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A Deep Learning Approach for Sparse Single Snapshot DOA Estimation

ZHU Hangui FENG Cunqian FENG Weike LIU Chengliang
(Air and Missile Defense College, Air Force Engineering University, Xi an, Shaanxi 710051, China)

Abstract: Based on the sparsity of signal, Sparse Recovery (SR) method can use single snapshot data for high-resolution
DOA (Direction of Arrival) estimation of correlated signal sources. However, existing methods for solving the SR-DOA
model always suffer from the problems of parameter setting difficulty, high computational complexity, or low recovery accu-
racy, limiting their practical applications. To solve these problems, this paper proposes Smoothed LO Net (SLO-Net) ,
which combines the model-based SLO algorithm and the data-driven deep learning method to solve the SR-DOA model. At
first, the SR model for DOA estimation is established and the SLO algorithm used to solve this model is analyzed. Then,
based on deep learning framework, SLO-Net is constructed, whose parameters are trained with sufficient and complete da-
tasets. At last, the trained SLO-Net is used for solving the SR-DOA model, achieving the high-resolution DOA estimation
result. Simulation results show that, compared with existing typical algorithms, the proposed SLO-Net is more suitable for
fast and high-resolution DOA estimation under the condition of unknown signal source number.

Key words: direction of arrival (DOA) estimation; sparse recovery; smoothed LO norm; deep learning

ks H Y. 2021-12-02; &[BIHB]: 2022-01-24
FETH . EHEARPIEIEE (62001507 ; BEE 4 m AR 4E A A 6241141 (20210106)



5510 #

REGIA A5 — MRS ) gt B ERAA DOA 3107 1% 2115

1 35|

W 3% 75 18] ( Direction of Arrival, DOA) £ 3138 A
RIS E S R S PN NS UIE 2 ve2 S R R X
B, 2 MRS S A B — A S T e R
A9 DOA fli 1177 2 645 « Capon 25 [R5 AL 11792
fIE 25 (8] 25 2 H {5 5 43 2% (Multiple Signal Classifi-
cation, MUSIC) J5 V& FILHE T4 AN H AR BIfE 5
Z R0 11 J5 % (Estimation of Signal Parameters via
Rotational Invariance Technique, ESPRIT) 4§, iX
67 vk AT LLSR A 0 AR B O PR SRR )T
12 B B 2 PR e WOBE W A5 5 P 5 2296 1
PEATAG T, BICEXA S S IR T A R .
ifp TR X S [) R, 27 AT TR S [ I [ E A
SRR T 1 AT AR AR T A 3 R T B R R
PEATHE S B 2R M HEAT DOA Mkt SR, ix 4k
DR BAT A B oy PR RRAR 3 R IR T 5
[

UL ARk, Fi i VK &2 (Sparse Recovery, SR)Hi
FR AT DOAAG TS T8 0 R o 3 i %o Ay
J3E 2% ) 5 45 [A] AR EA T O A 40 0, g 2 5 o) K o
it A5 B 51 HE ORI 5 U R L AT LAKE DOA
AT I R Al DA A O R S TR L, DT ) B
PRAA R X AR 15 5 AT = 0 B DOAAG . H
HIT, JH T 3R A# SR-DOA B i 5512 22445 L1 kL
e /ME B | IE 28 PR AL 3B BF (Orthogonal Matching
Pursuit, OMP) 5.5 F15F- 1 1.0(Smoothed 1.0, SLO) %
PENPAE S Horh L1 U/ IME S 2K SR IR AL
oy B R [ R AT R A, AT B RS L (E
BRI A% s OMP FETHIE UAAR Al H iR 22 85
N ABAEAE TS EAE T M B B S S B 15 R 5 SLOSEIE Al
TR O e s B B = A4 AR (HdE 5
B HSHOHATICE IR T AR PR B R o

bifi % IR i 2% >J (Deep Learning, DL) 4% K 9 &
JEUT A O 2 K TR A 25 W 4% (Deep Neural Net-
works, DNN) AR 2 DOA itz . filhn, 3¢
BRL16 115 e 2L T A dai A EAT 23 (8 , AR i d i
Z R IR TS, 23 T PR DOA i3t
SCHRL 17 PR DOA A i m) @i Ak o 22 43 26 ) L, ) ]
5 FH A 28 M 2& ( Convolutional Neural Network, CNN)
BT AR S IR T I DOA 35 SCRR[ 18 142

il

T Deep-MUSIC J5 & , #I| JH 24> CNN 2% ] UL
Pt 7 2550 1 5 MUSIC 23 [R] 3 Z [ AR LM SC R
ST 2R DOA fliit . B2, BIR T A I DOA
AT BRI P A AT fig B AN R, FLYRE 2P 5o
AT 7 255 BEA T, VE R DNN A A .

9 F FH DNN A 85, I D457 SR 9 AT i B 1k
Gregor Z5 & 4 T ¥R % 2 ¥ (Deep Unfolding, DU) J7
21 DU J7 ¥R IR AR T 2 4 R A 19 26 4 SR 53 1k e
FEH—A> DNN, M 48 250 3% SR BAE B AR B,
W £ 45 2 A S 8010 36 SR B s A S 8. A
R T 1% DNN JEAT Y145, 7T L3R4S B it b7 SR 42
B S8, T2 S F s K S T RE . 52 DU Y
TS K, I SR-DOA J7 i 4E 78 I S50k
B URIME RS PG 4 A (), AR SCZs A 1 AL OK 3
1) SLO B3 v F1 854k B 31 1 DL J7 i, 2 11 SLO W 4%
(SLO-Net) , I T 3R fift SR-DOA B B | 3 #5543 ¢
DOA M1, B4, 857 T SR-DOA 7 X SLO vk
AT T I8 7 HBEE R . U, # SLO A
BT —AZ)Z DNN, M # T SLO-Net, 2% 4544
FEALHE BB R AR 4 S ECh SLO SR
WIESHERERE K T, Wl 435K R
B KB 4R |, X SLO-Net #E4T U125, 15 B it 2
BOHEAT DOA AT, P HSLIR 25 AR A1 T SLO 5
W, A ST AR Y SLO-Net RE % 75 12 B 5 2% 4K
() 2% 11 T $2 5 DOA G T+ PR g s A Lk T L1 353 AN
OMP 537k , SLO-Net 8 7615 5 R £ H R H A 1% 3
PR ARAS R 43 HE DOA A AR

2 FEEE

2.1 SR-DOA#E
RAT Z A 7 (55 A B M A oo
) I 1) — 4 441 5 28 B4 (Uniform Linear Array, ULA),
WSS 0, (0= 1,2, -, 1) I 20 B 2 $2 i 19 45 5 ] 3%
TN
y(ti)=ia(fz)s:(ti)+n(ti) (1)

X s () NENMESWERE, 2=1,2,--, 7,
n(,) AEBES TS a( £)NH METH T
) R A, RN

a(f)=[1, ™, o, VL] (2)
P £ = 2d sin 0. /A 935 2 AF 5 B X B A 23 () 43



2116 & =

4t B %38 %

Hd HBETCHEEE A G I, 0. 5 AME TS
g Z Rl I f L[] R .
K (DWRE R REIER, TR N
y(t,)=Ays,(t,) + n(t,) (3)
KP4, =[alf)alfo) - alf,)] e C7R/EST
)RR s, (1) = [5,(2,), 5, (2,), 5, (2,)] € €2
G T MR
DOA fh T8 B A 7E T3 F 2R (3) A 2 AR [F] A G
5 B A R S fo oo fys TS BUAE 5 S
0,0y, -, 0,0 F 1= 1,0 N FERA DOA Al 7145
AU T 1> 1, W R Z2 P DOA kTS . AR SCAY
Z AP T B DOA AT, PR G 5 2edfe T ok 2
WS i ) AR o 2,
3T SR-DOA BEAL 4T DOA At , AlK A~
23 [A)A 3 [ 38300 53S0 NAS A% 3 AN ] i) 23
[T, foy - [ AT SR R A, RN N
A=[a(f ) alf,), - a(fy)]eC"  (4)
FEMEIERE I, B8 Z A ASHE 5 (02 [l 4 R 3
7 F JT 3 o 0 A b, DU B 2 0 A 5 2k T
fiEH :
y=As +n (5)
K s € C 'l NASZS TR T X6 I 114 52 R B 2%
o PSRN Z — o /N T RAEEN, H it s
A SR AER TR Bl s A E . BTk, ]
LUK DOA Al T [a] U Ak i F BT 1 7 i 7k 52
[71) 5

argmin llsll,, s.tlly — Asll, < e (6)
S o FRURHL |-, A0 -, 44 B 6 L0
B L2 Y54

2.2 SLOE%

T LO Y E5OR ) B AN I 2 R B, R 75 22 )
AR xR (6) 11K g, X Py ikis
SRR AR PR AT R o R A A
7] 1, SLO B3 vk 3 3 ) 1 — 74 5 107 o 2003 3T 1O i
B, AT R 125 15 o B A ) R b Ry 3 2 R BT Ak
() L, 25 4 e il T Bk RS B B8 3 0 B /M -
BRI BRI F A A BR R, X (6) AT SR . LR
M5, 5 AT PR

[ (x) = exp(=1xP/207%) (7)

FL I

1, =0
li = 8
‘anl()fU(x) 0, X #= 0 ( )

P, B s, 4 s B SR n SJU R, AT AU
PR

F,,(s)=N—§fg(sn) (9)

M= (6) mT LU AL T 3 CEAT K i
argmin }1310 F,(s), stlly —Asll, <e  (10)

EIRSE o PE T F, (s) 3T L0y 8 2 B A
IR o BN F, () BT T LO Yk, {HBOA
JEH 1 K (10) BE LR f# . o0 T RERE IS 0T RRAS
N2 (6) BB, SLO B3R FH—A o A3 87 51
XFC(10) #EA 7R e, RS B ANk 1 R .

F£1 SLOSTIE
Tab. 1 SLO algorithm

BN Ay, ARUK, NGO L.

BB PG B s = Ay 158y = As B Fe/N AL
fift, Horp () FRoREUN A iE IR ST o ey
o ERBERIFIN wy,ui), B k=15

FB2 L sl =50,

$B3 FIHLREGE N EREIRMSF, () FEn 17
s = {s:lly - Asll, < e} FAYSR/IME, BIEIR [ =
1.2,+L:
W AF, (s )) = =si" O exp (-Is{") \P120} o}
M4 s = s+ w0l AF, (s17));
29 s P BSE R ATI s s+ AT (y - AsP);

BBA AW =k k+ 1,45 k<K, WER FEHR 2, 750
S5

ﬁtﬂ: s = S(K)c

XFF SLOB M, o FEA w7 5 4 $E R 45 22, —
BAEM T4 o, = 2maxls”l, 0, = co,_,,c = 0.5~1,
= = =p> 00 BRI, [ 5E 1Y o il 3 A ik
PRAE SLO B35 KA e o MR SRS A, AN A Y 1 I
2 FECSLO AN TR T B WS A58
2.3 SLO#ERE

N T I E R HEA S SLO-Net, A&l 1 s K SLO
SRk 1 32 B AP RS S — A B U R, 2
H SLO B8 X 7 A A [) 55 s FIAS /] 9 i 22 ] 7
s i 20 0 A 2H A B T R B 5 kR R OR
SLO FIL B2 k WHNZIEAC, AR 2L A7)= , B
BrE MY, DFIBGEIR (2, . WA, SLOT .
[ K % 2L YCEEACAT AL S —A~ K2 098U i &



10 REGH &5 — MRS

SRR DOA AT 7k 2117

0 T

B-10 I Pom PH
g e ]
#X-20 :: : :
= 1l : H
=30 I Y (I : :
Wy ‘n‘ " . -
‘dz
40573 20 3530 35 - 0 j

1/() cer Resssssssssssssssssssssrssses

(1 (1
§ R El B
m +Mz;, zﬁ;-» M [Z0]> >piT> 2]

K1 SLo %;/fﬁﬁw}%ml’%l
Fig. 1 The data flow graph of SLO algorithm

o ——r

B N B B 9 2 OB K T 2 LG B O PR R A 7 A 3
IRAF DOA ISR

3 EFSLO-NetIDOA &t

SEBR b, 6 F20(6) B s (9 SR )R, 24 5 ) %
A [ H g s AN — 2 B B S AT, B2
OB v 25 IR — 3 1 5304 o IS, AR ATAE
— M o FEHN R 55 A5 X6 T A il N —
FE M OB , SLO Bk 4 RE WS R 4T = 5O R =
BRI, S T fiffk SLO B335 i A7 A 1 S 000 [ i, 25
B AR K E A %) T figp B M R B i B Sl TR JE A )
J7 LW EAE L PG R T, AR 3 T SLO Bk i kAR
AR BRI, ) SLO-Net W45, 55 HFH TR i
SR-DOA f5 %1, SLO-Net 3= Z 4045 857 2 M 2
W28 SHOR IS8 o AP K p. FET IR —
FE A3 AT B 280 X SLO-Net #E47 11 45, BE % 3k 15
WM o P P51, 325 DOA Al 1T RE

T IH, X SLO-Net 9 9 45 4544  BUHE SE#0 . S
BeE ) R WA 5 U207k P ER or A R T
UNTiBuS
3.1 MELEN

HR 4 22 1 77 A 3303 20 SR AR 1 BT 7R 1 i
i, AT DOKE SLO Bk AR — A Wi 2 B R
KJZM 4, B SLO-Net, HA4 A h y A Fil s, ZH0H

B2 SLO-Net 44ty
Fig. 2 The network structure of SLO-Net

Loy, oo o Ay, oo, o}, AERAPERS R éﬂ(j»jP()
T ok s®0 ,ﬁ\:qj,SLO—NetE/J kk=1,2-,K)Ziz
CRIE YV
s =P, (y, A, s o) (11)
A LR PTG R AR P, () B R SLO 8325 19 9 BB 16
HRIZR AP BR 3) , v LR R A —A LIZ T
%,Eiﬁﬁ/\jﬂy\A\s‘(}“\akﬂl,uk,ﬁ?ﬂjj%]sﬁo P51
JE( = 1,2, -, L)BSSH R 3 s, 2l
%ﬁ):(qﬁ@ﬁ)ﬁ?& vz (R AE ), BARHR T .

K3 TrzPp,( )E’J%ZJ:'H%?**'J
Fig. 3 The structure of the I-th layer of sub-network P,( +)

HHE (MY ) ¥ SLO-Net 55 k — 125 LA
R 2 W A s AR S R IR AE sy, D) G )2
M R AT AR R
sV = s+ ol AF, (s1)) (12)
AP AF, (si7)) = =s" O exp(=Is}" \F 1207 )0}, o), Fl
w535 SLO-Net 55 k J2 ()3 30 S HOAE S K i
sV IR 2 20 A
B2 (ZE“M) T E MUY 0% s A S
A EERZ 2 20 0 R T AR O
s =5+ A (y — As?) (13)
R A =AY (AA) ', 1< L -1 HE< KB, i
sVERTRZ MY BRI, 241 = LHE <K - 15},
s fE B SLO-Net 85 k + 1 2045 1 4T 7 2
MUV, S =L H k= K, i s5 4E R SLo-
Net i fe 24 H s
3.2 HiREME
AR SR () SLO-Net Jg: — Flt “ 455 780 + B 415 " Bk
GRS A B, A B A 12 AR T
BE A e oA R R e . R M a7 2 58
BB 46, SLO-Net 76 Il Zhad 2 vh A R 25 5 R
LA G I SRA B b R i i R PERE . M T
A5 SR A B DOA R BE LA K B 51 S i K b
BIEA — 8 W oA, AR 308 IR [ 3 1) Ok it e il
A BEAIL Az AT — 8 43 A WA B 1) i s 2B KT N



2118 & =

b

#5385

PR NCE R 7 i T SR AR A . BRI

1) 2558 FE TR M TR R A A A5 AR
TEFEI[ oo S IR BN, AR 2K (4) #4 E 5 1) %
w A

2) 7= A Q A Hi B 1 fe s A A DI R AR 2 4R CHD
{530 ) L0 A H B 1) it s A Sy D03 A 2 4 CH
{sc)0. ), b A s & o R A BT, IR
BR oA, AR p BAHERE, HARF TR IR
R I HR i IE 2S5 A 5

3VARGE A Ly Yoo A sy 30 AR O Rz A4 DI 2
AR AR ()0 AR B { )02, oy =
As™" y= = A + n,n R IV R T RS 15 R L
J9SNR.

T LU TR, BT S B g v e R P —
A B, PR AR SCHE I 25 SLO-Net 1 3 F2 Hp L )
AN 5 W ) 0 2R 5t 7 I By D0 54 v
AR DLBGIE SLO-Net 7EAN[A] SNR 2544 F 1M RE
3.3 SEFEIKREE

JIr ¥4 4 SLO-Net [ = B $5 (o), -+, o} F
{ s s ARTEATHATIAR A8 305 R PP 2%
SHF > Mg, 43 IR SLO-Net1 1 SLO-Net2 .

(1) SLO-Netl

27 SLO H L 2 8, SLO-Netl % o, =
R NIRRT T = K Ly S =3 A P B S S B A P
AT o) o M, = DSEHAT ) LURTFIS
B o, o A g e do XN 2AY A
T 452 2 SR LI R ) B 0 B AR
P s DL RE R AN, R S 7E T R 28 i AR L MU fiE
TR,

(2) SLO-Net2

SLO-Ne2 NFEZ IR F o, = cop My, = -+ =p,,
MR T8 — 20 o, A, BIEAT24 20 AH N B X 4%
2 BN 2K, X TR 2] SR B L AAE T R
TPk, 48 BT B i AR M LG B T L Bl
T2 5 B N R L IR A . e 220
PR, TR S R B AR, e A [FZ 0w
ST, 23 U459 SLO-Net1 Fl1 SLO-Net2 76 1% FH i
Y HAMRIE R E T,

3.4 WRRFING T E

I 28 B0 46 AL AT 25 5 26 T SLO-Net 9 P fig

AT — 78 W52 B AT () Gh A RT3 1k R % il

5 00 28 B2 Sy SR B8, 7 — e R Falk AR B ARy
TR Al

(DR A1

N T TR Y 4 SLO-Net X1 4% 38 F T A — 7
3 B I A B 51 4 WSO RO i ] AN 2 0%
BBl A R, AT M B A s = 0, HAR
3 SLO B3 (Y ML T 240, /8 SLO-Netl H, 4 i
o, = 2max {max|s\”1}_ .c = 0.5.u, = 1 w AT
WGtk Hop s\ = (A)fy;”“"; 1 SLO-Net2 H1, % I8
o, = 0.5 " max {maxIs\"1}’_, \u, = = =p, = LTS
KIFTHIRL . T EEmMAYIE, 5 SLOF LA L,
SLO-Net [ 45 7E 9] b AL IFsBE SR 73157 y = As B fe/y
TR EUR . K, TEEARIRBH R R AL T
SLO-Net [¢ 2 1412 5552 2= FE AR

()N ik

yrme, & XA — 4k ¥ 5 12 22 (Normalized Mean
Square Error, NMSE ) & 0 £ 451 2 sREL, 7 R
1 I|§EIK)(®,A,S(O),y:3i") = sy
Q yo o et llsy113

A (0, 4,5, y5) FRIA O HBHL LA S R
y = Ay A SLO-Net 956 K )24 H o

XF T SLO-Netl, M4 ZH B AL O = {0,
) AT LR G ) A% 6 B e/ N I 28 43 2 RR B
E(©)7153], 0.

E(0) (14)

®*=argm(an(®) (15)

X1 SLO-Net2, Ay 1 kb A Jm st , AT #
B Z IR 7% W28 S8 724 . BRI,
FEXT L8 k2 AT IR RS O3, = (o), i )., BT
TP MRk + 1 2S84, B
P8 REE O AR RIS B R Aok g in = (16)
BRI AR I R > S SR | + 122500, ,
1

®,,, = arg min —
kel g
6., Q
(y, ™ sy™) e IT
||§f}k+ 1)( { ®T;k’ ®k+ ] } , A, S(O), y:’rain) _ s;min”%
train|| 2 (16)
st 12

:T:t EP g;/m 1)( { ®T;A~’ ®k+ . } ’A’s(())’y;rain)%%i—\‘ mé% E(Jféﬁé‘
k+ 125 K5, L0, 05, )V APIE, E ik
%‘Fﬁxd‘®lk+lﬁﬁ?iﬁﬂ%:



5510 REGIA A5 — MRS ) gt B ERAA DOA 3107 1% 2119
1 %2 SLO-Netl ZHII 4451
0,,,, =argmin — z
D Q (et Tab.2 Parameter optimization results of SLO-Net1

(17)

FIHZE Z IR T8 N 12T R — HL 35
K )2, Bl A] 2% 2] 15 3] SLO-Net2 1Y i I = % 0" =
{ohmilioie
FEXT FL M 28 S B T4 S Ak s |, BRI ATREE: SLO-
Net i FHFSEBR B9 DOA Al 2 ih o BRI, 3T
BT B8 A F WS Ly Y0 TR R 203675 DOA
e
s =507, A, s,y (18)

4 {FEILL

AR 3 B B S IR X T SLO-Net 9 DOA fili 11
PEREVEATIRAIE , IF 55 SLO S L L OMP 8435 Al L1 Y5 5K
T/ ML BEATRT A BT o o AN [R5 L
WRETCIE R d = A2 25 [R5 Lo - 1, 1].SLO 5%
2 R EER B Y BUHT SLO-Net T- R4 P, () f )2 451
R L=3o ASCHR A (14) %2 S NMSE 8 5 i 7 A
[F] 5575 11 DOA Al TR, BT A 0 ¥ 3L T MATLAB
2021a 5230, - & M ERAE PO20 FIJE T AR, Bikisty
i [E] 55 T MATLAB £ TIC F1 TOC 72 3K75 .

4.1 DOA flitiEgE

5, B TTB M = 40 AR ELN = 161 Faii
HEZ P =0.01, 51F SLO-Net [ 4% it DOA fiti 114 fiE
KR A R A 3

4 SLO-Net 9 I 48 J2 B0 0 K = 10, /415 3. 277
FF R 7 B H HE Q = 10000 4 A 2 e 7 1 1 25 8k 4
A FIHT Adam 532 (ZEACRECH 4000) % SLO-Net1
F1SLO-Net2 4353l 47 U1 25 , v 4R A5 W55 2 F1 36 3 BF
RSB GE R . ATLAE R S5
RHEAFRN ) (o, e o SR g, oo J Y5 SLO B
Py MR BN R] . RO SLO-Net2, 2% > 15 2 1Y
BRAZ o, =cop M, = =u, BBH, BHEF
B RWE M. TEXT M HETT ISR E A 3 O = 1000 1Y
AN Er W T IR 4 L 23T LE#R SLO L SLO-Net1 £l
SLO-Net2 ) DOA Al i1 fE . Hivp, SLO B IE I S 4L
Hp AR EL K = 10, % T B — K EE vy, o, =
2max { 1Ay}, 0, = 0.50,_,,u, = - =p, =1, K4
#5 H1 T SLO. SLO-Net1 1 SLO-Net2 Xof P 4™ 1 2 4 7

g, C My
WM 1.5675 0.5 1
ZAH 0.6391 0.6113 2.0633

%3 SLO-Net2 ZHIl 451
Tab. 3 Parameter optimization results of SLO-Net2

JZ% o WA o8 pPIfE  pAE
1 1.5675 0.5859 1 3.1710
2 0.7837 0.3039 1 2.5107
3 0.3919 0.1379 1 1.7067
4 0.1959 0.0560 1 1.8282
5 0.0980 0.0609 1 3.1476
6 0.0490 0.1039 1 2.5478
7 0.0245 0.2244 1 1.1098
8 0.0122 0.0543 1 2.7762
9 0.0061 0.0246 1 2.9706
10 0.0031 0.0164 1 1.6428

HATAE BTS2 DOA MR TR . TR AR
5 S IRE H 55 F T, AR SCHT 42 SLO-Net, 4 51 2
SLO-Net2, #4893k 75 AH Fb SLO B34 T4 1Y DOA 1
T2, SLO-Net Ak 114 BE T 5y 55 /KT BRI

BIS 2510 T AU L1 MESE 2 . OMP 3%k
FT £ SLO-Net2 X P4 /> AN [a] 30 30RE A% 1447 Ak 3 BT
B2 DOAfITEE R . HIE 5(a) FIEI5(c) ] LLE
YA VR A R ) B R K LA S IR A B AT
L1 5 OMP 5356 A1 EL I 48 Jr ik e Bt . th
BIS(b) T LUE Y, 245 5 U5 AR 32 1] B e /N sk, T
SLO-Net2 RERE BT 25 5 73 ¥ AN [ A5 55, AH LE L1
B OMPE L HAE S ME PR, B
BIS()RTRLE 25155 A BOR A, OMP L%
B o FRAG IR ORI & E SR B 4,
OMP B BRI BB R 3) o HE—20 10, R 445
T RHR R 26 i A AR AR (0 = 1000) #1475 4b
PRI B2 4T B AT AS 2 DOA Al iR 22, 1
H OMP 5335 1 a6 AR VR e BEAS [R] R AR i
(45 5 IR B T B . T LUE Y, BT 4 SLO-Net
) DOA PR REA R T L1 Bk, ia A7 i [k T
OMP 3. PRI, A EEF L1 59 . OMP 8.3 F11 SLO
A%, SLO-Net B35 T 5 bR BR 85 b 45 5 U8 A B3R A
FAE N AP = 43 B DOA Al



29

2120 ST = | S %538 %5
0 P T 10 I
- ===810
-, @~ SLO-Netl ~@=SLO-Netl | |
10t :1“' -+-SLO-Net2 || -=+-SL0-Net2
| }l; —
g il 2
%‘20» '/‘ :' ||I "\I 1
= ; \‘ "l ||| T =
’ 1 1
,, ! ,' Q'.ﬁ‘¢ Qb Q I| T \\
30 g ramg 187 | VPR Se o
9o Sy A1 Y L’l‘a"?‘gb%“e
'BQ NARTY AR IR STV ¥
) & 4| ! vooHE &7 L
-40 Y ! & '.I LB A Y
10 15 20 25 30 35
FHE°) FIE/C)
(@) —/ME 5 (b) WA 5 U
(a) One signal source (b) Two signal sources
10 T T 10
“==S810 ===SL0 -—+-SLO-Net2
@ @ SLO-Netl ~©-SLO-Netl —— FLIHI
==+-SL0-Net2 4
. i
S 3
g

/)
(c) =AME S
(¢) Three signal sources

K4 SLOEH: SLO-Netl FISLO-Net2 4 DOA fti 145 5
Fig. 4 DOA estimation results obtained by SLO, SLO-Netl, and SLO-Net2

4.2 SLO-Net%'#7

/N X SLO-Net 19 DOA fifi PR BE 5 M 4 24k
K Mg EE P AR E N A5 W L SNR /9 X R T4
Mro 1T SLO-Net2 #H F SLO-Net1 ELA B AL A 1ERE
N XF SLO-Net2 #E4 7434 o

T4, 95 T B M = 20/30/40 , X R B N =
161 FR B HER P = 0. 01, 4= A & M 75 il 0328 %
fi . BIE SLO-Net %) 2 14 Rl 55 190 4 23 50 K 22 ] 119 ¢
R g R mE 6 s . nTLUE H BEE 225
{38 A, SLO-Net () NMSE 2 #f s /> , DOA i -1 g
AWk E, BT SLoB 2. i FSLoB k2
B, o 2 R BOT AN R B L = L DOA A
TFPERE. HHELZ T, i SLO-Net X 4% il 1] 24 2] 2
HBE A 45 2 B0 B i3 £ sm a2, mT
DIARAS AL e . Ab, Bl G e B 3 im, SLO
44 ¥ 1 SLO-Net [ 4% 19 DOA A -1 RE o AH 1 452 55 .
A EE SLO B3, R 3R AH T B9 DOA ke , BT

&

I

(d) DY 9t

(d) Four signal sources

SLO-Net JIr 75 2 14 X 4 J2 BRI B e B8R /D

B, B2 e B M = 20/30/40 K& B N =
161, P25 )2 0K = 10, A2 BAS 15 W7 14 P 5B
B HIE SLO-Net [ 45 M 58 57 S ME R P Z R KRR,
FrAg gl & 7 fros . T RLE W 7EAS R o A R
A BT, T 42 SLO-Net 25 (1) DOA A 1 1-PE BE XL
T SLOBE . R, A1 b SLO B3k, 78 Ho At 4% 144 []
SR, BT 4R SLO-Net W 25 BE A% X} B £ 15 5 L F
1T DOA AT HIZ:, Fifi 25 6 G AL 28 i 385, 7 452
2289 NMSE $ 32 834 i, DOA Al i PEfEAE 22 . X2
Ry 78 B T — 2 WS 0 A5 5 IR Ao 7
BPRSE PE BRI , S 2 T 22

SRIG 45 58 MR TT B M = 20/30/40 FR B RE R P =
0.01 . PIZ% 2 H0K = 10, A B 2 0 7 14 DUl 20080
B UE SLO-Net X 45 (1) 1 RE 55 W A% Kl NV O o7 £ 32 43 HF
) Z MR, g g5 R 8 it . ATLLE
FEASTA] 8 B 00, JT 48 SLO-Net 1) DOA fili 11



5510 RIGIH A5 —FPIREE 2% Wi BP0 DOA Al it )5 % 2121
0 T 10 -
- = =SLO-Net2 = = =SLO-Net2
@ OMP @ OMP
“10t -+-L1 or 1 -+-L1
S ? i S
= g -0} i
201 i =
E i E
JI 20
1 ll
|
-30 a 1 l‘ r
N =30}
DO DDD DD -40
30 35 40 45 50 55 -10
/) FHEE/°)
(a) —/M& S (b) BN 5
(a) One signal source (b) Two signal sources
10 10
ol @
or ® [---sLoNex - - -SLO-Net2
m 10+ -+-LI { gloF -+-L1
2 ! = fp |[—— FESEA
= i 2 |
= 20 ! =20
-30L 30 p—
J \\" ‘\,I
=40 m b S D -40
-60 -50 -40 -30 =20 -10 =70
FHEN°) FEE/C)
() =AME S (d) PYAME 595
(c) Three signal sources (d) Four signal sources
5 L1%3L OMPHIE R SLO-Net2 i) DOA 1145
Fig. 5 DOA estimation results obtained by L1, OMP, and SLO-Net2
F4  ARFEEEDOAALTFAYIZ T BV AH — 38 7 iR 22 )
Tab. 4 Running time and NMSEs of different algorithms :
SLO- SLO-
SLO OMP L1
Netl Net2 D
m y
B TR A /s 0.35 0.32 0.32 0.06 271.99 g
w2 L
NMSE/dB -3.81 -15.00 -15.76 -13.37 -21.51 ; ]
\*_—HM
SLO SLO-Net2 i
PERESIPL T SLOBE VL . R, AH Fb SLO B, 76 HoAih solFe-mM20 —e—m=20
— y 4 -4+ -M=30 —4—M=30
S PEARIR (1 0L T T SLO-Net ¥ 2% i % 3115 58 e
B VA VASY74 Y * -25 : ; )
= IO A B o R HUE: B A D0 i 3 i CEp T 5 o 15
MK

RE Y15 5 U5 AR B2 TR B s N ), P RP AR 1) NMSE $43%
Wi, DOA A T REAR 22 o 332 PR 7R Mo —
SE ML, 25 5 U5 22 8] 19 ff J3E e 30, 7 i
YRS I MERERR 2 | S R A o

5, 4B FEICELM = 20/30/40 AR B N =
161 MBitEHE P = 0. 01 W28 28K = 10, E B A

6 NMSE 545280 K i1 6 5
Fig. 6 NMSE versus the network layer number K

ASTA] SNR B9 84t , B8 UE SLO-Net 25 1 PERE 5
R e SORC A5 W b 2 B B S 2R, TS SR an il 9
s A LLE Y, B8R SLO T SLO-Net £ SNR /N T



2122

4t B %38 %

NMSE/dB

SLO

SLO-Net2

-©-M=20
-+ -M=30
- % - M=40

——M=20
——M=30
—d— V=40

0.08

0.06

0.64
Fhs P

0.02

K7 NMSE S5HSiER PSR
Fig. 7 NMSE versus the sparse probability P

m
=
M
v
=
Zz
SLO SLO-Net2

20, -0-M=20 —e—M=20

-+ -M=30 ——M=30

’s - % -M=40  —%—M=40

120 140 160 180 200
X % BN

8 NMSE 5 M LN B R
Fig. 8 NMSE versus the grid number N

10
SLO SLO-Net2
51 -©-M=20 —©—M=20
-+-M=30  ——M=30
- % -M=40  —H—)=40 ]
9 nfiaed” St " afafiafal Jafiaal. "afagafel
= i S SR S e
wn 5 ]
= )
Z
-10 +
-15+ 2
-20 L L n L L
0 10 20 30 40 50 60

SNR/dB
K9 NMSE 5 fFME LAYSE R
Fig. 9 NMSE versus SNR

10 dB B PEREI 85 22, {H 24 SNR K F 10 dB J5 , SLO-
Net ) DOA A& i HPEREXI ML T SLO Bk . Rtk , 76 H
b S5 A4 48 6 19 2514 F , SLO-Net LA B = 1) I i

Be . A, 24 SNR > 20 dB, SLO-Net (1) DOA fiti i
NMSE # THE , HEEE T IC M 1% 0 T 4615 1 45
o DXEURAE , RIEF]FE JC M 7S B0 11T I 2% 31|
Yk, SLO-Net SR REHE AR5 0P I S B 45 3L, Re g X)
T MRS 1) SE PR RS 2 OB s #5411 DOA Al

5 %#ig

BTN BUHRAA DOA AR BB, AR SCHE E N7 A A
RUFNE SLO BBk A 743 B B 2 At _L 32 11 7RI AN
BEIHEA IR B 1 SLO-Net J73 , %t He R 4% 2540 Kt
R S 2T RN IR SR 07 15 G N 2R
PEAT T HRANA 43, I3 2 R[] 1 £ 5 56 6 Ho vk g
AT THE. 5 A5 SRR W], Frde SLO-Net 4 [t SLO
B EA S DOAGTTERE, H EA B2 H
AN M AR R B A5 A H SLO B33
SLO-Net it i (49 3% AR BRI B4 o800 /0 | g g %o B
ZE S IRVEAT DOA fh T, HHA T 5 (0 2 R Al
MR R . 5 L1 YE R MBS TE AT OMP 5L A
F, SLO-Net 7E {5 5 UREL H A HIW Z&0EF | fe g Pk
AR5 HE DOAGTHES R o 5 &R PRI A R
A 3k A BB DR 22, IR IE T — 2 X iR 25 4
T SLO-Net 1 it fF J7 i AT IR ARG, 45 57
T bR b B

S Sk

(1] EEENIL, e, X0, 55 2808 o3 Bk b Iy a4l 115
WLER ] ARG TRES R THA, 2015, 37(7) -
1465-1475.

YAN Fenggang, SHEN Yi, LIU Shuai, et al. Overview
of efficient algorithms for super-resolution DOA estimates
[T]. Systems Engineering and Electronics, 2015, 37 (7).
1465-1475. (in Chinese)

O, A7 A, SRR, AL B IS RIEUE I 5 55 1
Capon i (i ik 1], REE T RS H FHA, 2013,
35(5): 905-908.

HE Shun, YANG Zhiwei, ZHANG Juan, et al. Modified
Capon approach with adaptive weighted for discriminat-
ing strong and weak signals[J]. Systems Engineering and
Electronics, 2013, 35(5): 905-908. (in Chinese)
PASCAL V, MESTRE X, LOUBATON P. Performance
analysis of an improved MUSIC DOA estimator[J]. IEEE
Transactions on Signal Processing, 2015, 63(23): 6407-
6422.



5510 9 RIGIH A — PR B2 2] W i SR DOA Al 077 2123
[4] YUJ, LIJ, SUN B, et al. Multiple RFI sources location smoothed 10 norm[J]. IEEE Transactions on Signal Pro-

(6]

[10]

[11]

[12]

[13]

[14]

method combining two-dimensional ESPRIT DOA estima-
tion and particle swarm optimization for spaceborne SAR
[J]. Remote Sensing, 2021, 13(6): 1207.

XU H, CUI W, DU Y, et al. The analysis of using spa-
tial smoothing for DOA estimation of coherent signals in
sparse arrays [ J]. International Journal of Antennas and
Propagation, 2021.

CHEN H, HOU C P, WANG Q, et al. Cumulants-based
toeplitz matrices reconstruction method for 2-D coherent
DOA estimation [J]. TEEE Sensors Journal, 2014, 14
(8): 2824-2832.

DONOHO D L. Compressed sensing [J]. IEEE Transac-
tions on Information Theory, 2006, 52(4): 1289-1306.
REN Junying, YU Lei, LYU Chengcheng, et al. Dynami-
cal sparse signal recovery with fixed-time convergence
(7. Signal Processing, 2019, 162: 65-74.

ZHONG Jinrong, WEN Gongjian. Compressive sensing for
radar target signal recovery based on block space bayesian
learning[]]. Journal of Radars, 2016, 5(1): 99-108.
EFFLL, B2, TRTIIE . T L B A i AR T
R 2 DOA NI Ir ik )], RE T RSB FHA,
2016, 38(8): 1709-1715.

WANG Xiuhong, MAO Xingpeng, ZHANG Naitong.
Two-dimensional DOA estimation for coherent sources
based on reduction dimension sparse reconstruction [J].
Systems Engineering and Electronics, 2016, 38 (8) :
1709-1715. (in Chinese)

AT, B, KOs, &5 TR AL B S R B
S PRIk 1], (7540, 2021, 37
(9): 1681-1690.

YANG Shuning, YANG Zhongping, ZHANG Jianyun, et
al. Combination of subarray processing and sparse recov-
ery for mainlobe and sidelobes interference suppression
[J]. Journal of Signal Processing, 2021, 37 (9): 1681-
1690. (in Chinese)

CHEN S S, DONOHO D L, SAUNDERS M A. Atomic
decomposition by basis pursuit[]]. SIAM Review, 2001,
43(1): 129-159.

TROPP J A, GILBERT A C. Signal recovery from ran-
dom measurements via orthogonal matching pursuit [J].
IEEE Transactions on Information Theory, 2007, 53
(12): 4655-4666

MOHIMANI H, BABAIE-ZADEH M, JUTTEN C. A fast

approach for overcomplete sparse decomposition based on

[15]

[16]

[17]

[19]

cessing, 2009, 57(1): 289-301.

BENGIO Y. Leamning Deep Architectures for Al [M]. Now
Publishers Inc, 2009.

LIU Zhangmeng, ZHANG Chenwei, YU P S. Direction-
of-arrival estimation based on deep neural networks with
robustness to array imperfections [J]. IEEE Transactions
on Antennas and Propagation, 2018, 66(12): 7315-7327.

PAPAGEORGIOU G K, SELLATHURAI M, ELDAR Y
C. Deep networks for direction-of-arrival estimation in
low SNR [J]. TEEE Transactions on Signal Processing,
2021, 69: 3714-3729.

ELBIR A M. DeepMUSIC: Multiple signal classification
via deep learning [J]. TEEE Sensors Letters, 2020, 4
(4): 1-4.

GREGOR K, LECUN Y. Learning fast approximations of
sparse coding [ C]. Proceedings of the 27th International
Conference on International Conference on Machine Learn-

ing, 2010: 399-406.

EEEN

REGVR 55,1997 4R BRVTIHFIA -
| EETRRRAP AR B g A
BT W R A I & AR B DOA f
A

E-mail: zhg598@hotmail. com

BEET B, 197544 BT E A
25 TR KB 2 P e ik
I S e X 1 A N Ik B =
IR ER S

E-mail: fengcungian@sina. com

BATMGEEMESE) J,199244,
RPN 23 TR 2 R
BRI, W, J2 BT 10 LA R IR A
SR
E-mail: fengweike007@163. com

XIRER 55,1997 44 TV BB
EERW N R s e R TR R
FEHTT 1 DOA AT
E-mail: liuchengliang1997@163. com



