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Sea Surface Target Detection for RD Images of HFSWR Based on

Optimized Error Self-adjustment Extreme Learning Machine

ZHANG Wan-Dong" ? LI Qing-Zhong? LI Ming' Q. M. Jonathan Wu?

Abstract High-frequency surface wave radar (HFSWR) has been widely applied in ship targets detection and tracking
beyond the line-of-sight limitation. However, the detection background of HFSWR is completely complex, in which the ship
targets usually polluted by all kinds of noises. In this paper, a novel ship target detection method based on optimized error
self-adjustment extreme learning machine (OES-ELM) for RD images of HFSWR is presented. Through the application of
two-stage cascade classification strategy, the proposed approach can impressively increase the detection efficiency in real
time. Firstly, gray-scale feature and a linear classifier are adopted to obtain the target candidate areas. Then, Haar-like
features and a optimized ELM are proposed to identify ship targets from precisely. In the proposed OES-ELM, the sparse
solution of output weights is found by L, /> regularizer process, in which the optimal hidden neurons can be obtained by
pruning the “weak” nodes. In addition, both the output and hidden weights are updated to optimal value by pulling back
the output error to the hidden layer. Experimental results show that the proposed OES-ELM has better generalization
performance. Furthermore, the proposed method has favorable real time and target detection performance.
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g(+), =X (21) HoT:

i (9(X-a+b)—g(X a0 +bo)l[ =0 (21)

EH 1. 45 ¢ RZMIT RA, N AR R AL
X: {(z;,t)}, 1 < i< N,z, € R", t; € R",
RTAER R T, F B 2 (22) A0 (23), W
T — (w™(g(X - agn1 +bgn—1)) - ann—1)l| — [|T —
(u™H(g(X @ +bpn)) - ann)|| > 0 LIHER 1 K0T

g = (I " XTx> X ()

¢ (22)
> sum(X - ap, — g~ (u(H,)))
bs, = N
G = 9(X - Ggn +bg,) " T (23)
Hn - Hn—l + Pn—l (24)

Hrp (1/C+ XTX)71XT BINZFEARLEN Moore-
Penrose Wi, C ZIENREL, g(-) " 2WEH &0
PR, u ST — R u(z) : R — (0,1] K )lgdE
MG BRI 2] 0 2 1 208, ot 2H—fhR
BRI ek AL RN ZREEN O 21 1wl 31 Jr g fin o [
H, 7% n (S8 S SRR AR 25 (A WS AR B P,y
S m UOEACIN PR 22 [l AL

SEHL 1 KW, M IEAIREL n 1R SR3E, PZ5AHAR
PR S AR TR) () A o R 2 SR AR/ A, BRI &
PR IRAAEL IR AR S, 52 B it P S0 B8 i D) ) i3 2
BT AT,

Hn = anl + Pnfl (26)

H, 1 &% n — 1 REF IR E O, 4
)\n =X afn, An iﬁ/@

g()‘n) = U(Hn)

27
A= g (ulH,) 0

AT PR sine BRER, WUREZ BABEAERE:
ag, = X 'arcsin(u(H,)) (28)

A 0 BB sigmoid pRAL, U BSEBUAE R R

4
G — — X1 L
Qp, = —X ln<u( S 1)
HRAE T 1

lu™ (g(X - dpn +bpa)) — Hal| 2
min |[u™!(g(X - apn +byn) — Ha)l| =

afn,bin

™ (g(X - g +bpa) — Hy)l| = |||
(30)

(29)

é'\ ﬁn = u_l(g(X : &fn + Bfn)) = Hn & On,
HASCE S0 [P |12, |[Ho |25 1 Hall?, [ Ha | >
llon|)? WTARRRERZE Ay:

Ap = HHn - anl”z - ||Hn - ﬁn”z =
[ Hp | * = 2(H,, 1, Ho)+
2(H,, Hy 1) — || Hul|* = || Hoa |-
2<Hn—17 Hn> + 2<Hn7 Hn j: UTL>_
| H,, £ 0,l]* = [[H, |~
2(H, 1, H,) + 2||H,|]” + 2(H,, o)~
(Hrzz + 2<Hm‘7n> + HUnH2) = HHnHz_
2<Hn717Hn> + ”Hn71||2 - H0'n||2 =
| H, — Hy | = o] * =

1Pal[* =l [* 2 0 (31)
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T A R 2

Ay =|IT = Hy_y - apn||* = [|T = Hy - s ||* =

H, - ann1 — Hoor - ann |~

| Hy - s — Hy - G| =

[(Hy = Hy1) - apna ||~

(H, — H,) - ann||* > [|(H, — Hoor)|]

llann—1|* = | (Hy — H)|[>

ann—1|[* = (|(Hp — Hpa)|]* =

(H, — Ho)|P) - anns||* =

(1Hy = Hual|* = llo]]*) - Nlann-[* > 0
(32)

N (32) WAREE R (|T — w ' (9(X - dppn +
b)) - mrl] > T — = (g(X - g + bye)) -
apn ||, R LSCHT, AT Gy, = (u (9(X - dpn +
by,))) "t SELME RGN ISR, T

T = u™(g(X - agn+bpn)) - annosl] >
min ||T — v~ (g(X - agn + i)fn)) “apnl| =

Ahn

1T =™ (g(X - +bgn) - anall - (33)
Wt (32) ~ (33), nIH:
T — ™ (g(X g +bpa1)) * nna]| >
min |7~ u™H(g(X - g +byn)) - anal| =

HT—u_l(g(X'dfnJri)fn)) “ | (34)

O

5 KWERESH

T AE OES-ELM ™ 4% i) 45 % 1k K % F
OES-ELM ¥ £% ey #3138 75 15 H A5 YU (0wl A7 1,
AR FEZ A 4 I HHE AT IS RD il KRk
BEAT SEUG. A OS5 SR FH I B 4 o R A 3L
M4, £ 7 & Intel i7-860 (2.8 GHz) CPU,
12GB WAEIAEAE SRR, I MATLAB 2016b
BEAT T ARG LSRG, AR B B0 UF I 1H, 43 5F
OES-ELM K% 1% 38 ELM M5, ES-ELM 4%,
OES-ELM(L,) WM& it475%t k. ES-ELM ¥ 4% 55 77
OES-ELM #1464k B, ¥ 58 b BOBUE BE AL
i HBZH gl 2m (m A% 2485 ); OES-
ELM(L,) W44 IR AR EE B BEI Ly o 10075 4t
N Ly BN, SR BANAR . g OK i S 5,
26— IR AT IR1S 1 OES-ELM M 25 3f fit
FR AP A PERE, Pl SE#f 7 OES-ELM., ES-
ELM. OES-ELM(L,) ¥ AT — X AUEIEAR.

75 5.1 75, TATE OES-ELM M 4% fil HoAih 28
SR Ao 2 0 284 BRI T 6 B, B0 AIE 1% X 2% R AT
TESL N T, 7E5 5.2 7, A1Vt T P 2H S8,
439 A g IA S RD 3 SR B RD i
BUG, SEARSCHE 6 B AR S I Sk AT VP4, JF S
Z it RD 3% HARK I EL7% (— 48 CFAR. H 3N/
W) EATXTEG, BOAE A SRR H AR GE.

5.1 OES-ELM S5H & MEE L MERERTEE

FEIX R4y, FATH K E [FIH (Regression) 153
2% (Classification) o] @K% OES-ELM ¥ 4% 1)
AAPE. 5 5.1.1 N EEAA AL P IR B,
95 5.1.2 NS 5.1.3 T4 4 RS AR E 73
2 i) i AR ] i 350 e e R M e
5.1.1 SRGINERE

At S 5 1R BT A AR A A 4G B4y
SRSy, — 8 A A bR B AR, — A
R R MR, P o NS 38 3 — 4 31 [—1, 1]
2 [R), [BLE o) 5 B U — A B [0, 1] 2 TH). Hds
ARG LR 1 FIER 2 Pros, X Lo s 4838
Nk AN KA H R (UCT) A LIBSVM $#i 4k
(LIBSVM data sets). i ix JLANE a4 T L g 43
PSR A ST AL A k.

R DREARENEAGER

Table 1  The detail of classification datasets
G/ S JEPEEL RS WAL
Hill-Valley 101 606 606
Iris 4 60 90
BCW (Original) 10 300 399
Covtype.binary 54 300000 281012
Wine 13 90 88
Gisette 5000 6000 1000
Leukemia 7129 38 34
®2 ARG R
Table 2 The detail of regression datasets
LAG/TE S JEPEL R DA
Forest Fires 13 239 278
Wine Quality 12 2898 2000
Abalone 8 3000 1477
CPUsmall 12 5000 4192
Facebook Metrics 9 300 200

5.1.2 4rZE)ER
FEIXERSY, XF 4 4% ELM. OES-ELM., OES-
ELM. OES-ELM(L,) i 7 A JHiiite Lt at
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47%

F {4

Lb, BRZHSEEGAREEAT 10 IR, B ah B E T
WoR. R 3 IR R FIEAEAFEE L T U
e, Horh Troace N WEETEZFE AR 7 iR 2%,
Te_acc N MZELEN LTINS K. T ELM ¥
LI Z A2 TC AN BN 22 /0 0o B &R MR RE A AR Y
Wi, (R T ORAUE SEEG AR R AP 1, ELM W 450K
AT 2 ONAA AR B B A B 2 R 28 e A4

% 3 0840, OES-ELM. ES-ELM. OES-
ELM(Ly) 3X =’ 25 1 K31 43 HOH 45 1 43 K7
) R B AT A Pk BE, 1 ELM M 4% HU7E Cov-
type.binary HdE 5 h A HLFIRIL. /I

R 3 AFMELEAF Egnde P rEREXTLE

Table 3  Generalization performance comparision

sk WARES Tr.acc  Te.acc W&
ELM 81.36%  79.44% 300
Hill- ES-ELM 81.36% 98.94% 4 (2m)
Valley ~OES-ELM(L,) 98.63% 97.57% 189
OES-ELM 97.36%  98.66 % 184
ELM 92.02% 82.59% 30
s ES-ELM  89.16% 89.17%  6(2m)
OES-ELM(L,) 92.23% 89.16% 23
OES-ELM 91.79% 90.27 % 23
ELM 92.66 % 87.41% 300
BCW ES-ELM 98.67% 98.50%  4(2m)
(Original) OES-ELM(L,) 97.01% 96.47% 137
OES-ELM 98.37% 98.96 % 123
ELM 77.29% 79.28% 500
Covtype. ES-ELM 79.83% 78.15% 14(2m)
binary ~OES-ELM(L,) 76.11% 7827% 867
OES-ELM 79.94% 7841% 899
ELM 98.77%  84.88% 300
Wine ES-ELM  99.44% 98.86% 6(2m)
OES-ELM(L:) 95.59% 98.40% 42
OES-ELM 95.61% 98.91% 40
ELM 92.20% 86.49% 5000
Gisette ES-ELM 95.68% 84.77T%  4(2m)
OES-ELM(L:) 97.99%  96.09 % 1355
OES-ELM 98.01 % 96.74% 1205
ELM 71.60%  74.36 % 5000
Lewkomia  ESELM  8410%  69.91%  4(2m)
OES-ELM(L,) 94.12% 86.91% 34
OES-ELM 93.89% 87.14% 34

1) MBI R, A5 i N 4E B2 5/ 10 Ho s 4k
th, ES-ELM. OES-ELM Fil OES-ELM(L,) %
PR IR 73 RRCR A AR R, H =2 Z )
01 73 2 280 R 22 AN KL A B N R A K ) ok A

1 (41 Gisette il Leukemia). OES-ELM 1 OES-
ELM(Ly) W% 3005 61k RE B AT B # $2 71, M
ES-ELM I £% (1) i3 5] ¥ B8 I A BAEL 23 87 i[5 24:
ES-ELM M4 B2 Z M AR 2m (m Fint )2
YERR), Il A 2% AL ] v i N R T, AR H 4R
FEAS AT FIAS AL, Tl I 5% &5 44 T 345 11D B2 2
UE IR R R AN BB AR 2o 220 1 iy A R iy A\ 3
1M OES-ELM [ 2% R i [ 530 45 K v A RO X —
BB, AT RSP 4E T ) R G I

2) W44, OES-ELM #1 OES-ELM(L, )
W0 2% 50 I R AR 1) 2 R UER A Tr_ace M, T RAT
Ly o IENH) OES-ELM 4 25 1 % 32 4 1) 1 531 5%
R ERGF, X0 R Ly, IENLL Ly ERALET
SAFI MR SRR, iG-S OES-ELM 526 B3 2 pif
22 TC M HR R L.

5.1.3 [ElY3 5]

ELM. OES-ELM 1 OES-ELM(L,) —Fh4ik
FEIX 5 AN BOE 4R 1 PO RO & 4 R,
' Tr RMSE ASEAER — NG T TR 2%,
Te_ RMSE JyRAE MBI 752, FiAT S8 45 R 1)
20 IRSEEG IS T a5 R, RLAR R OR PERE LA
g WAk 4 Mg, X 5 A AE T, OES-
ELM(L) HRARCR BARANES, (HAHAT Ly s 1E
MIEE ) OES-ELM M 2% AH L, 3d 7 A — & ) 22 B
ELM W2 AE J LA BR A oA B U PE e

R4 AFMELEAFE 4 P IEREXTLE

Table 4  Generalization performance comparision

Bk Jrid: Tr_.RMSE Te RMSE M%7t
ELM 0.1568 0.1958 200

Forest
- OES-ELM(L,) 0.1467 0.1365 163

ires
OES-ELM 0.1480 0.1374 161
ELM 0.2547 0.1799 200

Wine
OES-ELM(L1) 0.1863 0.1977 244

Quality
OES-ELM 0.1845 0.1921 168
ELM 0.0412 0.0816 200
Abalone OES-ELM(L,) 0.0601 0.0659 108
OES-ELM 0.0592 0.0647 115
ELM 0.2550 0.2497 500
CPUsmall OES-ELM(L,) 0.2235 0.2226 163
OES-ELM 0.2021 0.2217 159
ELM 0.3659 0.2185 200

Facebook
OES-ELM(L,) 0.0350 0.0459 27

Metrics
OES-ELM 0.0417 0.0458 27

%5 /8T OES-ELM M8 1353 ELM M 2%
EA R SRS, IEWRECR BT Re LU, Rk 4L
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# 5 ELM Al OES-ELM 7EARIIEMARE T Te.RMSE i

Table 5 The comparision of ELM and OES-ELM with respect to Te_RM SE
o Forest, Fires Wine Quality Abalone CPUsmall Facebook Metrics
ELM OES-ELM ELM OES-ELM ELM OES-ELM ELM OES-ELM ELM OES-ELM
C =22 0.1920 0.1286 0.1534 0.2015 0.1065 0.0742 0.2338 0.2285 0.0956 0.0542
C=2° 0.1957 0.1204 0.2148 0.2159 0.1895 0.0638 0.2398 0.2227 0.1386 0.0499
C =22 0.1491 0.1245 0.1649 0.1958 0.1099 0.0626 0.2345 0.2218 0.1477 0.0612
C =24 0.2048 0.1367 0.2493 0.2226 0.2201 0.0628 0.2561 0.2214 0.1602 0.0418
ik 20 RSEH: Te RMSE KPPS8R R 5 ] 45bR, Hke X h:
DL th, il ELM B 2% Rz Ak fext I C'
FEBUR, C' [P 45 i e 4 I 28 N ZRITBF IR, T Py = TP+ FN 100 %
OES-ELM %6 ({1345 J 6 A 43 ol T IE M p
C W, WS, 7E WL IR FF AT, AT LA Pr= pgp X 100%
BEALIZE HCE I C' RN,
5 LFTi, ASCH 0 OES-ELM 51 )L T-4¢ M. — 100% — P,
T A BB A T B B R R I, R AR IAE: 1)
E, =Py + M, (35)

W2z AT RELS; 2) IENIR C X P 28 1 BE I F AU,
3) BUEAMZ e Eeb R YE Bdla 5 B IGE Nk

5.2 StIEEIE RD EEEHE BRRARER

A 5.2.1 71, FATEAGE H A A A 2
FHAGEVPAS P AR, (B2 5.2.2 T HIZE 5.2.3 Y,
ALY BT T AL, LSS TE S A0k H bl
R
5.2.1 BfrBaainayEIEEIT A IEhR
ST RD 3% H bRk & d 95>k
SEIAYRES (LR SRER AT OES-ELM M 4%) 4,
ATH WAL A5 X, A X, ME A28
AN gE. H 30 IESE RD #% & (K/h: 256 5
# x 256 14 5) A4, X4 RD ik K I
BT R A RN TS S s HLH AR B
LiER Y=

1) XLt Ras g, mASEE X,
t RD i ] A Tk e 45 25 1 K B AE A B, BRI FPE AR
T NAERE h—4E, Wt Y, WA Prig g 321
& HPRETEIX I, s w2,

2) X1 OES-ELM M4 1l g8k, o N4
Xo WREAFEARTIRINYERE N 49 48, LSRR
SHHULMA T T K/NEEE 104 Haar-like 25742
AT, W, Yo MR E R H bR

R FZR M Hbs s Py, % Py, H
PRIAT . M,., BiRE B, 154 B ARkl v Ge o) oAk

TP KK B LS H AR, FN JE AR 3
I HAR S, TP+FN 20 Hbr AN, FP 2K
TR H AR . 6 R T A E e
fi .

R6 A EEREMTEAE B

Table 6  The detail of two designed datasets
Kb AL an i
A R AL =Sl
X1 1274 1 IKIEAE 2 REATT 5
X5 576 49 Haar-like 2 ST Hix
5.2.2 RD i&[E B RS

ARSCHE XS RD w3 AT AL 56 UF 12 5 v )
HESWR H Al i) ¥ SE PRz . w4, fERE
Rl B, ol R AR X0 A X Zmz bk i 4
PE4y288 € FI OES-ELM M 4% Cy. 78R I B,
S INGRLF R Oy ALBEARI RD %K I, 373
sy, S HAREBEREN RD B 1; 26/
Haar-like &% H bri 75 X I 4E B B RFAE, R H
Mg Cy R RS Hbs i RD B L, e 441t
ArRAS RD % B ATE 1 H bR S B

T IR AR SCHRE H VR RS A R D R
X 20 W O AL E () SE ) RD i G 3847 H Aw
ARSI SESG ) &g vh 20 M RD i B H Aw SRl
Py N 92%, MK P AT 6%, HEsmwkR
M, FEERR B, 4300 8% F115%. K 8 &iX 20
s P A5 e ) P g M R ARSI 5 2R, FLrp ] 8 (a) AT (b)
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47%

JEJEG RD i %, B 8 (c) Fl (d) &Ltk
BAFRN H by Ae BUE, fEX MR G, R I
AR H AR TS S XAk, H bR b — e T e Xk
OES-ELM M4 H 2% [Eix se 15 5t X3, [ 8 (e) M
(f) & H bR E %, TLUE HXHIE RD K
W LT T B AR SRR R, R e — e R
AR A a7 W A MR S T =W o e o Nl = R TTDN
22 DX S K RS X IR I HE oK

st

' :

% j ) 5
o w - ]
654 s Sariare . . i
FuA A ‘1
& X . :
. L. d ae L]
v ; ¥ 3 s
AR 2"t . ! oh
\ = R
2 ’ 0% A 2
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(c) The candidate region
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(d) The candidate region
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(e) The final images
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(f) The final images
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Fig.8 The final detection result of our proposed method

5.2.3  Brr=a 4 gext bk

X3 W X A SCEERSCHR (6] 2tk CFAR 5
5, SCHR [10] HIE BN ER AT PR R R b, R SE
B g W A fR - MR RRCOK, RIOE H b A
V) EL A R B AR PR e, R3S mT 4T 2 56 3ok
Loy RD B or A B, R v ORI A 3R 5 &
4t (AIS) BIELs, (HXF T2 R N % R S I,

ATS JETEAI R, R, 4 T Reldt-— P T K&
LS, FeAlTAE HFSWR Sz %48 A BE AL b
20 ~40dB 45 3 H br s gcds, LAOIRAS T H (145 2
RD . AEARSZEG A, EEL 200 W8I0 T 5 E H ks
A RD 3 A S 556 B 75 R4

SCHR [10] $2H 16 B NN, E e A
Y TN G ) 2% o P A R A
P T T 9 i ARV v AN e R BRI AT AR Adb
ORI 5E H AR B, F0HIE St H G e
FH B F SN 2 EI DA 2] RD i B b i H b

SCHR [6] $RH I EHE CFAR S50 R 24
B 0T 55 A il N S () TR B PR FH 00 B G
JE BB B0 AT S8 T e s IR AR BT 5
Mgk 75 L5 e o R A MR /N PR 1) B T A e A 1 )
LU R AE TS S H AR ARSI ] B

7 RSV 200 1E RD % E H AR
SEEGHE R LE, AN IR H Matlab % =Skt
AT L, A SRR (0] 7 10, H SN /N Sk
A GETE N4 /N e B 1 3 N AR 1 T 7 I o
HE CFAR 535450 M Hh £ J00 45 31 de A0 0 45 S T 7
I A]; A% SCHEHU OES-ELM B0y AS 45 1 25 31| 225
ffE], A ZGETt RD % BRI 0], 28 7 (R 2 200
MDA B PR P B R B 1) AEARSEBG v AR SOk
(RS I35 5 8 R 1 3 /N A gk 1) CFAR 55
. LIRRCh  AREEAE S — AN SRt ol A
ok R T S R 5 4y, I il A I SR R R
NI N, R = RN N E S |
N, A SCHR A OES-ELM . ¥ 2%t 78 A5 31F 1R kS 2
(R b, BT W4 B, or FEH RS PRI A, PRt
AT CARE— 200800 H AR s TR R ) 75 K

F T ZMEIEMPEREXTLE (B SPRIEET ) (F))
Table 7 The performance of These three algorithms

(Time: Average testing time (second))

Jiik P, Py M, E, I ]
OES-ELM 92 % 6% 8% 14% 3.65
%t CFAR 85 % 13% 15% 28 % 4.90

3R AN 90 % 8% 10% 18% 6.14

T R/ 4 FIATLLE ) A T Al g i
SV, AL BAT A H br A PR, H AR A
Kl Py 435I L ek CFAR SEHLAT [ 38 W /Nl 51
HERE T T% M 2%, MMEER Py Hbs AR
M, REERR B, b HIX PR, o, ARk
PIHT R Er LU R &L IMC T 14 % 1 4 %, 3L
JR RN AERIEE) Haar-like $5AE AR5 & & ik
RD e it H px, 8257 ol DLMER Z) i RD
T H AR SRS [T A AN ) 22 5, HBAT 1R
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