FosEE 12
2006 4F 12 H

o o5 fF B ¥ M

Journal of Electronics & Information Technology

—METIESHFEHITLD RAIKR LT XA SAR Bl 781 F %

BHA T K 3 3
(RAXFEFRELEFRIETLEREE KX 430079)

M OE R INIE TS SNSRI SAR) B G G BRERE B, O TREFAN TR 20 HER SAR ERIY
Gt ardn, 2RI T R E SR TR BN AES B TR SR T 2B TR SCH SAR IR RIS B E R
LT R B A RO AN T SAR BURIIGETH 041, SRR R IL e vk A UG - BBk e B, R S ok mr ok
BTN SCARBET SAR BRI 20 I A BN T SRR AN T SR G BRI S E R ROR AT T . BT
FURI, FET KB AE S UG T IR S bR B, 72 TCVEHER SR I 341 e U A X 1 ol S A BT
BFIMRCR . SERIEY], BT R BN AES BT IR S HER SAR BT AR 1N 5 5 X IR S BUIAS T
HOH RS R

KR AMILATEESAR), EBE], MRF B, 074k, Fisher 410

hESHES: TNI57.52 XRAFRINEG: A XE4RS: 1009-5896(2006)12-2209-05

\Vol.28No.12
Dec.2006

A Segmentation Method of SAR Images Based on Non-parametric Density

Estimate and Markovian Contexture

Xia Gui-song He Chu Sun Hong
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Abstract Aiming at giving a precise estimation of the statistic distribution of high-resolution Synthetic Aperture Radar (SAR)
images, a segmentation method of SAR images using technique of non-parametric density estimate with kernel method and
Markovian contexture is proposed in this paper, after studying the traditional models based on parametric technique. First, a
non-parametric density estimate method based on kernel function is adopted to estimate the statistic distribution of the SAR
images, and then, the SAR images is segmented with Markovian contexture by maximizing a MAP estimator, taking the former
estimation as its likelihood term. And the results of the new proposed method and methods based on parametric statistical
models are compared by software simulation. It shows that non-parametric density estimate technique based on kernel
function can provide better results by just depending on real data, when there is no available analytical distribution function.

Experiments on real SAR images also show that the non-parametric method can model the complex scenes of

high-resolution SAR images such as urban areas well and get better results of segmentation.
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(b) Results of large data set (40000points)

32 EFTZEHNESHAENEMIE

AN F LRI TSNS RA (Gamma 434l Al Fisher
AYAR)ANEE TS H0 3 T Al v A E— A Lo, BRI T
ST TG T SAR a0 G B E R ek

& 3 J2 43 3a ] Gamma 43Aii  Fisher 4347 FIE T-4% ok %
AESEOTEAT T SAR MG IRIAS TR DX 35k 110 3% )5 43 A7 1 4
Fo ATCUE Y, Gamma 43 A £ A7 T DX IR L b X i £ )
J DX I AR I AR ZE A5, (ER I DX DI A oA o
RZERCK; Fisher M REIRTFE/ MAZERITFE R, TEIRX
DIREE ANV ROR . ST R B AR S HOT e T
Fa BRI A R 2 BN, JF BV 22 L Fisher
YA N,

Gamma 737 M S 113 FR ) B R0 HH 45t SAR &1
ARSI AR, REMERG LA IA B AR R R X 837 5. Fisher
AT NE A R SAR B e, W RLSE MR
Mem R SAR EUR A TR e R o Ak sl {H2

g (a) = 001 Y (b)
5 o1 50008 E
Bz 2 0.006
ERT A Z 0004 | ;
8 \ i
S % S 0002 |
£ 002 . A i -
0 10 20 30 40 50 0 100 200 300 400
Gray level Gray level
0.025
z ©
2 0.02 .
g T Histgram of data
= 0.015 | ™ — Kernel density estimate
= 001 X --—- Gamma distribution
§ ‘ \ -- Fisher distribution
S 0.005 |}
o~ i
0 80 160
Gray level

3 BIGNI 3 PO IEAMTSE R AR
()X A (D)X S5 (c)LliX 5
Fig.3 Estimate result of each class by the different three methods
(a) Lake class (b) Urban class (c) Mountain class
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Fig.4 Segmentation of real SAR image (3 looks) by MRF model
(a) X-SAR image of 3 looks (b) Expert segmentation of (a)
(c) Segmentation of (a) by MRF with Gamma distribution
(d) False classification pixels of (c) (black) (e) Segmentation of (a) by
MRF with Fisher distribution  (f) False classification pixels of (e)
(black) (g) Segmentation of (a) by MRF with non-parametric density
estimate based on Kernel method
(h) False classification pixels of (g) (black)
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Fig.5 Segmentation of real SAR image (5 looks) by MRF model

(a)ERS-1 SAR image of 5 looks  (b)Segmentation of (a) by MRF
model with Gamma distribution  (c)Segmentation of (a) by MRF
model with Fisher distribution (d)Segmentation of (a) by MRF model
with non-parametric density estimate based on Kernel method
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