e AT B B AT B R AR B AR XX (6) AT 1) fE Ak Y SBL T Ik,
HAPREZRE N O(MTL K?), L, Jr 4 ik 5 1 &4k SBL 7 B AH LU R AR T35 R 24

3 MEERSSW

B UEAS S5 B PR R L B TR 7 12 5 LS .OMP . SBL .FF-VBI K 1 By BE # i D1 - 3r ( Two-step
sparse Bayesian learning, TS-SBL'""*") 8 ¥k #E 47 % H 20 7« (1) LS. B8 % 28 (6) 3R th 196 i #8 S™5
(2) OMP: Xt =0 (6) 475 &, f##8 S5 (3) SBL: X2 (6) #FATH: &, ELH AR S, 1A FH B4 385 04 76 B 7k
(4) FF-VBI: ¥ 57 $2 th 7 ¥ 19 B 90 0 B 46 08 3 3 ¢ T 1 B 90 0 A, ) VBT 86 R gl 5 4 S5
(5) TS-SBL: % I ik R M43 A BRSNS . BRI 5, & e Xt =0 (6) 477 &, R A SBL XS #EAT it #8 , B
Je T BB 3 2R A I s, P UCaE ] SBL R FR A (0, d ) 1S B B ME W . BIERL I N A =

2
E,ﬁﬁ%%w‘z{u:?:omm,c%ﬁ‘tﬁJ%%}bﬁ%?f: 10 GHz, 5 5 0 £ B F I 2 43 9 BE ML AE

[—60°, 60" JF1 10 m Z P A . {7 18 Al 3 (9 K B2 R FH A — b 31 J5 2 22 (Normalized mean square error,
NMSE)E R P-4l 45 A5



1416 R E B L Journal of Data Acquisition and Processing Vol. 41, No. 5, 2026
2
D XTI EETE!
NMSE = = 39
I ; | (39)
IRGL
i=1

7 15 Monte Carlo 525 i 5 8L, B8 B 200, A, (
SN i R Monte Carlo SZ 56 1Y ELSE{H , a,(
(Active-user success rate, AUSR) A] DA FE RN

i) M5 i ¥k Monte Carlo £ 56 A4l 11 {EL e b7, &,
i) M i Ik Monte Carlo 5255 04 30& F8 45 o 3006 F P 19 Rl oy %

(i)

(40)

i a,( 1) F R AN FE I Monte Carlo S5 A9l 11405 78 5 .

LI 1
NMSE Bifi % SNR 2 fb iy i 48 15, 2 80 8 M = 100, K =
25.K,—2.L =160, fE LSFEH h T RIEHE(ST)
MIAETE  PRAABOR T #, BB T = 30, 1 4 T H Al
Tk T=20. FEGRITEEGEMT . (D) A ITEN
NMSE #f B & SNR 04938 i i 3 /0 , iir $2 ) 75 75 I 4 BAs
E AR PERE 5 (2) LS J7 ik (915 8 Al 111 68 £ Bf A1 7 i vh
TG 25, R Ry i 0 v A R T 30 8 Sl 0 s g 4 £
2.5 (3) OMP M1 SBL Y 1 B8 R IS 4 25, I Sl 3 WG A4S O vk
HRVA B S 3R s (4) FE-VBI 7 e T OMP #il
SBL BN K i 42 75 35 , i BRAE F L BRI T 5 I A A0 1)
G AR R DR 25 (R AFAE R G B (5) TS-SBL A T
BB R, PR REAL T SBL, i 45 T FF-VBI K 7E T
TS-SBL 4325 Fl JH A% 3a AT P 3580 09 6 i 1, FF-V BT Bk
AR A T, DT 7R ARG TS B B B # 5 (6) AR SC
T IEAE A 0 05 05 b s, 2 DR g 32 TR A 0 £ T A
B ORI T B A AL A S TR S TR T A
J [R] B R0 R 5 R] B .

L2 W RABR M EEAMA IR .
3L T ANIF S 1 NMSE Wi %5 M 78 fL i fh 28 181, 2 80k
HT=20,K=25,K,=2,SNR=10dB,L =160, fjj L
GERFRM (1) BE RL MG, B iy Jy ¥ M FF-VBI 44
BT — B M UCGE N T L 1 R L AT DU I — a2 A 5 51
# L A B TR TGRS B 5 (2) LS SBL il OMP i NMSE
B REBULT AL, AR E A T o AU 2 7 P 5
A B T VAT FH 310 3 Sl 0 A B R 1 5 (3) TS-SBL W
NMSE P K 2 500 i 5 29056~ B 5 8 TR R e,

5% {55 ¥ e ( Signal-to-noise ratio, SNR) X} {5 14

HAGTHPERERSE M o 181 2 45 TR [ Bk

1 2
0 —— Proposed -+ FF-VBI
-o- OMP -=1LS
- —-SBL —+ TS-SBL
10° b
[Sa]
:
10"+
107 +
10‘3 L 1 1
-10 -5 0 5 10
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Near-Field Doubly-Sparse Channel Estimation and Multi-user Detection Based on
Variational Bayesian Inference

WANG Jiaojiao, DAI Jisheng”

(School of Information and Intelligent Science, Donghua University, Shanghai 201620, China)

Abstract: For extremely large-scale multiple-input multiple-output (XL-MIMO) enabled 6G
communication systems, the near-field effect poses performance limitations for traditional channel
estimation methods based on far-field plane wavefront models. Existing near-field schemes predominantly
rely on the Fresnel approximation, which introduces modeling errors, and generally handle channel
estimation and multi-user activation detection in separate steps, leading to error accumulation. To address
these challenges, this paper proposes a joint near-field channel estimation and multi-user activation
detection framework based on an accurate spherical wave channel model. Different from approximation-
based near-field schemes, the proposed framework directly characterizes the near-field array manifold
without relying on Fresnel approximation, thereby avoiding model mismatch. Furthermore, the proposed
method jointly exploits the double sparsity of XL-MIMO channels in both the polar domain and the user
domain. Specifically, the polar domain sparsity arises from the limited number of effective propagation
paths described by angle and distance parameters, while the user domain sparsity comes from the fact that
only a small subset of users is active during a given transmission interval. By leveraging these two types of
sparsity simultaneously, the original high-dimensional coupled estimation problem can be transformed into
a more structured sparse recovery problem. Moreover, an independent-vector variational Bayesian
inference (VBI) technique is introduced to efficiently decouple the complicated joint estimation task into
multiple user-wise sparse recovery subproblems. This strategy enables effective separation between the
near-field array manifold and multi-user pilot signals, thereby substantially reducing computational
complexity while preserving estimation accuracy. In addition, an off-grid parameter update strategy is
incorporated to refine the predefined angular and distance grids. By iteratively updating the off-grid
parameters, the proposed method alleviates grid mismatch and improves the accuracy of near-field channel
reconstruction. Simulation results demonstrate that the proposed method outperforms existing methods in
terms of channel estimation accuracy and user activity detection reliability. Under different signal-to-noise
ratios, antenna numbers, snapshot lengths, and active user numbers, the proposed algorithm consistently
obtains lower normalized mean square error and higher user activity detection success rate. These results
verify the effectiveness, robustness, and superiority of the proposed framework. Therefore, the proposed
method provides an efficient and accurate solution for near-field XI.-MIMO channel acquisition and grant-
free massive access in future 6G wireless communication systems.

Highlights:

1. This work develops an accurate spherical-wave near-field channel model for XL-MIMO systems,
thereby avoiding the modeling mismatch introduced by the Fresnel approximation.

2. A joint channel estimation and multi-user activity detection framework is proposed by exploiting the
double sparsity in both the polar domain and the user domain.

3. This work introduces an independent-vector VBI technique to decouple the high-dimensional coupled
sparse recovery problem into user-independent sparse recovery subproblems, thereby enabling the effective
separation of the near-field array manifold and multi-user pilot signals.

Key words: 6G; near-field channel estimation; multi-user activation detection; sparse representation;
variational Bayesian inference (VBI)
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