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Sea-surface small target detection combining optimized feature mode
decomposition and spectral entropy feature
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Abstract: Aiming at the problems of complex feature extraction and low detection rate in sea-surface small target detection under the
background of sea clutter, the data characteristics of sea clutter and target echoes are analyzed, and the applicability of feature mode
decomposition (FMD) in sea clutter signal processing is studied. Based on this, a sea-surface small target detection method combining
optimized feature mode decomposition and spectral entropy features is proposed. A hybrid intelligent algorithm combining symbiotic
organism search (SOS) and particle swarm optimization (PSO) was used for parameter optimization, and multi-scale envelope spectrum
entropy ( MSESEn) was used to extract signal features. A deep extreme learning machine ( DELM) classifier model with controllable
false alarm is constructed. The normalized feature data is input into the model, and the decision threshold is updated in real time by
comparing the predicted value and the decision threshold. The false alarm rate of the control model is realized, and the reliability and
detection efficiency of the algorithm are improved. The IPIX data set is used for verification, and the detection rate is improved by 18%
on average under HV polarization mode, which shows that the performance of the proposed method is better than that of Fourier
Transform and three-feature detection method.
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Fig. 1 Flowchart of FMD algorithm
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Table 2 Description of IPIX radar data
He g W@ WRE/ M/ Hiw

557, 1/,
Z R

H'5 AR (km-h') m (°) Hit L
1 #17 9 2.2 9 9 8,10, 11
2 #26 9 1.1 97 7 6,8
3 #30 19 0.9 98 7 6,8
4 #31 19 0.9 98 7 6,8,9
5 #40 9 1.0 88 7 5,6,8
6 #54 20 0.7 8 8 7,9,10
7 #280 10 1.6 130 8 7,9,10
8 #310 33 0.9 30 7 6,8,9
9 #311 33 0.9 40 7 6,8,9
10 #320 28 0.9 30 7 6,8,9
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Fig.4 Convergence curve of optimization algorithm



122 LSRR R e o

39 &

N = A WAL T IE ARG A PAT T X FMD M SRS L = 80, MEHUMF MR LXKy #26 2115 KL
REMIFRTHICR f FMD S BB B n =10, 380 IRdEATscse, 16 5 B o iAb)s 9 FMD sk A

Modelg'%gE AT \ A\ A N AN N A AL N aflf
T0 =L AT I AR W YV VIV A Yy

Mode2 QFE ol bl ol I

\
-0.1 E W VWA WY VWAL LYY TN WV W WV SN WYLV
I
1

Mode 3 020 E YO RPN TSPURVUUPRN TN T
-0.15 L
Mode 4 0% P’ o
-0.2
Mode 5 0% F st
-0.2
0.1
Mode 6 0 ’l Ay ”“‘v I |
0.1
0.1
Mode 7 F
-0.1
Mode 8 0‘0(5)
-0.04
0.04
Mode ‘)700 2 E s wﬂi‘“ ST T— ,IW\,HWWMW *”F e «NMv,Mw‘wy,Wrwwm\vl.W}MWM %,,‘?M\\\www-u\lmﬂ MMW.V.' "({f#W"‘!’*MM'W\M)\‘M%\M‘Wj
0.05

Mode 10 0 p— wr»—wwmw ru .Mwwmlw P—— *Ww*ﬂ w»».l «Ww»m?«w %pwww»- »4}*%%»«» w%«» s
-0.05

WAL

1!

| T— “}v A M teponth m
WA At i

| P

PN NTTIT Y
M ‘”‘“,yl‘.‘\r.‘f‘)\w

(,‘,‘.\- b gt i ‘“'\“‘h\"J/r‘re;,,vh\"/u\',”/"l‘.‘f""‘" '/1'.\'!/---“"“'v\‘.‘a','.\',‘m»w-» v\%‘,‘»:.‘,‘mwk\"n‘.\'ﬂ: - r,‘\l'/m,\wnfcc‘,’.‘-\'{,‘,‘M-\’rw v--v'-a‘;'f,\";,‘.\»-a»w‘.'.‘:m\"w.w
L / 1 I 1 L 1 L I .

E -u\\u//lu"fl-‘mw,‘(“&x\“\-‘r,\\w‘ﬂA\U“'hAM‘.\,"m} m\\“‘,‘»/H!/s«;,l,‘(m‘qr»-/w‘-«“u“,qf'J(W/ﬁk\\\\vr.\xg\wll"\‘www‘\“‘.r.l..m‘.‘.vrJJI‘,',‘,\'.‘,“r,Wf u?wm‘.‘J{‘k«.';m‘(,ﬂ-x\\\\vn"w,um‘,u»v h ",', [ ‘,‘“ i ‘,‘,‘{‘,A«‘u-wm, ‘|‘ﬂ e

100 200 300 400 500 600 700 800 900 1 000
FEA R

5 FMD i3k &
Fig. 5 Time domain diagram of FMD

FEERS I A3 B9 10 AR S B pEAT 0 16 Ak 2L

Mode 2
K

A A I ROl 747 4, (768 450 B T
i EL S DA 5 LR OGO . %% 3 7 oy

500

7, Mode 2 Mode 3 Fl Mode 4 fJAHC R E04>0. 3, [A) A 42, g 22 (I)F\_/\/_
ZRABIR L THARACY o BT A RS 40 R AT T —” 0 500

BN, & I — MR MRS I, VRIS SR ik 52 R < 1 FEA,

BRI 5 . 30t — 5 U0 UE Y S B B 15 1 Fo— N\~
P, PRI 3 AN R Hh PR S A0 i DL e 3 AN AR OC R EUR /) 1000 -500 0 300

RS I A3 B [ s B A 6 B, i 6
AU, B OR BB STEAR & AL A BRI B) , S B R4 1Y

B LIRS A2 AR T Ll 5 e

Mode 8
Lo

W, AT WA 2
- g0 -
3 BREEE g 711 looo 500 0 500 1 000
Table 3 Indicators for mode selection . i B
WA P AL 45 1 T g ol lﬂ*‘ﬂ PR
Mode 1 0.156 6 0.616 8 s -1 - . .
-1 000 -500 0 500 1000
Mode 2 0.376 8 0.627 3 PEA A
Mode 3 0.598 5 0.348 2 .
Mode 4 0.345 3 0.3826 E] 6 E *ﬁﬂé@ﬁ@
Mode 5 0.009 3 0.585 0 Fig. 6  Autocorrelation function diagram
Mode 6 0.152 7 0.732 1
Mode 7 -0.054 .7 1 =, NI RN ' —
e oo oo P, 2 BIBES S AR AL AR ROSSE I, LIl 7 BT, M
ode -0. . N .
o e 07510 7 (o) BN S B R A0 2 5t T LA o
Mode 10 ~0.005 1 0.734 4 RN A AT % Ak B0 /NI RS AR, 15 B 431

FEAASMEEE . MR 7(b) |, BEEAE 500~2 300 Hz
NIRTFAAL SR A A R L s s i e g . B B 0 55, FLA W M 454, R0 A 3



124 L5 AR AR RS itk T R A 98 T /N A 123 -

RE TR PRARER

03

0.2
o
=

0.1

0 100 200 300 400 500

SR /Hz
(a) AL AT B 503
(a) Spectrum before optimization
02r
0.1F
g 0
,01 -
02 . . . . . .
0 500 1000 1500 2000 2500 3000
S /Hz
(b) L5 IS

(b) Spectrum after optimization

7 FMD g
Fig.7 Spectrum diagram of FMD

3.2 HER SIS

R T BRI VAT, bR R S AR W]
O3t BARBEE HH ik T #54 BE o 1 18 o0 (
ZRi ) FEE 8 BB BRTT ( H AR ML) MR S SE 5 BcHE . Ui
A oM 1. 024 s, BV A 75 1 024 DMEEA S,
ANBE B BT A B Al 128 41, TEITEE S ML R EM
KT, T A — i B, SR A S0S-PSO B
eI N 3+ LN N 5| DN S R el e v L I
MSESEn i35 77 #1522 238 I B eR AL, 647 S/ IME SR A
MG 200, 8 H I ALEEL m IS [1,6] BRI RE ©
HIFEFEIN[ 10,301, % m 3t /)y, AT RE TG vE M Fe A 41T
FY A o m 3 K, T BES I A MR | AT 3 B0 U4 1)
B SCE R, M m o= 3 I, RMSE 78 % {435 2 23 [a] Py Jit
P I AIRAA, 2 BH LA 005 7 91) B8 0% B - b Y- 5 5 2 4%
AR, Wk m = 3 [EE i Ades, T
JEEERTA MSESEn HiiFH3

BiiJ5 B (ELAY RMSE B A i e pm il | AN [l sl [i) RO
Kl 7 T~y RMSE k(s 8 s, B8 i, 7 =24
A, RMSE HUfSH5:/ME 0. 002 7, X W kAT MSESEn 5
SRR 55 2Z (A1 58 22 de /0N, G 1) DX 43 R0 S B m oy L
AldE,

J T A HEE R R R E R AT o R, SRS
Bom =3, I BIAERT R R BT = 17,24 ,30 B F #E7740H7 .
o) T =17 B RMSE B R AE, BERTZ A 8] RO R 15222
K ; T =24 X0 RMSE fe/MA , ALt R ; 7 =30

0.025F

0.020 |

0.015r

RMSE

0.010

0.005

o_
10 12 14 16 18 20 22 24 26 28 30
I i) RUBE
K8 TR a] KRBT B34 75 AR 22
Fig.8 RMSE at different time scale

Shy JT e ) R Rl A e KA, S R T B g e T 3
256 A MSESEn ZJ5 , Goit A [ R K F 14 (B
BECME9 s, WEIHRTATLIE |, T = 24 BF, BRI
W SISy B AR B i, U A B BT I S

/N,

35: R

HIFK

0.1 02 03 04 05 06 07 08 09

MSESEn/#{&
(a) =17
40
35
30
X s
®
= 20
H 15
10
5

0.1 02 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0
MSESEn##ifi
(b) =24

HIFK

0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0 1.1
MSESEn/#{i
(c) =30

K9 ARREERFH BT EXT T

Fig. 9 Histogram comparison of different scale factors

Fo it AL, 51 AR A T B R R AR AT
XS AT, FEPIEREAR ) MSESEn (58 11 BUA — 16 15 7



- 124 - LSRR R e o

39 &

i TR E S XA, CIEE RN, Y 1 =24
i, BRSNS RN 17. 5% MAET =17 F T =
30 W, AR IK 42, 3% H1 28. 8%, 454K 8 A9 1]
H,m =37 =24 BHIKAESEL A YR KL
MSESEn F#E %8 € P 5 28 51 w] 231, ik 7 SOS-PSO
AL IR W A 22 RUBE S HCE B 7 A 80k 5 A 28
3.3 HilEEES AT

ST RE TR S B R DU B, AR 2 4 R
7T 10 AR AT SR R P L, 278 SOk
[ 24 1% i 2 B8O 1 1 05 4 LU B9 43 BT, AT 128 SO
A6 e AR T 1 A5 AR b, 78 H AR A v 3R 8
LR . 32 PR Sk 28 XM Ak 2CRE A5 B A A5 b i
TR 2, T3 15 2% E RGN SR, JF HL7E B i #54 4
311.#320 i — e L Bl e, RIS, VV #fk b HH
AR AR A= TR A AR BT, B0 VV R AR 205 44
LA,

FEH] DELM 732 88 i 4510 S0 Xk ISR 7 AR
FERZ, S AL B i 8 T A X RO S R I i
SEHG Ik 4 s,

%4 DELM MEHRSHAS
Table 4 Optimal parameter combination of DELM

KAESHL ZHURE
A JZ YR 8
Ty R G 1
Rel )2 57 R gk [22, 14]
W PR sigmoid

P UL A 5 RUBE PR 2 S A 000 A 23R 3 i 5 i
DAL 73 0% A [) A SO s 55 R PR 7 [ 2 J R T
HEATXF e, SOS-PSO-FMD 7E X0 B 4 43 51 4 0.512 s
(N=512) 1.024 s(N=1 024) 2.048 s(N=2 048) .
4.096 s(N=4096) T, RIEHFF Rr=[17,24] F, BEX
P, =107 BRI R &, f1 10 (a) W] SOS-
PSO-FMD ¥F#54 #311 F1#320 45 () 46 ) 2k 58 0 i
I, MIEL10(b) Fl(c) AT LA HY, BE 2 U000 s ) 9 228 4
R D25 B PEREAE 4 PR AL T LR A W T, HZR
10 (d) AT LA H WL (a] i 2 S EUR T 28
BILE R E 1T,

FERLL ESEIE, 325 A [ I KR 4%
A7 G P AR AR 3R 5 AT it O8I B
() PR 8 o, Gz 000 48 ) SF 257 G I R A B B T T 6. 18%
1.88% .0.425% ., FILAE H, UM E R AN 2. 048 s 3 m
£ 4.096 s B, A6 0 AE A 46 i B 2 AEH A FR, HH e fb
T 1.81% ,HV WAL E: EmEAa TR, xR, KA
LIS} [E) 7 R G 000 47 R b R v, ] fE R R ¢
THEAIN T 5 AT E P, PRt 78 e RS D 14 g

Kl 2R/%

R /%

XX] HH

TH

1

ol
“ n
ol
ol
3
o
3
o
o
ol
o
J

|

H17 #26 #30 #31 #40 #54 #280#310 #311 4320
LR
(a) N=512

|

|

@ﬂ

BB
(b) N=1024

«f

#17 #26 #30 #31 #40 #54 #280#310 #311#320

|

KL
(c) N=2 048

K

0 X X X X
#17 #26 #30 #31 #40 #54 #280 #310 #311 #320

#17 #26 #30 #31 #40 #54 #280#310 #311#320

BRI
(d) N=4 096

P10 ASTRDULIN P i) T A A 004
Fig. 10  Detection performance under

different observation durations

different observation durations

LB EZOR AT N VLI B RIS B I 2. 048 s,
£ 5 ANEILMEET A 5 MR =
Table 5 Average detection probability under
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