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Research Progress of Signal Processing Methods for Nonstationary Sea Clutter

FU Bin, BAI Yechao
(School of Electronic Science and Engineering, Nanjing University, Nanjing 210023, China)

Abstract: With regard to signal detection problems in sea clutter background, traditional methods can not
achieve optimal performance due to that sea clutter is an example of nonstationary signal and its statistical
characteristics vary over time. The existing nonstationary signal processing methods mainly include two
categories: methods based on statistical models and methods based on time series analysis. From a
statistical point of view, the most commonly used method is modeling sea clutter by compound Gaussian
(CG) distribution. From the perspective of time series analysis, there are many models to describe
nonstationary signals including time-varying autoregressive (TVAR) model, generalized autoregressive
conditional heteroskedasticity (GARCH) model and stochastic volatility (SV) model. We make
comparisons of these methods mentioned above and evaluate if they could be applied to detection in sea
clutter background. All of the methods can accurately describe part of the characteristics of a nonstationary
sea clutter signal to some extent. However, there exist difficulties if we try to design easy-to-implement
detectors. Further research about modeling the characteristics of nonstationary signals is needed for signal

detection in sea clutter background.

KR EHA:2024-11-01; 81T HH#A : 2024-11-19



W F.oaedEPARERRNE T AR R ER 1311

Key words: sea clutter; nonstationary signal; compound gaussian (CG) distribution; methods of time series

analysis

51

i}

W2 P — A WA AR PG 5  EE R BE R TR IR R G b T N B B IR R R,
R O W R L, AT L g A D A Ay A v B AR R e R RO B AR 43 A B IR IR R SR S A
RN L JF HAEARES AR S04 B 50 A PR K A IR AR, S 38 O R BR B T
et 5 B RA Sk 0 Sl T R S R R A R, S T R O s A AR

TEAR 5 K W0 [ R v, 3 i OB S MR 75 P R o 7 B0 30 3L o, 6T 7 A {2 152 1) E o %
PR 5 (Probability density function, PDF ) ¥y J& 5¢ 4= B K0, Bk H oy fa B8 8, 7 56y &2 2% i % i i PDF
HARMSE TSRS 6 (0 B2 AR U7 1 K 2 02 3 T4 @ J JR ih (Neyman-Pearson, NP)#E N {1y 25 it
5 V5 R0 L el D i $0iy XS S5 /0N 949 DL S0y 5 3, EL O ol P ol R v R AR 6 S 30 Ok E AT A BRI R
FH RN E 38 R G0 rh 22 NP B i i A RSS2 A DL i XU S5 /N o D)

O RE MR A S (R 00 ABE 2R A R GRG0 A R PR NP o U A5 B 4 AL AR B K 56 (Likelihood ratio test,
LRT) @&, HAG I TR by B AR 2 A 3 o 48 8 s th B A0 Je 3o ik o5, A Sy D ik J07 A6 00 85 1) — b
5], T LA H i /)N U ARE A TN 4 7 AR T ) T 0 MR 3R A5 I 2R Y0 5 ) T B LA B R SR
LAR B9 B 3%, it 2 e K fLAR (Maximum likelihood , ML) 0 2% , 58 g — B B4, {55 15 M 55 d5e /)N ) 4G )
80 A e K5 B8 HE R (Maximum a posteriori probability, MAP )& I £ , f5c /)N 48 158 A8 2 o U 2 J2 D1 - 387
AR ) o

XoF T g J07 R P e 0 A A S A DU ) B D TG U IR RN DL T M B R DU RS . X T REHLAE S R
W e, — A AR 19 5 ik R B H e — DO 22 45 M © A BE AL B2 o X 1% 0 S (White Gauss-
ian noise, WGN) H Y 2 B = 745 5 NP AG I % 2 68 5 4G 0 6% 5 4 ) 2 R VAR B b 7 2 BRE S5 A I,
NP A 245 K 4252 32 2 09 8 515 5 M0 Al T HE AT AR G2 B8, R SRR A T A5 AR DGR s M BENLE S A 2
FoAt e B i, DA TF A DG & S BL A R 08 15 21— R 40 08 4 g A 00 4% .

TE (a7 SR e B B0 0 NP ol I AT A3 ) e A A I 2% fH 2 78 55 B i 3 ¢, {0 PDF 8
EARERT N, — AT LIXF PDF I8 U8 LU BT & SE PR i i i B2 S BOR A . fEpil ks,
— U K # (Uniformly most powerful, UMP) ¥ 547 e K A AE R . (A2 UMPR 7. UMP A
FEAE T, U0 X A 0 2 5008 e e 06, 7 FH DL i $r 5 vk T DA 21 DL i S A 0 g%, ot i 7 S 2 A
B KA #&Ad 3 (Maximum likelihood estimation, MLE) BURR A 12 %0, T LIS 3] T SCALSK L (General-
ized likelihood ratio test, GLRT) K il %5 o oAt 451 40 W ald £ 36 A1 Rao K 56, Foii i So 1T R4 ¥ 5 GLRT
M

DA b A9 A5 5 6 000 ] 850 49 B i 152 4G 56 BRI, % T4 5 9 PDF LA K 2 H0 0 5l 96 i A8 T 4 i
LT TR B AR R 2% X EORAE S B R SO R A R AE W S E A Ty 22 450 o H R SEBR
M 255 TGS AR AR, DL 3R 30 04 28 s il 2% P 7 B0 & = A AR R A PR R 2 o

T T A 52 A BT A A, TR BRI T — R R T IR M R D7 BT k(R S M 2
M 2 0 EL A SR BB AR, ok L UEAT IR AT R o R SR B R T Ik 2 A A B
o 2 45 Bt 1 355 7 9, T T B o ML 2 3 A0 R AR I A R T — R SR A 1 s g 3 A Ak
PREVE R o T 2 i A AR AR, B X S G AR R A PERE A R o BUAR M 2% D K B TR A
S AR AR, (H R R I ] P AR AR K, AT RUIE VA AR 2 A 0 AR A R i % BRAIL ) AT L) R S



1312 R E B L Jowrnal of Data Acquisition and Processing Vol. 39, No. 6, 2024

15 /) PDF 38 &, AT LU o i JUA 5 T PDF 50344 186 52 G 40 A ok 52 B0 AR 98 1 2% 5 1 OB )Ll T
DK LA 34 Oy 725 8] b 728 Ak 1) O HICSR R 20 5 ol 1% 0 VR 445 ) A 1) 50 B4y DA B A R B T N R
TN A G A BB 3 B A SR AR . Hrh BB 0 T LA R e — DN F BE A i B AL AR &, S g3
A LA R — A AR LS &L R A ROl &2 A R T (Compound Gaussian, CG) 43 o

TE I 8] 5 50 3 B oy, 48 8 22 19 2 A [B1H % 30 °F- 34 (Autoregressive moving average, ARMA) A,
TEWE 2P, T AR 5l A2 T AR, v A5 80 - 4 50, AU A % 5 A [ (Autoregressive, AR)
B, — A~ ARSI BB A . A [0l 9 R EORN e 75 5 22 3 S 8058 Al dF i v] DU L, AR B AL £
JE BT T 43 A L %53 A 2 B L 3 A S BOME — B 1 — A T A o AR AR BRAR 47 R R 1F S Y
BF ] 41 G 2 (H LA T F R — AP AR B o QR 2 AR S R AR O H R AE P AR A 1k, — A SE T 02
A H: 2 Bt Bt ok 18] A8 Ak, g S — AP A8 [ 8109 ( Time-varying autoregressive, TVAR) I ¢ ) —
ANEF TR B0 0 B A s B AR R B0 A8 A i AR Ak, DT AT LA BE A IR IR P AR R . A0SR AR R AU
A 2 B K A ORI A B B O R IE 2, AT DU R R 2 4% (Kalman filter, KF)XF H #1715
Akt

5 1 B AR P B 5 9 9 B o ) ke A, A 1/ 25 iR N A 5 25 B AR B AR T 0 Tl 0 4
1 5775 22 ( Autoregressive conditional heteroskedasticity, ARCH)#E#! |7 X [H [\ 19 45 F 5 J7 2= (General-
ized ARCH, GARCH) B! B LI 3l (Stochastic volatility, SV )RR %5 ¢ K5 i A5 7 22 d 4 A 45 851 i
Jo AR I SRR 22T ARCH #5852 Ty 22 FRE R kg A0 850 307 B0 1 AR SR | T 80 s 00 114 4%
P 21 A 1 A A AT Z0 0 S0 25, GARCH AR B2 ARCH B () — Fh B B4k, 5L F A AR B 54 5]
ARMA BRI , GARCH 5 80 J 7 J7 22 R (OB BCH 40 12 F0 H B 1 ARMA RS, J g 80 5
T5U N ) B I £ Pk A5 ok 3R R ST 2 B S5 44 J7 22 1 BEKK (Baba, Engle, Kraft, and Kroner) 15
I FE IE 3 25 4 4 41 ¢ (Corrected dynamic conditional correlation, eDCC ) # #¥ 2 GARCH #i # £ £
A NP A E B . FE GARCH SRS b | LU UL DN 508 A7 B 2 0 A i & 25 8 7 2545 &, mT LA
B A BT BRI A, Tl A2 SV BT T SV LR L GARCH 58 £ — T B, BUR Y
AR 3] T AR KR &, (R R AT (1 S B50A Tt A0 75 5 i R A

B4 AR R A IR 22 H W 2 M T X E VRS S A A BE 7 ¥ o Bailly 251 22358 78 X 4k
Wi L HL A5 2R 2 30 b P /0N i 78 8 2 e %) 5 3 oF N A8 9 07 2 0 B AT AR . Zhao SR I T — FhOfE
B BT B [ A 00 0 45, I 2 3 A 4R IR A) R 4 A B AR 7 22 45 E . Fermanian %5 gk A5 B )y
22 JE WA T TR) B LG A T LRl 5 T 7R 9% 5 vk R R T B 09 kL OR A A3 B T A R T i 45 o Zheng
SR T Cholesky 442 7 — Bl 1543 3K 51 i K KU E A A5 iy 7 22 40 F 45 125 o

e AT 5 b B 5 vk R BOA B T 48 TS AU Y 5 vk RS TR R A A T B vk . T g
W B BAR B AR T AR AT 5 6 F A N GE TR M AR AR R LR L AR S AT A 3 E R R i
49 R 258 43 A1 4 3R AR T RRAR 5 09 5 1k 3 5 R I ] U 4 B IS A DG M o R T IR 81 43 A 0 T vk R
XA AR B AR HEAT R A 2 R AR o A RO A S E R AR A ME LATE R AL [
IS HY 2 B0A T e B D TR0 R AT AUA

1 EFHRITEEBTE

Xb T AR AR AR 5 Ak B ) R, A SR TR e il P ] e A L A R ) ) P, AT LA S T 4
PEAR AN R, AR R FCAE D P AR 5 b B O o2 e o LA I e TR

1 e AR A 2 3 2 B L T 130 1 0 i T SR EAT F AR AT o Zhou %5145 & BTV 1 i 4 G
I e R 32 % A N R e B T R A I T v I e R T — AR B a2k A Al A 0 T
%o S WAL REARAT LU AR AN S 37 35 B4 B R I P B8 , 2 55 2R 4l B 1A 1 B8 TS 2 5031 X 7 9 A



W F.oaedEPARERRNE T AR R ER 1313

W2 . Tao 2 %F EBFSE T JLF 3L TS [R] 48 T4 Y B U ok B 7 2 B WG At 31 07 125, 920 T4 T JLAG
TRS B AN 280% . Orlando 2581 oA 60 bih Jr 2 M 75 v 1) 22 26 7 2 1A 5 A 00 Il 1, 42 0 7 A 6 13
TS - 25 1) K6 00 17 A0 64 5 — B8 . Wou 20T T NP o DU A9 0 Ak DA, 3 T — R R A s R T
— Tl 3E A A LA I A . Lo L T REPLAE MBS B T — R A I O 1 R RE R T B
HLUAE B BEE , Gao %R M T — Fh 4> bR BEBOIG 45 M L 5 00 R A9 B IN AR 7 25 Tl 5 5 o Guo 4517013
FRIEASH LG T — T 5% B0 /N BARK I 7 o Yan 2V T — R T A e vk AL AR
S5 1 T 1 (55 8% B F bR AR A I 7 v o Yang S5O T I OK R IE S 0 M AR 2 T W 4 O 1 B T —
o 38 iR R R R ARG I 2% A AT AR S S A SER H T — Rl R T RO B 0 AR B AR B LA A I
B DL 5 B R T AR P B 2 I A G A A S {1, DRI T 2 U 4 b G o
AR - EENRNE.
2 v T o3 A R R B TR A R 0 B R B A TR AR AR T W A D e R M R [ N A
IR T I B BE A RRK AL AR DG PE o B2 a0 A B AL AT 2RO O A3 ) b AR Ak 1 R R O AR 4 A Y
TR VR S5 A8 K LA SO 53 6 7 () 55 81 I B8 B 00 P K8 B/ N B A A ol ) HICBRE 2 2 e () Y SRR AR, D
c(n)zmu(n) (1)
T8 7R 35 19 — AN A0 T 4 BF E] (Coherent processing interval, CPI) N, 1% 5 & 5 Wi &1 0] LU fj 1k b BR
R 75 B AL 1] (Spherically invariant random vector, STRV ) K 12 if 59 80 3843 7 () AT LA A6 Sl —
MAER B BENLE & o, B A A R ey
c(n)=vruln) (2)
KA a HEREE G REALE &, o AR AN &, H PDF &5 K p. (7).
MM =E (uu")Fm ulPhr 2585, 45 € o0, c 55+ PDF
1

H —1
peclelr)= N GXp( oM C) (3)
(nz) | M| ¢
A (3) X KRB AT LIS F] c 19 PDF A
Wyt
P(,-(C):ET[P”(CH]:JMeXP( ~< h ‘ )p,(f)dr (4)
0o\ 7T
Xof He AT X AR e w45
ple)=Cy M| g("M e (5)
KOy, WA — A, g (o) JoBER 2 AL 2% I N
g(x')—Jf“'eXP(—j)p,(r)dr (6)

AW — A EE AR MR T — Bk, B e R — e R i1 2% PDF J& B M F 80 & 1Y
A oA o TR L B A B AT TH Ak IR A R B A B 1) PDF
pAr)=Cy 2mreg(r?) (7)
Xt T 55 43 R TR A AR AR A R AT 2 G TR T A, LS A A 0 B T A N A A 5
A0 3 A 2 A
MGy i A AR Z50Ch v 4 5 43 A 15, PDF Ry

PT(T; V):Gamma(y,p):irwlefw (8)



1314 R E B L Jowrnal of Data Acquisition and Processing Vol. 39, No. 6, 2024

2% W B2 B AR AN K 43 AR
2Vvr

pr)=——"--— 10 <2\/;r) ,1<2«/7r> (9)
MGy i R I AR S 50Ch v 93560 5 43 A B, DL PDF O
Pl y)—lnvGamma(;, V;2 )— ! ri%ei% (10)
) )
y— 2 2
Z U 118 e B IR DT S B A A3 A
v+2
2vr 27\ 2
Pr(r)yz(1+y2> (11)
o PRy T AR S0k A0 396 = 9 43 A B, L PDE Oy
3 Az—1)
p; )=1G(1,1)= /i r Ze (12)
2n
V3 N N )
_3
plr)=22 |—¢e'rl 1+ K, [|1+ (13)
T /1 3 /1

(ELJR i 52 5 o 307 20 A1 0 98 2% e R AT AT 0 — 2 B TG D0 45 i 2 1 B IR X AT L IR 3 i S
S HR i B S e 30T A1 R 5 e v 0 M 3R T 4 D0 M AR R (EL R UL JHG R 3R AT D B O i
TAIR W I 2 9 DUZE IR R B B M LA BT PR ) TR S BT i

2 ETHERFINSHE T E

Xof B ] 56 1) B A 7 9, 3 AT AR PR R (i ARMA A58 ) 5 ) 30 738 Ak 1) 2 45 B R e A Y
P B R (40 GARCH BLRY SV B ) 45 | 33 26 481 J5 vk 48 A N i 2 oc e B 0. X F AR
AW AT T, — AR B Y ] 2 X LA Ak i Ty 2 sl R Dy 22 S R EA T AR

Kadir** ) DU - 30 B0 4 £ 3 6k AR BEARUDEAT T VRN A9I8 1R . Songsiri 25 % AR #E R Z4 T (&I 45

TR TT 8 AE AR b S 2 ST 8 w85 307 1 [ U AR 004 ) 8 . Deendramis 2550 3 TR B K B O
ZE00 P IE WAL E AR AR T — R RRE A B AR D 5 2200 FEAG T 5 15 . Kang 251125 1& T — A B $F- 45 Cho-
lesky %I %t GARCH £ 58 | 3% F 2t ifF Cholesky 43+ fft (1) [n] £ 1F 28 28 # £ 7 — F Bef 28 Py 07 22 90 MR A6 11 7
o Wiesel %713 F ARMA A8 Y HEIR B Jr 22 650 38 1 7 — Rl /INBE AR 185 00 R A9 K B 0 22 4 A 31
Jik . Caporin &S PRI 04 T3 T 248 GARCH A R 1) BEKK AR B 1 DCC A5 R 2 6] [ 22 5 F: 36J i 75
{1 1 B MR) R 25 T — B 458 M 38 0L . Chib 250t 5 4 22 00 SV BRI IEAT T 200 , AL 45 4 31 L 0 I A Y
PEPE M AT, Pitt & FhRiE SV BURR T —Fh N T BERL, 28 RO S 0 B A By 22 40 R Y 38 4k
DT AR R T . Chan 25870 38 D1 -7 JRBE T VAR BRI SV KR BEAT T Lo, 348 1 7 H R
FRE S . Abanto-Valle™ 3 F SV A % 5 i B2 /0 A #2 7 — Pl RAUAR A 3 . ik o7 vk sy
FAE DB E] 7 510 43 BT 1) B S R P A B
2.1 TVAR#EH

T A B A AP AR BT AR BERUX LB AT BN G il o ol T 98 2% e mT LA DA I 722
25 S5 KGO I E] 7 51, 25 P8 A8 — ol 28 B3R P 1] 2 22 9 AR AL B TV AR S 28 Sk A 032 ) ] 77 51, 3%



W F . aeEPFRERENGETAEF EMAEE 1315

BT BT AR ZR B0 NG 290, 7 Bk UF AR R EOR B Bk AR

e Se B U T Whittaker ™ 78 1922 45 $2 1 't H 1] 55 Shlller”T1973£ﬁTﬁ‘m s €Itk
Jok w137 43 A TS AR PR Se R TR eI . Akaike O 7E H T /R Ak BEAT R ST AR M T
Whittaker $ H B9 7] B3

ZIEU T AKX

y(n)=f(n)+e(n) n=1,2,-- (14)

A P ie(n) Jy 57 18] 43 #i (Independent identically distribution,, i.i.d.) i iR A 7 %0 7 22 i 22 59 8 75 W 4
Ao f () R —A RN C I AR DG R R H AR S0 AN I/ (7). Whittaker 3 H 35— [a) 8 75 22 76 0L
BE AT HARE — A 2240 00T SRV X T AR 25 43 205 QR (9 Ak TR) R

1}(11111)1{2[y(n)—f(n)}z+/122[ka'(71)]2} (15)

b 5 1R AE A T BRI UL R 5 5 2 TR T R, AT EDL I R, AR, Y A= 00T,
fn)=y(n)o X T CLHE R LA, XU AT LA 23] LT fr/h —3fe ] il

NI ’

mfm [0} [ADj[f]’ (16)
o D5 225 AR ST R N XN . 3% — 1) 7501 fige

f:(1+,121){1)k)”y (17)

[ B 5% 22 - J5 #11 (Sum of squares due to error, SSE) W
SSE(A &)=y y—f (I+XDID,) 'y

o SSE(&.k) (18)
N
Shiller™ f1 Akaike " 7E pL 3 il [ 4k L2 AT THFSE . % )&
N 2 PR
7(fly. 2, 6" e p(ylfia”)m( f1A, 0%) { 2 J}-exp{—wz[vmn)]
= n=1
(19)
I FI SR RME R, p(y |f 07 ) & y & PDF o ( 1A, o) FIU5EH . AR RN
L3t k)= p(y 1 f. 0" flA o) df (20)
Hit—HH
—21nL(/1,k)zmn%SSE(x,kH1n|1+AZDZDk\—1nWDZDk| (21)

XFFR(21), T BEXF A AW A S HOR Fo/ 1Jco
HU TG G B0 SR A A B2 2 BE R O (NP ). 3 oK 6 W S0 580 114 25 43 24 SfURE 38 A R A5 2 ) {5 5 S 28, T
VI R IR = 8 0 7 sk g, WS B 248 0 O (N )RR TE o DL B 2257 29 0N ) IR S 28 [ 7% 4%
RV,
x(n)=Fx(n— 1)+ Gw(n)

(22)
y(n)=Hx(n)+e(n)

=



1316 R E B L Jowrnal of Data Acquisition and Processing Vol. 39, No. 6, 2024

( >=L.(f;f)1)}

F:E _ﬂ (23)
ol

H=[1 0]

X hw () Fle () BOA N R Lid. BB & i 7, B 7 2243 5 diag (%) 6”3 T ik
S R IR, T L AR A R R S B AR KA, B A O (N ).
TP RFE D RBO I AR LR TVARGn)

z(n):ia(z’,n)z(n*z‘)Jre(n) (24)
HARFZ B a(i, n) BN IR EE N . — A B AR A RIS 220 90, Bl A S BV sl
TFE PR, TR=H

Via(i,n)=y(i,n) (25)
Ly (i,n) RBWEE RS T, 2N, =" Fek=1,2, 30,5504
ali,n)=a(i,n—1)+68(i,n) ,=1
ali,n)=2a(i,n—1)—ali,n—2)+3(i,n) k=2 (26)
a(i,n)=3a(i,n—1)—3a(i,n—2)+ali,n—3)+(i,n) F=3
BLAE R B AR 2 AGTHZ TVAR ) i3 B9 R B a (i, m)o M AR ZS 88 07 22 R 5 38 % TVAR (m) i
L k= 226 45i] A5

x(n)=la(l,n),a(2,n),,a(mn),a(l,n—1),a(2,n—1),,a(l,n—1),,almn—Fk+ 1)]T

w(n)=[6(1,n),06(2,n), ---,(B‘(m,n)]T~1V<0,diag(12))
H(n)=[z(n),z(n—1),,2(n—m),0,-,0]

e(n)~N(0,0s%)

(27)
s, AT UREZ TV AR G ) 1880 A8 46 Sy RS 28 1576 78 7 B2 008 3K, 08 I 2K 4 0 U0 45 36 T A SR fige G ek
i TVAR B AT RUAS 3 — AN R E R (s S 048 AR REUF S . (B2 8 K 2 6 Fa i 4 0k 1y
SN A5 SR I ) BB B — A P R A il AR AR 2R B0 BT I B % n) R T it — 2
WHoE
2.2 GARCH##!
X F AR PRI A AT T, — A FE B R AR LW 5 25 5 b B (] AR Ak T S RO I B AR B U 25 4



W F . aeEPFRERENGETAEF EMAEE 1317

AT B 7 o % IE— I P50, ) R ™S R T, 4
F,=o({r:s<t})
w,=E(r|F,_,) (28)
a,=r,—E(r|F,_)=r,—u,

Krf{a, 2 {r B RFH . BRA

E(a|F,_,)=0

Var(r|F, )= Var(a/|F, )

it T4 B R p (r JF, ), FEA (A AT LU ARMA AR R H AR, 55 A 75 368 5 22 R AT e

Engle! ™ & Ja 4 1 T ARCH B, A 4% 0545 o 22 Kk B 81 3% I X Dk sl 4R T BR BERY , 353
AN (30) K2, AR ) 751 { a, i /2 ARCH () BEH

aI: Glef

. m . 30
ol =a,+ Za,»af,i (30)
i=1

R e ) RS A 20 L B 0, 0,0, 0,5 o< 1.

A6 ARCH B (1 47 0, FUF 37 % 9 Wi J5 3000 24 k214 YA 97 4 WML 3 7 LB S o s e 1
P B AR AY X TR AE AT LA 3k 25 00 1 18] 27 ME— B i T — I 20 0 SR O 2%

Bollerslev' ' # 1 T ARCH By —Fh B4, FR O GARCH BERL, 2535 2 a8 (31) 6 &, BRIt
16 4 { a,} i £ GARCH (e, s) FE 81

a,— o,¢e,
m (31)

—ao+2aa, Z+Zﬂd, ;

m

Ko {e, } REFHMANL T 20 L1Ld BH 00> 0,0,=0,5,=0, 20‘ +Eﬂ1<1
#E ARCH Ml GARCH A8 8 Hr , af RIGAK @, B9 Wk 7 25 02 o, ZE AR TR RO S B 5 3L, X6 o (975 4k
HEAT TR S AL AR T AR AR R 0 AR A AR A
Xt F GARCH R, A 1 25 B 1 1) 288 BB R0 412t i i P ) 92 A 2 3 i BEKK #2789 DCC/
cDCCHERI 1) GARCH BERIAE &2 4 A8 1 T A9 HE . 3l i BEKK A Il cDCC B, A LUK £
Y 1sf AE Ty 2 A R R AT AR
BEKK #5832 FELAEU 2 i 15 220 1) I Bt B0y 22 6 B 52 380 15— Bk 20 14 5% s B9 Dy 2 66 16 R0 4 iy s %1
W AR SRR L A 2 e — AN IR AR U G W A R B AL B, Ay, = H | Pr,, BRA
cov(y,)=H,, BEKKERIE WL — B i 5 MR 2
H,=C+ Ay, \y/ \A"+BH, B' (32)
2y, € RY ZRIR 21 i 200 (0 L0 50405 | H 45 A0 B 5 22 R B , C 2 — A PR I 58 6 4, A R B J: A5 (1
SR o BTN ) i I SRR T AT Y, DO R AR R 4R
AT =E(yy ), %I =C+ ATrA" + BIrB" ,BEKK i & aJ ) 15 }ﬁ%ﬁ
H,=T — ATA" —BI'B" + Ay, .y \A"+BH, B' (33)
3 3 SR (AR A, T UK R A S BGIE AT T Al . 1 S PR AR T Oy 2 BN T T, 22 5 P R K AR



1318 R E B L Jowrnal of Data Acquisition and Processing Vol. 39, No. 6, 2024

SRIT AT A I B,
BEKK B iA ] DL — 25 il 46 0 5 i UAS , 6B A 5 240 o 1 g 40 i BUR S B B A FI B, 1
H=T(l—a—pg)+ay, y, +pH, (34)
I3 —Fp DCC A=A T > FRAE B A8 Hi5 J7 25 19 Sl A8 ek S 41 7 200 /0 (9 R 36 1, — A I AR 48 10 14 8 R AR 2

cDCC AL, 4
1 1

H,=D?R,D? (35)
KD, &M X MBI, XA ICE R h,, = var(r, |F,,_ 1), 7T LA B B 1) % 5l S48 50 20

1
LU GARCH B R s R & A5 M C M e, = D, 2y, NEW S, B R, = cov(eF, ). IBAXTFR,,
AR

1 1

R=Q, QQ, °
(36)

1 1

Q/:(l - a*ﬂ)5+ aQElsz—lezT—1Q/?1+ﬂQz—1
K. Q, & QX M JCZ 4 ML A X f 4 B o AR R 8 S 8UE (S, a, 5}

1 1 1

eDCC # M [ 1k 5 15 T . 4 e =Q %, it A cov(elF, )=Q’RQ,>=Q,. M i A
T »
el T BLLRA L 7 X0 B T
t=1
Sf T BEKK 5 5 F1 ¢ DCC 5 118 2 504 3 0] 35, v DAfdE FH e RARUAR 7 v e A7 SR i . H 2, iy T A
R 5 BN 2 1T 0 T T ) R B A 6 0132 B T AT R bR R e, o BT A AR SR A
TR A B | TR M 32 P 00 2 5 5 00 15 A W e o
2.3 SVEHE
16 GARCH B v | i 7 22 o Bl T 1 6 200 007 22 2 9 o2} RVBCHR B 0 BB FE ) a0, ) 5 A e i
S 9 i I 15 5 1 A SR b T il LA O 9 B ML L (P G ARCH B8 6 o % FE3E 47 e o ok L T
HE— A A B . SV 7 2 9 AR B 2 T A BT DL

aI: Gl‘ef

(1 — i a,B’
p=1

A& =Ino/, WTLUFH{E}E—D ARGm)IFF .
Jacquier Z 5 F1 Kim 2570 S, 0] LA AR (1) i 75 ok 6 J7 22 06 % B A7 A 1 350 U0 5k 4
{yle=1,2,-+, T}, B4 SV BRI RKIRH

37
Ine?=a,+ v, (37)

el
Yi— €Xp 2 €

hy=p+¢(h, 1 —p)+ oy,
e, Mg, BRI Li.d. AR R AR 23 A0 MR RS o UL KA 04 9 I 5 25 9l iR A exp (), X B { B 82
H— AR IR,
Kastner 257 3 1 7T U 2 2R 7] 9% 52 4% K 9% (Markov chain Monte Carlo, MCMC ) 77 ¥ 3 % Jt il
SV EL R 47 SR . T EAG ISR B AR SR E A T R B 7 2, 1)
{1, 9. 0%}

(38)



W F.oaedEPARERRNE T AR R ER 1319

XTIt SV RERY X R AT AR e, 8 L 30 [m] 5 S 5 22 05 O B, A
y.=In(y/)="h,+ In(e;) (39)
AR5 5 AT LI T by YO8 0 550 4085 2 47 0 o 28 48 | 75 B T Y R o T AD R BRI, R O T B
b B B 3 B A, AT LA RS- O S A S R B — AR B B RS AR Sy T AR MR IE AR )
A5 B9 - 7 %ok K, 33 R — A M P Ao B RS SR H R BT . Omori S48 BT LA — b+ 3 10 w5 30T TR A B R
AT L A B In(e))r,~ N (m,,s2 ), Hbr,e{1,2, -, 10} 8" HJE TH—MRE 52 {m,, s}
FORE T r S E R 2%, TRA
y=h+m, +s.¢ (40)
T BATAME T — A F N TR 0 00 20 AT R 7R o Sk (9 PR AR i o
i FH MCMC J7 i X B (AT A6 TH A5 247 DUt #E 2 ,  B HRE 4R e R S8 kR . RE
Wror A WS i — i B R p(r, = 2B Ll SCBR (48] 45 . X FRAR(D M SH, H RN
pps o o®), T LA R HOR ST 19,5 p (s o 0™ )=p () p(p) p(0°)e X TF g€ RS I e i a5 540 14 o $47

1
S B N (b, B,). M F g€(— L0, 8 D Bla b)) I B KT ot K
i«/FNN(O,Bg),?%ﬁﬁGZNBg-x{Z—G(;, 2}3 )ﬁz;@ﬁ%yﬁ

AR WA L EE N h=y+ ¢h,_,+ oy, Hh ,y=(1f¢)ﬂ,%Eﬁp(ﬂm:N(m(h

¢>,B,u<1—¢>2),x¢{y,¢,02}mﬁeﬁ%mﬂ¢{ﬂ,¢,02}ﬂ:ﬁ%1¢0

ZMCMC REETT LUGE G DA T 2R BRSC8, DL T AR = U8 .
(I)E‘Qﬂ:h:[lzo,hl,---,hT]TXULTh[,Q]:[hI,hZ,---,h,T]T,ﬁTéﬁp(h[,m\y,r,y,¢, az)o X T HIRAE Ao, R
ﬁp(h()VLI’#’ ¢’ 62)0
(2)KT{y, , *} 3T v, KB p(yly, ¢, 02 ); 5T ¢, REEL(Ply, v, 6°)o T T o>, FAEp(oly, v, ¢)o
B)KTFr=[r,ry - ry T r, REEp(r,= ky, k)

Kastner 25 75 J5 e WF 58 ol — 4k SV AL RUE | ) 2 4k | 0REHE T B9 AR Bt 208 3o — Se A8 0 7 1wl &2
Y SV B O i o 24— 4 SV AR IR 5 SR 43 ISR i o IeAh , FIF 23 2 S0 Jr ik , 76 2 4E SV i
) 5L il - RE A% 451 A 14 R AR A A A I 1, DT T LA R R T A A Y (R X T A 2 A A i MC -
MC KB RR A5 TR 8, A A8 10— 8 Hoazs FH 300 2% 08 75 52 T S 5 A 00 [R]85, 8 7 150 3 1B e
kR
3 FEXW

3.1 SO MEREEINSREHESE EMXXE

B BT 5 o 30T 43 A0 A TR T S0 VA 2 Y RSO R AT A R R L A R A il
Ll 5 3 g 0 S0 BT S TPTX-Grimsby 2086 45 F Filel B85 o A9 2= 0% 4 247 PDF L& B 1
AN T B S 5T 0 TR A I R] R S [l i o B R . PR 2 0% v — AN R R R B A A PR S RT3
RIZ I B TR A BT R G s R B A SR T %R BT 4l 2% IR A A B 52 PDF 5 43 B
Th 038 30 g BRSSO AT R A R A B A A B wT LUE L 3 R I SO R BA R A
UG RO, 30 R B SO A B 45 SR A= 0.291 9, 4 25 £ B i 8L A& 45 SR kv = 0.752 5, 386 4l 2 SCHE Y 40



1320

R E B L Jowrnal of Data Acquisition and Processing Vol. 39, No. 6, 2024

GEER N v=2.867 7, [HRMHE G 5040 0977 1k kb B AE A0 22 WA A7 A6 R, DL ALG RICR S g 1
i % 1 (Inverse Gaussian, 1G)-CG R, i FH 5 P40 G S 804 U0 BLECHE | Qn &1 5 o, 7T LU ZE A 5
O3 A A G ARG (0 45 SR 25 0% i [E] 4 (4 T RS AR DG R 2 R — SE RSP AR AR AE .
3.2 EFTFRREBBEFHTVARERSE AT AEREINEHREHEE LXK

X TVARBER B 5 25 58 A0 5 850008 36 UE AR Y 0 A 00 o SR A R 780 iy P 38 52 000V 2% U
TS EUL T BB AR A TVAR2) B A AR AR RECH A8 AL 8] 6 TR ol FH i L AR
B P TE AN 7 s, T LLE AR S 2 AR A A — A AR ] R AN AR Bl . X% 0 RS AT S 8

[ H5RE / dB 8
4000 p 5 250 6
£3800F" 200 % 4
& 3 600 150 = 5
= 3400 oL 100 0
- . & - o 10 2 30 40 50 60
0 10 20 30 40 50 60 AE] / s
HE /s 2 B T A 1
FI1 TPIX-Grimsby £ 8¢ File 1 A0 9 1 11 -5H 2 1] 3 Fig.2 Amplitude of sea clutter in noise range gate
56 [ 1R

Fig.1 Time-distance echo intensity image of Filel in IPIX-

Grimsby dataset

4500
4000
3 500
3000
K 2500
2000
1500
1000
500
% 1 2 34 5 6 7
e BE
B3 W I DI AR R Y O B

Fig.3 Histogram of amplitude of sea clutter in noise

range gate
8
6
H,
2
0
0 10 20 30 40 50 60
FFTR] / s

5 HMIG-CG 43 A i 07 FLECHE
Fig.5 Simulation data generated by IG-CG distribution

0.6
05F ‘I,\\‘ """" ﬁugﬁﬁ
i - B

4 5

F 4 ARFEZOEG T H CG 2310 X 52 0 2% 9 400 1Y
A RCR
Fig.4 Result of fitting measured sea clutter data by CG

distribution with different texture

o

o 05F —a(n)

i

= e a,(n)

K 00 -

hﬂ@_—({» .....

g05b~ . .

am 0 1 2 3 4 5 6 7 8 9 10
ARl /s

Bl6  TVAR) 2SR5
Fig.6 Time-varying AR coefficient of a TVAR(2)



W F.oaedEPARERRNE T AR R ER 1321

T A THE R AP 8 AT LU A S RO BOMER R A S Bkl X nT DU ] 288 5k
Ok HE— A5 Ak BRI A4 S B8O T B A8 TE A5 R o O R G i A2 OB T R R ARSI Ak B D IR A i —
i M P IR 2 S A SRR RN LR AR 9 B R o B BT 2R P A ARF AR R (] TVAR(S) W Kt 47 =
bt 25 RN 10 s, n] RLFE Y, B 28 55000 I J50R w5, 28 500 208 X RB /DN, 5 B 28 KA 46 o {55 i
AT )6 B 28 BOMT e 2 22 AR /D, AT LA 32488 R LA R Xl B 4005 28R L I8 AR B 9 28 (0 I
FA PR IR TLIC B, %) TR 2R 5T A AR S R 0 (R, 2R A R AT R ik — P O

10 g 10 -
:E[ 05 _a1(n)
b e . = A~
g o g CRhoam e
= #]00F T # :
-5t L = G
o2 3 4 s 6 7 8 9 10 E-wo '
B /s m 0 1 2 3 4 5 6 7 8 9 10
e /s
TVAR(2 4 . IR
B7 TVARQHMBHHPHE IS TVAREEM S EA 4
Fig.7  Waveform ofa TVAR(2) Fig.8 Parameter estimation result of a TVAR(2)
10 fou|
4 = = =
s z Ll — ) afn) - an)
= B OO0k P '
St R g 1
0 20 30 a0 30 60 = g [ e L oam )
@m0 10 20 30 40 50 60

A fa] / s
19 S 2% i H5H i) S

Fig.9 Real part of measured sea clutter data

B E] / s
PR 10 X 52 2 i A L AT TV ARG i1 A9 25
Fig.10 TVAR(5) estimation of measured sea clutter data

3.3 —#BEKK#ER{FHELE

X F GARCHBERL, % [ — A SR AR 0 (1)=y(1 —a— )+ ay’ (¢t — 1)+ po’ (1 — 1), 1l
— % BEKK # % | J8 4 JH X % 1 48 & (Log likelihood ratio, LLR) & LLR(a,p3)=
—2 (Ing*( e—=1)/6% (1) HHTTESE y =23.a=0.3.4= 0.6 K4 W5 B 11 88 T

U5 B U TE 5 068 0 14 5% 44 7 2540 A o (8 — 4 BEKK B BLUDR T3 % 05 8 19 — LLR, H EHMG an il 12 fir

_ 10F 300
= 0 250
e . h . . . . . . 200
0 01 02 03 04 05 0.6 07 0.8 09 1.0 ﬁ
BT / s =150
(a) Waveform of 1D BEKK model 100
1
00 0
= 0
< 50 0_(())
0 )\ ..”‘\-\.N\.l hi A A Adbr dan NA n g N ’
0 01 02 03 04 0. 5 06 0.7 08 09 1.0
B fE] /s
(b) Time-varying variance of 1D BEKK model
K11 4 BEKK L% {5 2 & 1% K12 —4k BEKK A8 71 LLR E{%

Fig.11 Simulation of 1D BEKK model Fig.12 Negative LLR image of 1D BEKK model



1322 R E B L Jowrnal of Data Acquisition and Processing Vol. 39, No. 6, 2024

7R, X T % R T AR /MBS X B R /N BB R 45 R 7 = 2.870 8.4 = 0.270 3, =
0.628 6,45 e HAG R U A vERAPE o (02— 4k BEKK BRI R oF Z0pb K 21 i [a) 1y 51 4 3 15 38 5, 6 ik %
HLUEAT R VTS B A A DAL T i, dE DL AS B 24 IR T A AR RS I )
3.4 SVHEEMCMC REFERMEREDH
Xt SV AR e B X AT L. (S y=1.1.0=05.0"= 22875 E 741
D5 FLPIE AN 13 Bz A 45 5 2005 I8 F0O6F ISP 05 % Blowmi b 2015 (9 9% 0% o %2 05 BLEUE 64T MCMC R
B RFELE R NP 14,15 R 3 3R T % B AR 33 72 19 AR 28010 R AR 45 5 0 %% AR i B 908 (14
R HP AR S80S HHE 48 91 7 = 0.947 4,0 = 0.602 6,67 = 1.842 4, 1% MCMC 5% (¥ i ] &
Z B R I 16 T % EMR R 7R T B TE S 800 B0, SR JIT 0 1% B [ 6F 107 38 i 1) G 3R, IsF [ A2 2% &8

1.2
1.0
=08
0.6
00 0.1 02 03 04 05 06 0.7 08 09 1.0 0 100 200 300 400 500 600 700 800 900
RIR] /s SREEUEL
(a) Waveform of SV model (a) Sample result of y with mean of 0.097 4
0.8
0.7
S 0.6
0.5¢
0.0 01 02 03 04 05 06 07 08 09 1.0 0'40 100 200 300 400 500 600 700 800 900
HFE] /s FRERER
(b) Waveform of log of square of SV model (b) Sample result of @ with mean of 0.602 6
13 SV U7 R R 32
Fig.13 Simulation of SV model g 2:0 L
1.5
1L.op_ Y, A . . . . . .

0 100 200 300 400 500 600 700 800 900
SRR
(c) Sample result of ¢ with mean of 1.842 4
B 14 XF SV BRI H Y B AR a3 B S R0 SR AR 5 AR

Fig.14 Sample result of latent AR process in SV model

500
: 450
= 400
I I B @ 350¢
0.0 0.1 02 03 04 05 06 0.7 08 09 1.0 ,_ 300 |
I(E] /s =250 +
(a) Real value of latent AR process % 200 L
6 B
4 150
< o 100 f
0 50
20001 02 03 04 05 06 07 08 09 L0 %0 T000 2000 3000 4000 5000 6000
A /s Ggllee s
(b) Estimation value of latent AR process B16 SV 5 805 BT e St BRI ] i 55 &
BI15  xf SV B AR SR (402 8 Fig.16 Relationship between the number of SV model

Fig.15 Estimation result of latent AR process in SV sequence points and required sampling time

model



W F.oaedEPARERRNE T AR R ER 1323

KECE O (n?), WG BB , 7 5 B 18]t 25 0 B AN . 7 SRR 1 55 61 5 &b 380 ) 43 o, i 7 1 B FF
ARG, XE LAIZ 3 52 00 96 21 B 0 oy AT 7 0k — 25 A Al SV R A A 3
4 LHRIE

ARSCEEE T A @ A TVARBEA GARCH AL RN SV AR A 45 — BB o) = S B ifg 44
P AT vk o XL T LR AT LA KR A A AL A AR PRI 2 B . T E AR TR %S
T Ay 1 AR A VA 2% T T 1) S BRI 1 0 BT A B0 1 5 (E R i O vA A S 19 24k PDF TE 048
SR MELL RS S T TR T . W T TVARBEA, i T AR B (i 22 5002 I 78 4, B84 1)
HY BE A5 3] T AR K =, BB AR A b XV 2% D AT LG 5 (U245 2 B A8 AR REBUS , W] AR 48 L33 1 s
A BRI S AT A i i — 2D BE 5T . X T GARCH B BL, 2 4k 47 BEKK BLAIFT cDCC AL S 1% 28
Y (14 2 5055 I A AR 2 B0 AIK L EUB BAR 2 BRI 1 ey B RS w8, O L 78 1) 2 A T I S v 48 e
A R AL O . X T SV BLE H7E GARCH B85 b4 A I T 56 T I 725 By 7y 2% 45 kg 19 3
S PR TREALY A R R AR Y S B T AR A R 5 MCMC R R AT R AR AR T —Fh
fiff ok EL K, fHE MCMC SR AR J5 AT A AR R 1S3 TF 4, T 12 B4 B HH 3 S B i) T s A R e rp o AT
A AR S AR 5 Ak 5 i LA SHe U RS B AN AR B L AT i — AP A SR AR AR o i AR AR T 1
AT 1] =l - e v 2% D 75 5T A () A4 1% 5 A )y ik

Sk
(1] P A W 5 055 BRI 7 #5 (D] AL 5E: o e v BB 4 P 2 ) ol B B S B L 2022,

YAN Yujia. Research on weak target detection methods in sea clutter[D]. Beijing: Institute of Electronic Science and Technolo-
gy of China Electronics Technology Group Corporation, 2022.

(2] KAY SM. geitf5 S A MAL AL (M. bt BT Lol th RkE, 2014,
KAY S M. Fundamentals of statistical signal processing[M]. Beijing: Publishing House of Electronics Industry, 2014.

[8] sk&E 2,56, % A QAR M DEM B HLER TG TR ik b 2% 9 07 #0057 14 [T]. Kol R 46 5 40 B, 2017, 32(4): 785-791.
ZHANG Jinyu, QIN Juan, LU Xiaoguang, et al. Airborne weather radar clutter simulation using QAR and DEM(J]. Journal of
Data Acquisition and Processing, 2017, 32(4): 785-791.

(4] R R, w45 LBRTR Bk i A s N A 1 2 B ) Oy vk (], i R 4 S AR B, 2015, 30(2): 417-423.
HE Jie, FENG Dazheng, MENG Chao, et al. Two-stage dimension-reduced space-time adaptive clutter suppression algorithm
for airborne radar[J]. Journal of Data Acquisition and Processing, 2015, 30(2): 417-423.

(5] PEWIRL, dAr AR RS S WL A Ik AT e 2 s A8 1l O A Bk [ ). B s A 23 TR R 2 24, 2013, 45(1): 88-93.
SHEN Mingwei, MENG Xiangdong, ZHU Daiyin. Efficient adaptive algorithm for short-range clutter suppression of airborne
radar[J]. Journal of Nanjing University of Aeronautics & Astronautics, 2013, 45(1): 88-93.

[6] KITAGAWA G, GERSCH W. A smoothness priors time-varying AR coefficient modeling of nonstationary covariance time
series[J]. IEEE Transactions on Automatic Control, 1985, 30(1): 48-56.

(7] TSAYRS. Gl EE /7 5385 T RIEF M. 650 HUBKCT L Rk, 2014,
TSAY R S. An introduction to analysis of financial data with R[IM]. Beijing: Publishing House of Mechanical Industry, 2014.

[8] PAKEL C, SHEPHARD N, SHEPPARD K, et al. Fitting vast dimensional time-varying covariance models[J]. Journal of
Business &. Economic Statistics, 2021, 39(3): 652-668.

[9] KASTNER G, FRUHWIRTH-SCHNATTER S. Ancillarity-sufficiency interweaving strategy (ASIS) for boosting MCMC
estimation of stochastic volatility models[J]. Computational Statistics & Data Analysis, 2014, 76: 408-423.

[10] BAILLY G, VON SACHS R. Time-varying covariance matrices estimation by nonlinear wavelet thresholding in a log-
euclidean riemannian manifold[R]. LIDAM Discussion Papers ISBA 2024004, 2024.

[11] ZHAO S, KONG M, LI R, et al. SCARNet: Using convolution neural network to predict time series with time-varying



1324 R E B L Jowrnal of Data Acquisition and Processing Vol. 39, No. 6, 2024

[13]

[14]

[16]

[17]

[18]

[19]

[20]

[21]

[27]

(28]
[29]

[30]

[31]

[33]

[34]

variance[EB/OL]. (2024-05-13). https://doi.org/10.1007/s11042-024-19322-5.

FERMANIAN J D, POIGNARD B, XIDONAS P. Model-based vs. agnostic methods for the prediction of time-varying
covariance matrices[J]. Annals of Operations Research, 2024: 1-38.

ZHENG T, YE S. Cholesky GAS models for large time-varying covariance matrices[J]. Journal of Management Science and
Engineering, 2024, 9(1): 115-142.

ZHOU W, XIE J, LI G, et al. Robust CFAR detector with weighted amplitude iteration in nonhomogeneous sea clutter[J].
IEEE Transactions on Aerospace and Electronic Systems, 2017, 53(3): 1520-1535.

TAO D, ANFINSEN S N, BREKKE C. A comparative study of sea clutter covariance matrix estimators[J]. IEEE Geoscience
and Remote Sensing Letters, 2013, 11(5): 1010-1014.

ORLANDO D, RICCI G, SCHARF L L. A unified theory of adaptive subspace detection Part I: Detector designs[J]. IEEE
Transactions on Signal Processing, 2022, 70: 4925-4938.

WU H, CHENG Y, CHEN X, et al. Adaptive matrix information geometry detector with local metric tensor[J]. IEEE
Transactions on Signal Processing, 2022, 70: 3758-3773.

LU Z, ZOUBIR A M. Source enumeration in array processing using a two-step test[J]. IEEE Transactions on Signal
Processing, 2015, 63(10): 2718-2727.

GAOY, L1J, BATY, etal. An improved subspace weighting method using random matrix theory[J]. Frontiers of Information
Technology &. Electronic Engineering, 2020, 21(9): 1302-1307.

GUO Z X, SHUI P L. Anomaly based sea-surface small target detection using K-nearest neighbor classification[J]. IEEE
Transactions on Aerospace and Electronic Systems, 2020, 56(6): 4947-4964.

YAN Y, WANG R, HU C, et al. Coherent detection of weak moving targets in compound-Gaussian clutter using nonlinear
pre-processing system: Performance measure and implementation[J]. IEEE Transactions on Aerospace and Electronic Systems,
2023, 59(6): 8598-8613.

YANG Z, CHENG Y, WU H, et al. Enhanced matrix CFAR detection with dimensionality reduction of Riemannian manifold
[J]. IEEE Signal Processing Letters, 2020, 27: 2084-2088.

YANG Z, CHENG Y, WU H, et al. Manifold projection based subband matrix information geometry detection for radar
targets in sea clutter[J]. IEEE Transactions on Geoscience and Remote Sensing, 2023, 61: 5110415.

CONTE E, LONGO M. Characterisation of radar clutter as a spherically invariant random process[J]. IEE Proceedings F
(Communications, Radar and Signal Processing), 1987, 134(2): 191-197.

WATTS S. Radar detection prediction in K-distributed sea clutter and thermal noise[J]. IEEE Transactions on Aerospace and
Electronic Systems, 1987 (1): 40-45.

BALLERI A, NEHORAT A, WANG J. Maximum likelihood estimation for compound-Gaussian clutter with inverse gamma
texture[J]. IEEE Transactions on Aerospace and Electronic Systems, 2007, 43(2): 775-779.

OLLILA E, TYLER D E, KOIVUNEN V, et al. Compound-Gaussian clutter modeling with an inverse Gaussian texture
distribution[J]. IEEE Signal Processing Letters, 2012, 19(12): 876-879.

KADIR D. Bayesian inference of autoregressive models[D]. Sheffield: University of Sheffield, 2018.

SONGSIRIJ, DAHL J, VANDENBERGHE L. Graphical models of autoregressive [EB/OL].(2011-02-23). https://doi.org/
10.1017/CB0O9780511804458.004.

DENDRAMIS Y, GIRAITIS L, KAPETANIOS G. Estimation of time-varying covariance matrices for large datasets[J].
Econometric Theory, 2021, 37(6): 1100-1134.

KANG X, DENG X, TSUI K W, et al. On variable ordination of modified Cholesky decomposition for estimating time -
varying covariance matrices[J]. International Statistical Review, 2020, 88(3): 616-641.

WIESEL A, BIBI O, GLOBERSON A. Time varying autoregressive moving average models for covariance estimation[J].
IEEE Transactions on Signal Processing, 2013, 61(11): 2791-2801.

CAPORIN M, MCALEER M. Do we really need both BEKK and DCC? A tale of two multivariate GARCH models[J].
Journal of Economic Surveys, 2012, 26(4): 736-751.

CHIB S, NARDARI F, SHEPHARD N. Analysis of high dimensional multivariate stochastic volatility models[J]. Journal of



14

WoF . me ARSI TR AT R R 1325

Econometrics, 2006, 134(2): 341-371.

[35] PITT M K, SHEPHARD N. Time varying covariances: A factor stochastic volatility approach[J]. Bayesian Statistics, 1999,
6: 547-570.

[36] CHAN J C C, EISENSTAT E. Bayesian model comparison for time-varying parameter VARs with stochastic volatility[J].
Journal of Applied Econometrics, 2018, 33(4): 509-532.

[37] ABANTO-VALLE C A, LANGROCK R, CHEN M H, et al. Maximum likelihood estimation for stochastic volatility in
mean models with heavy-tailed distributions[J]. Applied Stochastic Models in Business and Industry, 2017, 33(4): 394-408.

[38] WHITTAKER E T. On a new method of graduation[J]. Proceedings of the Edinburgh Mathematical Society, 1922, 41: 63-75.

[39] SHILLER R J. A distributed lag estimator derived from smoothness priors[J]. Econometrica: Journal of the Econometric
Society, 1973, 41(4): 775-788.

[40] AKAIKE H. Likelihood and the Bayes procedure[M]. New York: Springer, 1998.

[41] ENGLE R F. Autoregressive conditional heteroscedasticity with estimates of the variance of United Kingdom inflation[J].
Econometrica: Journal of the Econometric Society, 1982, 50(4): 987-1007.

[42] BOLLERSLEV T. Generalized autoregressive conditional heteroskedasticity[J]. Journal of Econometrics, 1986, 31(3):
307-327.

[43] ENGLE R F, KRONER K F. Multivariate simultaneous generalized ARCH[J]. Econometric Theory, 1995, 11(1): 122-150.

[44] ENGLE R. Dynamic conditional correlation: A simple class of multivariate generalized autoregressive conditional
heteroskedasticity models[J]. Journal of Business & Economic Statistics, 2002, 20(3): 339-350.

[45] AIELLI G P. Dynamic conditional correlation: On properties and estimation[J]. Journal of Business & Economic Statistics,
2013, 31(3): 282-299.

[46] JACQUIER E, POLSON N G, ROSSI P E. Bayesian analysis of stochastic volatility models[J]. Journal of Business &.
Economic Statistics, 2002, 20(1): 69-87.

[47] KIM S, SHEPHARD N, CHIB S. Stochastic volatility: Likelihood inference and comparison with ARCH models[J]. The
Review of Economic Studies, 1998, 65(3): 361-393.

[48] OMORI Y, CHIB S, SHEPHARD N, et al. Stochastic volatility with leverage: Fast and efficient likelihood inference[J].
Journal of Econometrics, 2007, 140(2): 425-449.

[49] KASTNER G, FRUHWIRTH-SCHNATTER S, LOPES H F. Efficient Bayesian inference for multivariate factor stochastic
volatility models[J]. Journal of Computational and Graphical Statistics, 2017, 26(4): 905-917.

[50] KASTNER G. Sparse Bayesian time-varying covariance estimation in many dimensions[J]. Journal of Econometrics, 2019,
210(1): 98-115.

fEEE AN

EM(2000-), 55, W1 B 5T
Az WESETT 1) U AT 5
1% 5 ¥ W, E-mail: 602023
230083@smail.nju.edu.cn,

A B (1984-), 55, 4z, 1l
b2 S0 B 58 1 E A
5 2 Bkt BE S E
54k # , E-mail: ychbai@

nju.edu.cn,

(%4 TR 3E)



