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Abstract: Off-grid Direction Of Arrival (DOA) estimation aims to handle the mismatch between the actual
DOA and the presumed grid points. For DOAs of closely spaced signals, sparse grid points leads to degradation
of accuracy and resolution, although dense grid points can improve the estimation accuracy, it significantly
increases the computational burden. To solve this problem, this paper proposes a Sparse Bayesian Learning
(SBL) based algorithm for DOA estimation of closely spaced signals, which consists of three steps. Firstly, a

novel fixed point iterative method for signal of Laplace priori is derived to pre-estimate the hyper-parameters
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by maximizing the array’s marginal likelihood function, which results in faster convergence speed compared to

other classical SBL algorithms. Secondly, a new grid interpolation method is implemented to optimize a set of

grid points, and signal power and noise variance are estimated again to resolve closely spaced DOAs. Finally,

an expression of maximum likelihood function with respect to angle is derived to improve the search of the off-

grid DOA. Simulation results show that the proposed algorithm has higher accuracy and resolution for closely

spaced DOAs with higher computational efficiency compared with other classical algorithms based on SBL.

Key words: Direction Of Arrival estimation; Off-grid; Sparse Bayesian Learning (SBL); Closely spaced

1 58

#3577 7] (Direction-Of-Arrival, DOA)fliit,
JTZ BT A B IA AT 48 (E S 2 A
S L TERE, LT AR S PR I )
KI7iE,  WIMUSICPIEE . SR 7E IR 15 e EL A5 3R 35
H, X IREE RV AR 2 W R PRI

AR R BRI B A R B e i T TS 2R
IR o CIEHOE R A MR T L —, HAR
TR0 E. SCHR([3] B RAEDOAfh THE AL Jy b a4k
R, HE T A R AE S AR LV B E A B (L
reconstruction-Singular Value Decomposition, L1-
SVD), FHFIH MM kRS . AR08
FEREE G T I EA IR AR, RN
HMECLRAE ,  IRA% 4 53 SR 2 {0 1558 2 TR) A AH DG 1 3
ST T B RE I B AKP

i DU Hr %7 2] (Sparse Bayesian Learning,
SBL) B LS AIE LA 2% S SCHR[B] o2, Bl
JE M G NFRERAS 5 AL B A0, B T SBLARX T
CIENE R A B A RE . SCER([7]HESBLAH T
DOAff i, &t 7 AHK M EHLJ77% (Relevance
Vector Machine, RVM), %7 #:F] H W2 &% K1k
(Expectation Maximization, EM)X5 5 5 5 %
B R PR AU AT B R R 78 LS 5 A A Dh R ) Ak
TR T — Pl A BE RS B ORI B % (off-
grid) DOAA 1, AHEGIA% 20 53 ik s 17tk
RHFEE . SCER[S)H R E I EAEDOA R ZE 5l
NBEGVRIEAERE, 42t B A 4w DL By HEBT (Off-
Grid Sparse Bayesian Inference, OGSBI), RE{EFi
B ) PR T S IR RA At TE s SCRR[9,10]18H T
— MM T VAT B AS DOA AR, AR AN
SCHR[8] BN STHR[11) 2% T SCHR [8] i 2 )y Jig A 1Y
FEH TR SN TV, A AR RS EN
W5 SiAT 248 e A SCHR[12,13]42 H SR AR A
it H7 (root-Sparse Bayesian Learning, root-
SBL), BRIZETSBLEEISAE A 2 101 R AR VA AE B IR
BB SR ZE, MO8 M i E R
AT A ) BE AR 1 o SCHR [14]3ESBLN. H T-ifg
FEUCACIZ A BEAEAT 75 22 4R . JE4FR, SBLIET 72

LT MIMOASE A 7119, L Joi B 41 MO0 B i g 7
H R SCHR[16] 458 A2 73 DU (Variational Bayesian
Inference, VBI), &t #5777 22 ) &4 FH 4 4 g A5
AT EHDOA T

A7, T2 EEAESHIDOA, HEMM
W R T SRR TR B AN I TH S AR, T A
B ) R A& R gk IN 1 T B A () ] I DU AP A o 12 R
AR o BT R)EE,  AS SCH b T g DL
W2 2 R (A B ARDO A TH BV, B E3 A D ER:
(1)ESEW R TE (2) MRS 4B U010 R 2 50
ZUAhTE: (3) BRI DOA . (1)l
B RACRES I SR e B, HES TS SRR
YR sEgR A R AN RIS A, AHEEHARSBL
B BRI SIGR B, JREE TR ST 2=
FELRE (R0 1 2 0 3R T HARSBLALE HoAT BEARH 1
FRRE: 55(2) B R ORMR T iR 20 Al e
J7 72, FHARPEG I RRAERT RS AT AR (AL, 7R
R ARG L2l T HE S Th A S (3)
SR RN TA- R TPt vas i NP UEe VP TR A S
T KA A LT B DOAM R . i1
FMIA ST TR FE HAh 22 M SBLAALE: B LU R A3
(1)5%F 2% [ E 2405 ‘5 BFIDOA B A 58 i (14l v 55 0
SPHEE (2) A RN A T A T SRR
TFs (3)FT LA ORAEART] R ER A 5 e R i T RS
2 [ESEBERBRKRTR

A KA %8 w5 5 R NS B2 A M A
METCHI S LRBE, & X TR0 = (01,62, 0k
G NS B S EINELI A, WFEFIEL %)
A it

K

Yy = Za(@k)xk,t—i—vt =Ag(@)zi+v,t=1,2,--- L

k=1
(1)
Hr, y = [yl,t7y2,t7"'7yM,t]T7~Eé]Z$§IJ 2 B
@y = (1,0, 0, i) K ANE 5 TEE B Z] 10 K
% Ak(0) =[a(b1),a(02), -, a(0k)] R K15 5 1]
BE B HE B a(Ok) = [P e e
eI I TR SR AME 5 X B B S [, e



710 BT 5 fF B % M %436
RAGSIR, Tom = Dy sin O /cREBEANME FHEL exp(—vr), Gamma(u) = [~ t“~ exp(—t)dt, bFlck

m AR TG R 25 BT A B AL, e fE S AE fF I
&, DmsefEmNEELE S H U R v
W s, HoyENe?, HEEBEA S
0 R 5 20 R o BN S R i, BN R AR — A
Al RE N T R, B @ = [U1,72,,9N], I
K << N, [Rhw) @i At 52 & MR n.
B (1) ] LA R P R s ol |

yr = A(O)T; + vy (2)
Hp, & EIIRIEAERA(O) = [a(V1), a(V2), -,
a(Wn)] € CMN AT DL AL NA, @ 2 BB R A
B R ZHICE N0 RALHITEANO, =k
ORI BARERE S MMETTDOA, WA LA
1, () MBI A ARy 2 B, B AT
DAZEAH A

Y =AX+V (3)

HofF o, Y =[y,y2 -y eCE L X =,
Ty, &) €CNYE LV =[vg, 09, 0] € CMXE
ZHJE’JEEJ‘LE, Lﬁﬁgﬁi?ﬁthﬁmmgﬁ%ﬁ?ﬁﬁ
DOAMFPEREY, R AL PL 2 RN X 4,
HERT 8D E‘J‘H%?Eliﬁ‘%%

3 HEAMHEE R SRR

Mt ULt 5 > B e B S AR R L Y S T
Aol AR BAE S XA TR AL, # R
PHME N0 T5 Ry = [y vz o] IO i 4y
Ay, U)X 8 P M 5 T pR KON

L N

(Xh' HHCN 'th|0 'Vz

t=14=1

L
Haw@ﬂan

L

= (= |T)) " exp [Z

t=1
Hrp, I =diag(y)2UME SIRE N 20, B
SR FoRPE 5 TR, Dby 26 7 X 4T
Mo AL o [ 2 A M AR BE 1 v A

—zir-lz, ] (4)

L
NHCN(W}QaalIM) (5)
t=1
Hrh, ao=072, o2 NMEFEINE, IyEHArsERE.
DU HR R A A, X 2 0y Kool 1 Gamma’s
36 53 A o0l

p(V |ao)

N
= H Gamma(v;; 1,b) (6)

i=1

p(ap) = Gamma(ag; 1, ¢) (7)

U u—1

H o, Gamma(x;u,v) = (Gamma(u))~tvts

7 T E AR R /N T
iR Gammadp A i A SR A, K(4)
AN F(6) AP JZ U 5 56 A 15 X% 51 1) S 0 -5 R 10
MRER SR I ATY, Xt 7E SRR
T B LA T R O

p(X;) =p(X|y)p(y ) (=N |r|)~*
Z :ctF wt]
N =1

. H Gamma(vy;;1,b) (8)

i=1
A 5 1) 26 AR5 B iR R s o
p(Y|X;a0) =CN(AX, aglIM)
= (rag!) M exp (—ao [[¥ - AX]})
9)

- exp

Fh L 40 0 AR 03 555 T I 81 B2 K
[
(XY, ap) = PX1X; 20)p(X )

p(Y;7, a0)
= (o \2X|)7L exp {—tr ((X —px)
B (X~ px) )| = N (nx Zx)
5 1 I S A R 56 2 R e A
px =TA"SJ'Y (11)

H

(10)

-1
Tx = (wwA"A+r") =r —ra'sglAr (12)

Hrp, Xy =oag' Iy + AT A" 555 % b Py 77 2
FERE
4 HHEE

T EDOALE T BAG BE I PR 5B
B, ASCHEH — Bl T m DU 5 21 DO Afly
Tk, FEAFEIANDE., B EESHN
s, DR o R AN Bl AU E R PO SR
PETRAS S S 2 R D) i, JREE it E 5 i &
ﬁ%%ﬂ%%ﬁ%ﬁﬁ%?ﬁﬁ%AWﬁ%ﬁ%%
BEARTHE R AR R, 1R b — DR i
REEEAT PR SR (EAR AL, FEXT RS 7 ZRE 5
IR FEAT20AG T, AT okt 25 [ B4 DO A TR 43
HERE T B EiE Rt HE S AR BT M I R A
Fik ORI T AR DOA ZR, Bt BT TR .
4.1 BESHBTLIT

R DU ST 1 B B 2 s R 2500 5
B MR arg max p(y, ao|Y'), T IS5 S0 ME 2R 1) R IA 20

Yo



31

FRIARS: TR B U 2] 2 () B AR 45 5 DO Al T 51 711

Tk B, R AT 2P p(y, a0lY)
o< p(Y'ly, ao)p(v)p(ao), FFRIY HIIA LB bR 2L

p(Y;v,00) = /p(YlX; a0)p(X |7)p(v)p(ag)d X

=M |2y ) exp [—tr (YEEGY)]
N
. H Gamma(vy;; 1,b) - Gamma(ag; 1, ¢)

i=1

(13)
Rt UL 2757 2T 1) H AR A e KALY 138 %
SRR EL, Rltype-TTZY Sz KAUSR 7575

(v; ) = argmax {Inp(Y;~,a0)} (14)
~=0,00>0

X 2 (13) BORH £in () H: 28 W 8 B0 5 H b ek 40
AN
L
(v, 00) == LIn [Ty | = > (3" Ty yr)

N i=1
+ Z (=bvi) — cao (15)

225 30K (6] ) TR B30 TE 5 T3y K i
TR
é)l(’y, Oéo)

1 1 1

2

‘ —b
2
(16)
Forpr, AR )M ) 53 ) RN FERE K 55, i TR
MEifr. KR (16)F0, FLvi=—1+ ()"
Sxiy WHRAT - WERIE S hEME, tuE
NEFIE, WSy KA RIEA K

(vew) _ L 1\/L2 2 b e |
v 2 oV TR Rl
i=1,2, N (17)

SCHR[S,12]FIOGSBIAT rootSBLAVE /& il %
ALAZR BRI HUE FHEM BLVEBEAT B KAk, AH P14
AL, EEZAERARMA AR, K(17)
WESA M S TR — UOEAR I T AE A, i L
BR[8, 120 LR A A %A LR, BRIk s
WG . SCER[4,7] B IR B — M A B R,
BB MG T I IndE hr e ie, B B (17)
FHAA .

Xif Fraoth REUHT 30 (15) R 5

ol (’77 O[O)
8040

=[MLag' — Ltr (AX g A")]
—IY — Apx | —c (18)
LA (18) M0, 1T ol JIEAEH A

LM — Laptr (AX 5 AM)
IY — Apxz +c
_ LM — Lagtr (B — BXy'B)
Y —Apx|i+e
Hor, to(-)¥BMEMERTIEH, B=ArA%, Mg
Ji#o? = ag "R R . EREFROT)HE T
LT R D % (1), BUEAE A (12)1F
HE%, MALHHHEZx M ALt R S 0, We
BEBRIFEERE ., TUAW = AT,
ZX(i,i)%%jjSﬁy\j
Exin =% —NWiAi=12-N (20

Horp, sR(12) MR BRI E 24 W M2 N+
MN?2, M (20 FM (M +1)N .
4.2 PISHRERLCERBSE 2R T
PRSI, vH R 2 KA RO I (4L
H 2 2 KRR AE RN S i 0, I8 )H
— A0 17T PR T PR B R sk S T PR A K U ) it A A B
RETEIFHDOA, iCAED, D2, Ok . LHER[T]
B, HEAME S EDOAR A VEAE M
(BEHEDOA), FEESZDOA M P AS 5 Ab XTI 2R
I N ERIIEE, XN BRRIEER & T
Uz Hr o TR B RS T AR S I TR AN RO I R AEL
YirF k2, PRANIRAE BT 7E A% S AR B 43l 3 s A
i F0ke, Hop < U2, BHDOAFEE 0,7 LA
FHIS (MR O = 9p1 + (V2 — Dra)s, Ho
= \/Arz/ (VARL+vW2)s BT <1, #de < Ok <
Uroo NI DRI PR s dd B LA SRS . i
EMIS S RNO, KO E B DOAVE R (D51, Vro)
N2 PR s R ANE =55, FEIXEM
& RATAE SRS AN R PR T A = 5593, B ARTH B
Z W A% AT B R ARG (R IX 2 {845 7 S [A) A
IR I 5 T g M R AL, R S B A A
8, FrLABEAL RH =5 0 PR SRS 2 S R i . id
AW A% BN Orr, R I I 4R %O B R B
Tk 0 g5 R B R ) % 2 A e, iR @ LR
HIPIRS R RN Ore, NI ERZTE BLIFTHT A R SR
OrLew = O17 U O, (21)
BTl e A OR B B kg s T Re B LS, BT LA
Orew MG STEU I KA NTK o 5 3CHR[3]HH $2 H 1
WA 20 5> TTIEAN R, AT — 2 A T SBLE
T B T e 0 B, P RO IR el R A, H A
X IA% BEAT Z2 Al 4y o LTS, A AR AR R
BRSO R RIZ R EENME S HISLEDOA,
R KREEIRE, =M EARME S,
TXFE ) R SR AE AL VR A A FE T 35 T

o (new) _

(19)



712 B 7 5 F

2 %

43 %

0,
o | Vi

il

ol=1 | . | 1.
-90° | 90°

gne“ 1 1 AIA 1 1 |

—

2,

1T

K1 P s E I

2URAG T S5 1 2 1) 3 %) 4% (8] AR AE 5 DO A 43 #¥
R, [FERSEmE 7R AE,

B Jo AT M 7S T 2R T, X A2 DR A v
1) W 75 g 22 ] DA A B R R it B A RICR T, 3
HR[7,18] ] LAAS 21 e AR J7 V2 e 7 7 224k 1

5 = ot (I — Ax(AlAy) " A% Ry
(22)
Hip, Ak =la(), a(Da), -, a(x)] LI ALK 551
TICHRE, 01,02, O & TR I BEIID O A4
HE, Ry=YYW/LEFAY T ERME. WHRKEK
5, IBAATAAIL ~ M — 1 EUE # ] DA AR U 1) e
FEAG TR RCR T, FXHE 5 DR g AT 20k Ah 1 F: A
Onew IV ERVLICHE A, S SEBE AN,
B MG a7 22 FE R AR S P T
EHEEMN ML TR NN, Yy My,
Eo R vy sE T 2 M (22), HFAA
X(11). K(20). K(17)iEMR.
4.3 HHRBEEDOAMIT

2 TH G AR AFAE D O AR % 55 1 2% Bid i
7z, REZECER[7T) M R EDOAM 1. M3
BR[TIM 73, ot 2 b REHES T B R e e o AT
NHIAGALIR MBS T M B s KR IA S, fRIE
PERER A PR T &

BRI ERE Ty, Dy, S5RED T %
D, LLRY A S DO AML I E
Ok = {(V11,912), (V21,922), -, (VK1,9Kk2)}, M Ohew
HEBREENAHEEEICHNO o 1, NS TERAIRTE
g A (O )s I 2 B 85k A 40 8 R 52 3
K, Ty, Dy EBELNMESERICHN
Sy =Ly + A(O,, ) TA(0,, )
AT LS B B 51 4 H P 7 22 5 R I 5 — P K0

Sy = Sy _i + mea(fy)al(fy) (23)
Her, mg TERGSIE, AET M SLAME
5y, a(0r) R B W F BEO 1 BE B . 48
Yy ARARK(15) 7T LAE 2 H T DOA B A&k v (1) Fiz
R KRS oA PR 3 (VLA

Gy = — Ln|(Sy, - + ika(d)a" (01)

L
- (Y:E(Z‘Y,w + ﬁka(ék)aH(ék))_le,t)

N
—bik— Y by, k=12 K (24)
j=1,j#k
5 1 (0 H 45 [k, Ok] = argmax(Gy), 2%
> N e '79
R [6] (0 7 V% G it — 2B Aty
Gk =—Lln |2y7_k|
L - N
=Y (VESTL ) - Y b
t=1 j=1,j#k
— b — Lln (1 + ﬁka(ék)i;,{kaH(ék))
LaH(ék)Z_';}ikRyi;—?ika(éw
it 4 al(0p) By a()
k:1327"'7K (25)
X(25) H M FT3T GO oK, NG T
AT R KR AR G35 50 M0, %, id N
G (";Ikhék) ° é\

S = aH(ék) y,

o alth) (26)
uy

.4 . dk .
G (5, 03) = [ —LIn(1 + npsp) + —2F— _p >
(nk k) < (1 + 7wsk) Tt ur

(28)
3 (28) K TR J5 15 2
dG (ﬁk’ék> _ —Lsk(L+ nwsk) +qr — b(1 + k)’
dny, (1 + 7psi)’

(29)
43 (29) N0, H%EFE S NI, DL
RIS RAME S B R T 2

1
e = —(Lsy +2
Nk 25kb< (Lsy +2b)

+\/ (Lsy, + 2b)* — 4b(Lsy + b — CNc)) (30)

TG (1, 00 e TEBRAL, SEBKAH A i
ulFmE A5, 0(30) RLALBOACHIN A 11 2 R 5%
Ao VEE, sfladd R0 %, R (30)f0 8
R (28) 41K, BHIENG (1), G (6 ) Wb
AT 53 A I MR B8 B T A0 B IR K AL
i3t B HEDOA M THE R H N f R K s 45148
%7 v Sk AW 7/ B IR 00 17 9 A



534 FRARA TR UM ] 058 B AD S B DOA M 57k 713
FE 2 [ 10, *1 WEMHEERE

5o ; ; i HEE

O = ma;iargG(ok)’ Ve1 < Gk < iz (31) I1(2MNL+ (M +1)MN)

44 BEERENMZEERENT

AR ST R B TR PRy D S 4 4L 22 DR AT s i DL
52 >) (Grid Interpolation-Multiple snapshot
Sparse Bayesian Learning, GI-MSBL), Jif2& 45
wR:

Y1 55 IERTLG T

(1) BSZ M RO, WERFRILHEIEA, f
AY, Fiitky = 1, a0 = (ML)/(01]Y[7), %48
WHip=0,b=0.01, c=10"1%,

(2) ERFLE, WA (11). K(20)FEHex
ME % (1,3 0

(3) AR (17). R (19) FH O Fllaete),
p=p+1,

(1) ]2 =5/ [5]], >  ~ 0001
p < 50003 [A1 55 (2) 7

(5) ARG, TG Ty 0%

PR 2 WG E A S SR 2 01

(6) HHEY i g, K ANDO A THE Bl #EAT I
M it e, FFX(21) B H A R Oew o

(7) MR (22) 11162,

(8) i FH Onew LI A WILIEREA, AN
Y, ¥Ey=1, p=0, BEIRMH?, HHinx
FEx (1,0

(9) WAERQ7)EHY, p=p+1.

(10) H{5) — /|5 > = = 0001
p < 5003 [R5 (9) 2 .

(11) EAREE R, 2 bt rE 5 Th %Y.

Pk 3 Sk BAADOAf .

(12) H(31) %7 i 0 35 A6 DO At B A%
NGRS S RS F O

DASE B e 2 B A D v B 50 4% B R A R A v
W R AR T R AR UL (M N L+ (M +1)
MN)+ly (MNL+(M+1)MN)+(2M?*+2M)KNy .
L 5l2 43 1) 9 AR v A2 Ak TE B B B A AR 3
NoNH3 D EHDOAM R fifll. ALGI-MSBLH
RO R T R R R IR TR .

Horr, IAQRSBLEEIE “-7 MUSUkE, /2
HHAEART TRRANEE SRR E . Nvusic@MUSIC
BE R A 2T, NZiRVM-DOA R B A% 4%
FE . HPL1-SVDH TR TR LA,
HtEE R RGNSl S “O” #HTiEpIRA.
5 HESH

i E X AR AR : (1) HRiIRZE: RMSE=

AXGI-MSBL +lg (MNL+ (M +1)MN) + (2M? + 2M)K Ny

lirym—poa (MNL + MN? + M?N)

RVM-DOAT +(2M>+6M)K N,
OGSBIY  loassl (2MNL + MN? + M?N + MN(L + K))
rootSBLI  lootssL (2MNL 4+ MN? + M?2N+M (N — 1)L)
PSR lpsBL (QMNL + M(N — 1)2 + M?2 (N — 1))
+lpspL, (L(N — 1)(M + K))
L1-SVDW O((KN)3)
MUSIC? (M — K)MLNyusic
TL K 9
> 3 (08 - 00) /(TLx K), H AR TLI
Test=1 k=1

BEHLSZIEL, 0L AR N DOAKIE T, O3
EADOARIESHE, KNESTNE. (2)0 .
B0, 02N FESEDOA, O = (61 +62)/2, W HiE{E
Y(Om) < (v(01) +~(02))/2, W RLTh 7 HFPAME 5
CUSTL W BRI Ay WE IR B N SR, W gy RN KRR
P =SR/TL, FrA {4 &M HFECHM=10, Bl
FEA NP P SR, RIAEL =30, 554
BK=2 T &, ¥IUHW M AR 900
2°:90°, HIMIA%EEEGRI =2°, B EVENALHE
%£GI-MSBLY#MGI-MSBLO(GI-MSBLO0#§ GI-MS-
BLHEEH O = 0 HOww=6,., BT &S idiE
IR HA D BAAR), iRVM-DOA, OGSBI®,
PSBLPY, rootSBLI", L1-SVDE, MUSICH. K2
L, S MSBLA VIG5 R AR E N
1, WA, 4t—He = 0.0017154K TR
GI-MSBL }iRVM-DOA fE#DOAHZ K6
80.02°; L1-SVDIE L S 4> 12 mikg . F s
MR RGP REEE . D HRRE ). B E RS
J7 T % BRI AT X L
5.1 T[] INEREEXTLL

AN T S D) R BE LS 5 DOAK-3.05° Al
1.57°, {5MEELIHEL10 dB, #HT 150K BENLRL,
32 s E 2T s . B 20 AT R 2R O s
DOA, SRZNHE, S 1 i i s i-20°~
20°H1 AL MVl . XTGI-MSBL& %, 44
(21), TEFBHAMIG SEONE, LI S EO .
%?Jﬁﬁ‘ﬁlﬂ%ﬁ’%@%@nﬂl%% @totalz
OUOBOr, 1ILOwa S 1 MK B N Notal » VF A
Orew 7 Orota [ — N T4, v HLIK K 100 B

D& imatlabfUIGTERERE . https://pan.baidu.com/s/1Jk-
WTelJxPSszPpGAik6Fmg #EUE: MSBL


https://pan.baidu.com/s/1JkWTe1JxPSszPpGAik6Fmg
https://pan.baidu.com/s/1JkWTe1JxPSszPpGAik6Fmg
https://pan.baidu.com/s/1JkWTe1JxPSszPpGAik6Fmg

714 BT 5 5 B % #M %43 %
1.0 } : —GIL-MSBL 1 1.0 4 —iRVM-DOA
@ 0.8 \ /' @ 0.8 t
= =
S 06 | ‘ S 0.6t
Loy \ | i’f 0.4}
o2l /}i\ ! 0.2}
0 AERYE. 0 - SA 5 '
-20 -10 0 10 20 -20 -10 0 10 20
i (°) T (°)

(a) AL GI-MSBL

(b) iRVM-DOA

P 2 B p s ) s b

55 2 (A T FRABY MR AE 25 O ot LT I XA 17 40 1) T
R, AR 55 Orora HL IR A% 55 EE O LLAM T
EOUIFEE, EEIR, BAAAR N Niot 1~ M 5
Orora W LI AL A, ALAR R T — 1015 5 T K7
B, MmEEIE2(a) M. W20 LA HGI-
MSBLEIRVM-DOA KU 5 /)N, 33X 2 B M
R AR 7% LA LG 2 5 B 2R A THBG 5 1 0 5
ADOAM HFE .. 1X B HIEHURVM-DOA AT X}
b, HRENVESZ L, ZREPRAE——5H.
5.2 FAERERETHBITEEMEESELR
PIANIAT S5 D 2R I BE LS 5 BE R (=3 + u)° i
(3+u)°, uhhFAEEVEHE[-GRI,GRI] P BE AL % L (18
Gl 2 A FERTREIR), {5 L -6~20 dBAEL,
AME ML T 50k LIRS, S5 R IIE3(a). 1K
fEME LT, GI-MSBLOAIGI-MSBL 1A Z#B/N T3
&S, X RN S 2 Ak TH 1G5 TR AS
FLRI R E BE J1. GI-MSBLEEE SIS T
R FE T o, 12 WS 7 v R e 3 T+ . i
FHTRAS) SRR AR QA7) BA RIS SGESE,
A AT HABSBLEEAG THEAME 5 ¥ 7 Z 5,
P AT HE S5 Vo ZHERER iz, BTkl
K13 (b) I GI-MSBL 7 ¥4 H L T HAMSBLE J7 1

5.3 REIDOA[ERR T A5 ke SIbL i

il 2 (F e LS dB, PIMOZASE S IIDOA S H N
(=34u)°FI(3 + A0 +u)°, DOAIAFEAOI F11°
Bk, BAAOTHAS0KBENIRE:, K4, El4(a)
W, FERIRE3.5°%5.5° VSl N, GI-MSBLiIR % fix
N [E4(b)H GI-MSBLAEAO<4.5° 43 HE M2 Bt 5 «
54 ARIERITRTHEITEEMTESRELLE

fEME L 52 N5 dB, 3EARTTFRe L0.001210.148
th, HRFKMFS.2T, B4 #1150k FEAL
5, W5, E5(a)d, FrigEEIEEARITRREEK
ISR 2Z . 5 (b) AR HE R 11013 B Hek
ROk B R 4%, GI-MSBLOLL K GI-MS-
BLF34 5 Hoeid: ik b
6 ZERIG

N T BN A A B AR E 5 DO A T HOHG FE AN
THEER AR, ASSCRR 2 A% 47 fEL ) 22 R4
Fi i U7 %% 2] (GI-MSBL) &9, sl sk
il 22 i f) s i DU i 7 2 ) SR R DU A 5
(1) XA X ABDOA BA A IS TH 2R ()15
M LE N AT PEREEAF, TEEACRE (3)REfE
RIERTTIRBASFE @AM TR . 538k, XK
TE R T, A AR A RSB R AT
CAE I BT S50

05 —m————F——— 77— 17—

101 &
- 04
& £ 03
_@%’ 100 TN E
R M o02 t
= o
H_
101 L <y | —+ GLMSBLO 01T
=% o GL-MSBL 1
-+ iRVM-DOA P S B
a4 - - rootSBL S
6-4-20 2 4 6 8101214161820 ¥ 190D 6-4-20 2 4 6 8 101214 16 18 20
f5mELL (dB) ~- PSBL f5mELL (dB)
L = L1-SVD . o
(a) ANIFIERE RIS R 22 — MUSIC (b) ARFMEBELL T (538 4TI 8]

K 3 ANFEMEIEEL T fAh T REAE S AR



31

FRIARS: TR B U 2] 2 () B AR 45 5 DO Al T 51

715

(1]

2]

8]

(4]

[5]

(6]

' ' — ' ' - 1.0
101} 0.8
HS % 0.6 1
ol
R 10° R 0.4
"
—+GLMSBLO
-o-GI-MSBL :
—+-iRVM-DOA
107! L . . . . . . ~rootSBL 0 . . . . . . L
3 4 5 6 7 8 9 10 11 XSSGSEI 3 4 5 6 7 8 9 10 11
DOAIK (%) S TisvD DOAIK (°)
(a) ANFIDOA IG5 75 M i 2= —-MUSIC (b) REIDOAIRIE T 953 FE g 2
4 INFDOAIAIRE T 43 3hE I L
10 .
10! & )
X
K s
mX =
p 0 o
:?3 100 | J;;f 100 L |
B
=1
o : ~ GL-MSBL0 :
1078 102 0t %{ZI}&SB%A 107 10 10"
N N = 1 o ~ N NV
BT TR < 100tSBL IEATTIR
(a) ARSI TR 93875 iR 2 PR S (b) RIS TR 0P 44952 ek Ui

K 5 AFEIEATTR T s TR AT 52 20 2

& EF x|

BbAeg, G . RISt vt SR A (M. dbs:
R RAL, 2009, 230-235.

YAN Shefeng and MA Yuanliang. Sensor Array
Beampattern Optimization: Theory with Applications[M].
Beijing: Science Press, 2009, 230-235.

SCHMIDT R. Multiple emitter location and signal
parameter estimation[J]. IEEE Transactions on Antennas
and Propagation, 1986, 34(3): 276-280. doi: 10.1109/
TAP.1986.1143830.

MALIOUTOV D, CETIN M, and WILLSKY A S. A sparse
signal reconstruction perspective for source localization with
sensor arrays(J]. IEEE Transactions on Signal Processing,
2005, 53(8): 3010-3022. doi: 10.1109/TSP.2005.850882.
WIPF D P and RAO B D. An empirical Bayesian strategy
for solving the simultaneous sparse approximation problem
[J]. IEEE Transactions on Signal Processing, 2007, 55(7):
3704-3716. doi: 10.1109/TSP.2007.894265.

TIPPING M E and SMOLA A. Sparse Bayesian learning
and the relevance vector machine[J]. Journal of Machine
Learning Research, 2001, 1(3): 211-244.

BABACAN S D, MOLINA R, and KATSAGGELOS A K.

[10]

Bayesian compressive sensing using Laplace priors[J]. [EEE
Transactions on Image Processing, 2010, 19(1): 53-63. doi:
10.1109/TIP.2009.2032894.

LIU Zhangmeng, HUANG Zhitao, and ZHOU Yiyu. An
efficient maximum likelihood method for direction-of-arrival
estimation via sparse Bayesian learning[J]. IEEE Transactions
on Wireless Communications, 2012, 11(10): 1-11. doi: 10.1109/
TWC.2012.090312.111912.

YANG Zai, XIE Lihua, and ZHANG Cishen. Off-grid
direction of arrival estimation using sparse Bayesian inference
[J]. IEEE Transactions on Signal Processing, 2013, 61(1):
38-43. doi: 10.1109/TSP.2012.2222378.

WU Xiaohuan, ZHU Weiping, and YAN Jun. Direction of
arrival estimation for off-grid signals based on sparse
Bayesian learning[J]. IEEE Sensors Journal, 2016, 16(7):
2004-2016. doi: 10.1109/JSEN.2015.2508059.

WYL, ARV, sk, S5 TR DL A 5T 2 S S
DOAMTFVE]]. BF 515 B4k, 2019, 41(3): 516-522.
doi: 10.11999/JEIT180435.

GUO Ying, DONG Runze, ZHANG Kunfeng, et al.
Direction of arrival estimation for multiple frequency

hopping signals based on sparse Bayesian learning[J]. Journal


http://dx.doi.org/10.1109/TAP.1986.1143830
http://dx.doi.org/10.1109/TAP.1986.1143830
http://dx.doi.org/10.1109/TAP.1986.1143830
http://dx.doi.org/10.1109/TSP.2005.850882
http://dx.doi.org/10.1109/TSP.2005.850882
http://dx.doi.org/10.1109/TSP.2007.894265
http://dx.doi.org/10.1109/TSP.2007.894265
http://dx.doi.org/10.1109/TIP.2009.2032894
http://dx.doi.org/10.1109/TWC.2012.090312.111912
http://dx.doi.org/10.1109/TWC.2012.090312.111912
http://dx.doi.org/10.1109/TWC.2012.090312.111912
http://dx.doi.org/10.1109/TSP.2012.2222378
http://dx.doi.org/10.1109/TSP.2012.2222378
http://dx.doi.org/10.1109/JSEN.2015.2508059
http://dx.doi.org/10.1109/JSEN.2015.2508059
http://dx.doi.org/10.11999/JEIT180435
http://dx.doi.org/10.1109/TAP.1986.1143830
http://dx.doi.org/10.1109/TAP.1986.1143830
http://dx.doi.org/10.1109/TAP.1986.1143830
http://dx.doi.org/10.1109/TSP.2005.850882
http://dx.doi.org/10.1109/TSP.2005.850882
http://dx.doi.org/10.1109/TSP.2007.894265
http://dx.doi.org/10.1109/TSP.2007.894265
http://dx.doi.org/10.1109/TIP.2009.2032894
http://dx.doi.org/10.1109/TWC.2012.090312.111912
http://dx.doi.org/10.1109/TWC.2012.090312.111912
http://dx.doi.org/10.1109/TWC.2012.090312.111912
http://dx.doi.org/10.1109/TSP.2012.2222378
http://dx.doi.org/10.1109/TSP.2012.2222378
http://dx.doi.org/10.1109/JSEN.2015.2508059
http://dx.doi.org/10.1109/JSEN.2015.2508059
http://dx.doi.org/10.11999/JEIT180435

716 BT 5 & B % %43 %
of Electronics & Information Technology, 2019, 41(3): learning for off-grid DOA estimation with Gaussian mixture
516-522. doi: 10.11999/JEIT180435. priors when both circular and non-circular sources

[11] JEEHE, o, XIPHR, & = TR DU ST i R B S coexist[J]. Signal Processing, 2019, 161: 124-135. doi:
M PEENLT]. BT 51 B4R, 2018, 40(9): 2150-2157. doi: 10.1016/j.sigpro.2019.03.021.
10.11999/JEIT171238. [17] SHI Yunmei, MAO Xingpeng, ZHAO Chunlei, et al.
YOU Kangyong, YANG Lishan, LIU Yueliang, et al. Underdetermined DOA estimation for wideband signals via
Adaptive grid multiple sources localization based on sparse joint sparse signal reconstruction[J]. IEEE Signal Processing
Bayesian learning[J]. Journal of Electronics & Information Letters, 2019, 26(10): 1541-1545. doi: 10.1109/LSP.
Technology, 2018, 40(9): 2150-2157. doi: 10.11999/ 2019.2937381.

JEIT171238. (18] ZHOU Changguo, HABER F, and JAGGARD D L. A

[12] DAI Jisheng, BAO Xu, XU Weichao, et al. Root sparse resolution measure for the MUSIC algorithm and its
Bayesian learning for off-grid DOA estimation[J]. IEEE application to plane wave arrivals contaminated by coherent
Signal Processing Letters, 2017, 24(1): 46-50. doi: interference[J]. IEEE Transactions on Signal Processing,
10.1109/LSP.2016.2636319. 1991, 39(2): 454-463. doi: 10.1109/78.80829.

[13] DAI Jisheng and SO H C. Sparse Bayesian learning
approach for outlier-resistant direction-of-arrival estimation EHfR: B, 199654, WA, BRI NKE(E T,

[J]. IEEE Transactions on Signal Processing, 2018, 66(3): & 5, 19T3EAE, HIR, RIS 5L, KB
744-756. doi: 10.1109/TSP.2017.2773420. WM. KFE(E 5 b,

[14] GEMBA K L, NANNURU S, and GERSTOFT P. Robust AN B, 19844, BT R, BEAUITIRONEESE SALEE. K
ocean acoustic localization with sparse Bayesian learning[J]. FEIBE .

IEEE Journal of Selected Topics in Signal Processing, 2019, #OoH: 5, 198244, RIWTFLO, BEICT W O TS N B RE
13(1): 49-60. doi: 10.1109/JSTSP.2019.2900912. etk

[15] DAI Jisheng, ZHOU Lei, CHANG Chungi, et al. Robust Z K 2, 19704F4E, BUR, WHARITRCALLEEE M. KiE
Bayesian learning approach for massive MIMO channel HE%.
estimation[J]. Signal Processing, 2020, 168: 107345. doi: Mracd: Lo, 19824F4:, TREN, WFFET7 MA/KFE (S5 A EE.
10.1016/j.sigpro.2019.107345.

[16] ZHENG Rui, XU Xu, YE Zhongfu, et al. Sparse Bayesian TR S5


http://dx.doi.org/10.11999/JEIT180435
http://dx.doi.org/10.11999/JEIT180435
http://dx.doi.org/10.11999/JEIT171238
http://dx.doi.org/10.11999/JEIT171238
http://dx.doi.org/10.11999/JEIT171238
http://dx.doi.org/10.11999/JEIT171238
http://dx.doi.org/10.1109/LSP.2016.2636319
http://dx.doi.org/10.1109/TSP.2017.2773420
http://dx.doi.org/10.1109/TSP.2017.2773420
http://dx.doi.org/10.1016/j.sigpro.2019.107345
http://dx.doi.org/10.1016/j.sigpro.2019.03.021
http://dx.doi.org/10.1109/LSP.2019.2937381
http://dx.doi.org/10.1109/LSP.2019.2937381
http://dx.doi.org/10.1109/LSP.2019.2937381
http://dx.doi.org/10.1109/78.80829
http://dx.doi.org/10.1109/78.80829
http://dx.doi.org/10.11999/JEIT180435
http://dx.doi.org/10.11999/JEIT180435
http://dx.doi.org/10.11999/JEIT171238
http://dx.doi.org/10.11999/JEIT171238
http://dx.doi.org/10.11999/JEIT171238
http://dx.doi.org/10.11999/JEIT171238
http://dx.doi.org/10.1109/LSP.2016.2636319
http://dx.doi.org/10.1109/TSP.2017.2773420
http://dx.doi.org/10.1109/TSP.2017.2773420
http://dx.doi.org/10.1016/j.sigpro.2019.107345
http://dx.doi.org/10.1016/j.sigpro.2019.03.021
http://dx.doi.org/10.1109/LSP.2019.2937381
http://dx.doi.org/10.1109/LSP.2019.2937381
http://dx.doi.org/10.1109/LSP.2019.2937381
http://dx.doi.org/10.1109/78.80829
http://dx.doi.org/10.1109/78.80829
http://dx.doi.org/10.11999/JEIT180435
http://dx.doi.org/10.11999/JEIT180435
http://dx.doi.org/10.11999/JEIT171238
http://dx.doi.org/10.11999/JEIT171238
http://dx.doi.org/10.11999/JEIT171238
http://dx.doi.org/10.11999/JEIT171238
http://dx.doi.org/10.1109/LSP.2016.2636319
http://dx.doi.org/10.1109/TSP.2017.2773420
http://dx.doi.org/10.1109/TSP.2017.2773420
http://dx.doi.org/10.1016/j.sigpro.2019.107345
http://dx.doi.org/10.1016/j.sigpro.2019.03.021
http://dx.doi.org/10.1109/LSP.2019.2937381
http://dx.doi.org/10.1109/LSP.2019.2937381
http://dx.doi.org/10.1109/LSP.2019.2937381
http://dx.doi.org/10.1109/78.80829
http://dx.doi.org/10.1109/78.80829

	1 引言
	2 信号模型及稀疏表示
	3 稀疏贝叶斯概率分布模型
	4 改进算法
	4.1 超参数的预估计
	4.2 网格插值优化及超参数2次估计
	4.3 改进的离格DOA估计
	4.4 算法流程和运算复杂度分析

	5 仿真分析
	5.1 空间功率谱图对比
	5.2 不同信噪比下的估计精度和运算效率比较
	5.3 不同DOA间隔下的分辨能力比较
	5.4 不同迭代门限下的估计精度和计算复杂度比较

	6 结束语

