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Abstract:
so the recognition of SAR image is very difficult. In order to solve the problem, an algorithm of SAR image recognition based on

Sparsity is a remarkable character of Synthetic Aperture Radar (SAR) image and its dimension of storage is high,

sparse manifold learning is proposed. Firstly the image was enhanced in order to preserve the edge information of the objective; The
second step was determining the least number of points which can get the integrate low-dimensional manifold by the spectrum of the
sample covariance matrix; then utilized kernel extending of Laplacian Embedding(LE) to get the low-dimensional coordinates of the

out-of-sample, at last SAR images were recognized by Kernel-based Nonlinear Representor ( KNR ). Experimental results on

MSTAR show its feasibility and superiority by comparing with other methods.

Key words:

1 318

EFLAE TR IR ( Synthetic Aperture Radar, SAR) & —Ff
TARTER I B S SR T R A SAR B 4
Kt GRS Al AL SR S50 ROF BETE % 25 PR T
DR 3 HER (HATC 5 0. 1m) 38 U5 20 49 Hb 70 22
OBHREIG , PR e B ZE o i rh R A 1 et o
B AR IS 545 B R B ORAT 55 B 5 R A L,
SAR MG SE AT BE LR 22 , 45 SAR IR f5 5 b A
i PRIXE . BRLG, anAeT X SAR GBS ik s bRk i o iy 1
fiF R R ) S — A X 2

FETRARVCHC BE TR AL T2 10 70 R 2 3
Tl =) SAR BIHMRAR G T7 25 H 2 X 2e 07 AR 2 AL T
—EMHHIE, T SAR EI& H 32 3 H g B [ A 1Y AH T 3¢
W 7 ) S PG 5 B AL 23 A B SRE IR i M P, S fe
PG A4 5 A S SRR 1 52 38 7™ 5 5 iy LUV A 7R

Wik H 11 :2010-01-21; & [7] B #:2010-07-20
HEWH  ERK 863 mH A &R (No.2007AA701206)

synthetic aperture radar; sparse manifold learning; image recognition ; out-of-sample ; low-dimensional embedding

AESR I —T5 1T UL IR XE , 73 Fb o 25 20 0 23 AL, AT i
B bR ZE

SAR UG DX ) F— e bl 8 Bk 1T HA A 3
MR A1, 53—~ S35 R I S0 R B v O (TEAE X B T
JEOGHR I H AR RS B AR R K % LA % TR
R B LA A BEE LT T SAR EIE A9 AR
P, SR R B EAG R 2R IRBE BE BUR R ALE
— ARG 23 ] T IR 4 SRR AT AAR RO g A RS
TEF R BAE S N AE LT 254 b AR RIS i 22 >
I T SAR PR IR D — 4 fiff the b3k [l 5 ) A5 5
Jr ik ARG S~ — it TR 2% TR RO, B AR
FHAED AR AR S RE AT 21 a1 AR 4 A AR AN (S RT DL A1
RS IR L I T LA 48 A )

T 27 2T A T K — 1 2 2 [ 4 e S5
FUARRAE 2 18] , 38 5 1 Fof e S R AT [ 19 e ik 5 BT LA
G B AR AR ST 2 AT A U ZREEAS FRR



o1 +

5 BT R = 2T /Y SAR EIMGR 2541

AT AR Rk, AR a AT — U, A 2 T
I T ZATHEER XA FEDE BRI RN, S
FH AR E R A A 2 AN W] IR . 33k 50 0 S B A Sh a1 2
> ), B FRIZ AL AE 1) ) RGBT — S i )
R I3, B Charting J7 3516 U 2 21 J7 ik i 46 1k
AR ZIANITS (A

BT AR )T, A SO I — i B T A i T 2 )
(9 SAR 5 vk 8 e xt R AT BUAL B, DAAR 5
FUAR A3 G 4540 15 18, A TR AR P 5 2 J6 1 1) 33 91 %
T REAT H B0 (I 4B T 19 e /D Bl 5 8, AR ) ]
P RS AL (EL RS (LE) AR AR T7 5 T B REAR Sh Y
RGE A o) oK KNR 43285 $EA T3

2 EfgfstE

SAR [ 8 i T 32 5 B B [ A7 19 A T BEME A Y 5
M, P40 S BRI 20 A 1) B PR o M P, 00l PR P
AESEHCFIPR 0 52 3] 7 H 20 . 285 A T BEA 5, SAR
PG F bR i ko2 Hh BURBOR , 100 30 2 48 8 &5 A R 1
BRI R R R I e B AR S A
SCTIAL BE S AE 25 B AR T BEME S 04 [R) I, A 20000 FR 45 301
GESITER. .

FURI G T AT BEA i 8977 3% F A Lee U8 Kuan
DB S B T IV T % MR A% 1) SR D
T ARk X BTy 3k 3 3 SR AE 0 ) R S B MRS R AR 434
G Z AERLIT 0 P4 . LU Lee YR AE— & R HE T af A
PR Fbs X % (B AE A T BRI ] B9 RCR A 5 Tl
5 [ S P HICRR AR BREA i (SRAD) 775 32 WUl A R i ) A
BN RE 7 ER S H bR 10 2% DXV 0 A B i O fif ]
TRI H bR AR AF AT Shy 1 eI 33 9 T , DA iR
SIS it I 2 5 1%, AN SOR T — bl a1 22 1 4% 1)
SPERr 977 1% (ISRAD) X RS A5 36 538, i T I AE AR
JEET5 1) R 66 88 e L7 10 AR T T A IR B0 A e
B0 AEAR AR DX, 48 J7 il 47 HORE B2 AH [] , 00 AH - B g
PR B AR OR s 78 H AR G Dk, B BE T 1) A
P8, LAORPORING 3 1 25, T A6 2 7366 1 7 1) A 45
PNICRRT SENIPIE E1v- AR

Al Fn—ME K BEEUER  RBEAE N To (2, y). %
7 UGB BE J5 1) (¥ 7 1) 8, § s S5 R T 1) T ELAY

AN =N E [[X’IW‘JT [_[y’lx]T (=0
331&5]%, pn:m/’éz m ,%TE]#@

A1 B A5 I 03 7 A A T
I/At=c,(| VI g+ (| VI 1, +0(x,y)(g=-1)
{]ltzoz g
(1)
Hrp, 1 AR ER, v T REBREE g

WG 5 ¢ R BRI B2 J7 ) R B3 Ai bRER, ¢, R T
T RBEE T 0] R BB, ¢y, ey 5300 R ZE 4
T ) A B T 15 1) b AL BRAICR . o S R AL
PEALE AR A A WAL 28, & BRI, A B S K]
BARFE T IR R B 20775 (5 8., (E M 75 1 5 38 R ek 55 5 0
BOINGT, A3 G B B G P H 2 i il S
RIFNAN T 1 2Kk AR SO PR 22 0 R SR A Y {5 1L
SIS I 1T IE A S
3 ETHERARERN SAR BRIRAFE

BBEAEE X = {x, 0,00, 6, € R, X MK
HERAFR Y = {y1y2, 5 ¥ b, 1, € R (d < m).
3.1 HERSHEBERERENROEESE

MFEIRE x, v, o0, x, L, BIE AR LE R IE I AE
Wi 5 5CHRE 114) A DRI B AT A 280 B T0ORS it 10 I 4 8 3, Y
B 5 B — B B ) AR E TR A A B R a AR k.
e iE Ul , SURTE LE J7 ik, FRAE K 8 FRRAE (1 fe 4%
HRLCBIE] — 5112 R R A0 8 B0 U1 5 8500 el 7T L 45
FT ) AR AE i A, T H. SAR 5 A X 2R DA B4 1 e
D it AN SRAE IS A7 5508 22 WA e 3 A B8 A 8
BT LI AR 2 i . R o B 256 B S PR E(H
DL RFFIE R 2 Z AFAE I R R AR

S=vzv' (2)

Horp X 2 RRAE(EL A, F4 BN AR B IR R i v, 1
B VB fi T LG R A R, B 2
Z A IR ZE S B WA /)N

BB A St S8 A B0 (R iy 25 4

n

sm>r§zjuﬁixn—§ﬂ (3)

i=1

/E\:':P -; IElli n /I\Q%HE X9 Xy ™ "5 Xy B/‘Jﬂjﬁ%i E%Mﬁ‘:
Bk ANBAREAT ISR T ISR M Py 2200 14
S = X (xx) (x-x)" (@)

Hodx, Bxy,x0,, 5, kb < n BEE KR SR H PSP
T EERETEEL p(n) =V 2, M p (k) =/ 4, Hir
Xos Ay BA S(n)TS(n)F S(k)TS (k) BB REFAE(E.
I ETEE e, = || p(n) = pCk) || TSR e /04K
PESBCH n" = arg min e, .
3.2 TEHIENRERAN

N T REIR RGNz AL BE T, A SCR A LE B
U R T R AR 4 A AR . LE 33 2 H T
TIB 2] B M Ty s 22— e ) R A Ak Ry SR A R IR
(BP0, AN B A, AT Ot o AR, T L Y HE B AR
G S R R R B A
3.2.1 LEEZWITESE



2542 H +

2 2010 4F:

(DM HEEARE 6. L — ML A FEA S 18
G UMRFEA 5 i Fj J2IE 4R, B AT Z (8] A &R 3. A
SCRH e-ball FRfEmf g S48 5, RVAR A 0 Fj Z 1Ay
WG || v — o | <o, Wi 70 A, SHEAR
A RS SRR L R A

(2) AT AR s WAL . A SR JH FAAZ R BOE AL B
WOR R M A, WA N Wy = exp( -

Pk .
) e o R M SR A W, =0,

(3)EHE M. X8 G, R AR R Y = |y,
Yaue syl sy € REBMEACH 68K
min 25 23 Wy llyi-y | 2= e (Y'LY)  (5)
H L B2E G Wi hid %, L=D - W,D 2iFE
MR, Dy = D5 W;, WAL
Hi Rayleittz-Riz 52 B AT 01, 1 v 55 01 A ] 581 f5 44
DAUIS s R T 1) SCARAE {2 ) i
LY = ADY (6)
WUREEIL Y i SCRRAE R (6) A S/ INERAE A %
7 B i 2
3.2.2 %4 LE A&
38 T 205 U 25 2 1 (UG 4 0 A . 40 ¥ 32 41—
Tz

k(a,b):%

K(a,b) 7)
ELK(a,x)]E,[K(b,x")]
HEEE E[K(a, ») AR EHRES . 2X(7) 5]
A LE 583, 0 B bR R 5K e fe R

A =argmin > | A"K; - A"K;?

ARDK A =nl iz

= arg minir{ A"KDK"A } (8)

e JUfn A4 ] 1, 2 (8 ) A4 ik BVRE A Ab s i IR ZE 4k A
Al ISR A (6) A5 3.
3.3 A KNR 533554 HAREITIRS

K AR 2k P 4> 25 4% KNR (Kernel-based Nonlinear
Representor) ' S H 45 4325 . KNR J2: M\ B 5 38 3T 9 £
JE R BTE)— A R Bz A RE ) A% AR L 4328
i, B A IR AR B, FZ o 2 4 al DLEE
BREHR TR T O3 20 ¢ Xk g KNR ) 5 =K
.

Fx) = D) alPK(x, %) 9)
Hepalp =[ak), alh, -, alul ", M < n WEBRE,
X K=TT" ,Kj=K(x;,5)i,j=1,2, M W,
Il GRFE AR 15 8] R — R AW, |
K(xi,xj)z exp( — | % - x; | 2/[32) JBREER. T R—

AN, T2 TS5 7 6 TR 28 50 i A
A x4 A KNR AU RT3, 8 o) Ry i
H A KA KNR iR A28 5]

L5 TR, 2 TR R T 2 2 B SAR MRS
RATALE N T A

(1)3R R AR Iy 26 30 B, i HL 3 v 000 22 fe /D
T A5 4 BE A5 21 55090 A6 248 370 T 1) Joc 2D 0 o 8 ™ =
arg min | p(n) - p(k) || .

(2) M & #% W B K (a, .
K(a,b) s N -
¢Ex[1<(a,x)]Ex,[1<(b,x')]’*%rxwﬁﬁﬁ LY
= ADY , HASIE RIS Y= 1y, y2, s yul sy € R
RFEAR SR B AR L i A AR, Horp oy, S SURRAE 7
FEO) T d N Tae/INEFHE ARG 7 () 4RALE 1)
(3)FH KNR 4328 Xt SAR EUZ A T3

4 fFEXE

A3 26 [E DARPA/AFRL MSTAR T /FE4H 2 (it iy
SN SAR M T 1k H bR B X T R A AT 0 L &
el b B AR R /N R 128 x 128 381 51 B A5 & 32 i 4
T (T72sn_ 132) 12 F 42 (BTR70sn_ ¢71) 1) SAR EIZ .|
ZEREA R SAR TEARFMAA S 170 %oF H A 6 S8 A% 50040 ,
IRFEAS & SAR ZEMHD Ak 15005 X3 B b i AR 858 , £
i 2 2 4 B Hod T72 850 2 A4S BUS T72sn 812 FHI
T72sn_S7, H 1 2K 560 50 1k 19 A 50 v: Rt ) 1k B
SAR X H bR A% 7 7 i) SO 528 H AR TR A 22 e ]
185 HAR X R, AR R H BR300 6 1 . MSTAR £ 4%
TR HARR 9 (37 7 25 Y8 [RL 4R 0° - 360°, [] B 1°.
YIRFEATFII AR AR A 1.

F1 IR TR AR R A A

b) = L

YIGHAOT) | ARG | WAREA05) | FEARE)
T72sn_132 300 T72sn_ 132 180
BTR70sn _ ¢71 300 T72sn_812 180
T72sn_S7 180
BTR70sn _ ¢71 180

SN G AT AL 35 3 SR ) Lee UE I 7 15
SRAD J7 7M1 ISRAD Jy ik tb AT AL B, 45 a0 °F «

( T72sn_132f) (b) eﬁﬁ%% © SRADﬁﬂi&l:; @ ISRA -

SARfZ B BB AT
A1

P FEAS SCAA 9, Sl oK S B A5 20 B0 0 0% 4 i T2 1) e

DR R, SEIR A R AN B 3 TR SRR S5 R AT AR



& o1

T BT BRI 89 SAR EEIR%

2543

HH IR 20 I ) Y R = T R 2 RN, R 2
B350 B R T AT R A I 2R Bl AR AE R E

%

(@) BTR70sn 71 (b) LeeUeii4i i (c) SRAD S (d) ISRADAEFE
ISAR =LA &
E2

-

k

12
14
-16

200850 100 150 200 250 300 350
Number of Points

B3 Y7 22 BV 2 1 B VI 0 A AL

AL LE i H A8k, d 3z R F
RHRAE AT, X S B I T 2 A4S S50 AR i LS IE,
wmE 4,65 Frs B 4 BT I ARE k IR /NG &
B R BB AE B, BUE R R 2 MU 5 36 3R Fh 254, 8
SRR v R 2 d =20 B, VAR & B 15 30
FIAIKRFN R KB 5 W T k=15 W, % 4E 800 R 5
AFZA , [ B ALOR R 85 (LPP) (B T 1% A B4
Ja$%5% (SKLPP) ISP PR FF8E (NPP)3 B IE 7 i 1
FLAE, 25 SR B AR SO (A AR 3R v o ik

Normalizcd Spectrum Error(dB)
3

95
90
_.85
X
% 80
5
ot 75
S
270
&
Q 65
Q
o
= 60
55
50
5 10 15 20 25
the number of neighbouring data
El4  a=208F, 5B HeR R H K
100
~ 90
g
> 80
B
ol {0
2
E 60
& —— New algorithm
g 50 —&— SKLPP+KNR
b —+— LPP=SVM
—a— NPP+KNR
30

0 5 10 15 20 25

Dimensirn

BI5  k=15HF, fi 4500 R A R K

30 35 40 45

Z2H LPP + SVM 78 F LPP 32 UERE , A SVM 432

AT IR

%2 B T AR YR S PP SKLPP NPP Y 5% 1 iR
ZRFPE UM R, N e LR, 2 SCRIE AU
PR g T HERIE ik, STl B e ey . X
2 PR A Z R s R — 38 43 U1 i AR RS 5080 19 AIG 4 3t

B, W08 TiaAa ) AR T BT R Sk i PR
*2 AXEESHMARRR S ENRSIRME
0 2930 51 B i8]k A b 32

. . LPP SKLPP NPP .
PRy Ik AR
+ SVM + KNR + KNR
- T72sn_132 | 87.6502 | 90.9521 | 85.0736 | 94.8314
PRI (%)
BTR70 85.0247 | 88.3014 | 84.9804 | 93.3179
SO ] (s) 0.4102 | 0.5536 | 0.4839 | 0.1745

5 #ig

ST sl SAR MG B i b X REAE S BURN 50 1
B RIME , IFEE X SAR MG AR s , A SCH H — i 3
FREGIE I SAR BUGR B 7 i 3k 1 2008
SUTE TR TR 7 200 I 11 3% Y10 B08 52 REAS 21 I U RE A
R4 I 114 Foe /D B s 8% PR ) LE S50k i A AL 5
THAREA AP S AR ZE A AR B . LE 30356 1 AR S A8 2
PR R LTI J5 B0 10 Jm 8 0 D 25 W AR AR FIIZ 5T 1 1
FATF SAR BRI, A 3% 5 it T H T SAR E& 551
HRAEFE Y ] 8. MSTAR 23 I 9 S 50IE B T HAR e

S 30k

[1] Oliver C, Quegan S. Understanding Synthetic Aperture Radar
Images [ M] . Norwood: Artech House, 1998 .23 — 34.

[2] #i#E. SAR A 3 H AR UM B A KRB ARDFFE D] K R
HERA%,2004.5-9.

Han Ping. SAR Automatic Target Recognition and Related
Techniques [ D] . Tianjin: Tianjin University, 2004.5 - 9. (in
Chinese)

(3] M2, EF 5% . SAR [EIQ LR 5 i iR e kS [T
HL 244, 2005,33(12) :2423 — 2434
JIAO Li-cheng, WANG Shuang, HOU Biao. A review of SAR
images understanding and interpretation [ J]. Acta Electronica
Sinica,2005,33(12) :2423 — 2434 . (in Chinese)

(4] 68T, FIEMH, £ 1. BT Cauchy #ii5i 4376 1) SAR &
B BERRE L] TSR, 2008,29(1) :299 - 303,
Wang Guangxin, Wang Zhengming, Wang Weiwei. SAR image
super-resolution based on sparse cauchy distribution[ J] . Journal
of Astronautics,2008,29(1) :299 — 303. (in Chinese)

[5] i LT HIE 2~ I AR AE B2 05 125 S H M I FFE [ D]
AT E R HAR KA, 2008.27 - 29.

Li Bo. The Study of the Manifold Learning Based Feature Ex-
traction Methods and Their Applications [ D] . Beijing: Universi-



2544 H +

2 2010 4F:

ty of Science and Technology of China,2008.27 —29. (in Chi-
nese)

[6] Brand M. Charting a manifold [ A]. Advances in Neural Infor-
mation Processing Systems 15[ C]. Vancouver, Canada, 2003 .
985 -922.

[7] Kokiopoulou E, Saad Y. Orthogonal neighborhood preserving
projections: A projection-based dimensionality reduction tech-
nique [J].IEEE Transactions on Pattern Analysis and Machine
Intelligence, 2007,29(12) : 2143 — 2156.

[8] Muller K R,Mika S, Ratsch G, etal. An introduction to kernel-
based learning algorithms [ J]. IEEE Transactions on Neural
Networks,2001,12(2) : 181 - 201.

[9] Vasilescu,M A O, Terzopoulos, D. Tensor textures: multilinear
image-based rendering [J]. Acm Transactions on Graphics,
2004,23(3) :336 - 342.

[10] FeHH, EHBE AR —Fh A& b 1) 25 o] Sk 3 #oE T

BEAH A (T E R =BT A BE 2 4R , 2005, 22(1) :
24 -29.

QIAO Ming, WANG Xin-Lou, ZOU Mou-Yan. A regularized
anisotropic diffusion for speckle reducing [ J]. Journal of the
Graduate School of the Chinese Academy of Sciences, 2005,
22(1):24 - 29. (in Chinese)

(11] 5K RKE, T3, 257 3 T4 m S 97800 SAR El{R

BE R MR IR P S [T] . e 2741, 2006, 34.(12) : 2250 —
2254.
ZHANG Liang-pei, WANG Yi, LI Ping-xiang. The filtering
algorithm for SAR image speckle noise based on anisotropic
difusion [J]. Acta Electronica Sinica. 2006, 34(12):2250 —
2254 . (in Chinese)

[12] V Berisha, N Shah, D Waagen. Sparse manifold learning with
applications to SAR image classification [ J].ICASSP,2007,3
(8):1089 - 1092.

[13] T G Silva,J S Marques,J M Lemos. Selecting landmark points
for sparse manifold learning [ A] . Proceedings of Advances in
Neural Information Processing Systems 18[ C]. MIT press,
Cambridge,2006. 1241 — 1248.

[14] Belkin M, Niyogi P. Laplacian eigenmaps for dimensionality
reduction and data representation [ J]. Neural Computation,
2003, 15(6) : 1373 - 1396.

[15] Y Bengio. J-Francois Paiement and Pascal Vincent. Out-of-
sample extensions for LLE, ISOMAP, MDS, eigenmaps, and
spectral clustering [ A]. Advances in Neural Information Pro-
cessing Systems 16[ C]. MIT Press, Cambridge, MA, 2004 .
177 - 184.

[16] Zhang J,Liu B Y, Tan H. A kernel-based nonlinear represen-
tor for eigenface classification [J]. Electronic Science and
Technology of China,2004,2(2):19 -22.

(17] PN ASTHE, SR — 0 BT IR A UG 2 A 1) s o K ) 245

[ 3 BER SAR B HY) / RBTEDIFE[T] . T 2241,
2003,31(12) :2040 — 2044 .
SUN Zhen-zhen, FU Kun, WU Yi-rong. The high-resolution
SAR image terrain classification algorithm based on mixed
double hint layers RBFN model [J]. Acta Elctronica Sinica.
2003,31(12) :2040 — 2044. (in Chinese)

EE®
E S L LM EERA L F
B 535 LRSI, AT 55 7 10 Ry SR R
> %3 HEE LA T BN

E-mail : wangwei0158 @ yeah . net

3=y SN JUE /R YN L A U s
SR TAREL L, W58 T AL | I 1R
PUBLIE



