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Distribution Models for PolISAR Data

E Complex Wishart distribution — de facto standard
[ Assumes circular complex Gaussian scattering vector.

[ Models fully developed speckle, no texture.
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Distribution Models for PolISAR Data

E Complex Wishart distribution — de facto standard
[1 Assumes circular complex Gaussian scattering vector.

[1 Models fully developed speckle, no texture.

E Compounded distributions based on product model
[ Accounts for texture. More flexability, better fit, more complex.

[l E.g.: Matrix-variate K, G 0 and U distribution.
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Distribution Models for PolISAR Data

E Complex Wishart distribution — de facto standard
[1 Assumes circular complex Gaussian scattering vector.

[1 Models fully developed speckle, no texture.

E Compounded distributions based on product model
[ Accounts for texture. More flexability, better fit, more complex.

[l E.g.: Matrix-variate K, G 0 and U distribution.

E Proposed alternative: Relaxed Wishart distribution
[ Same functional form as Wishart distribution.

[l L, treated as free parameter L.
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Distribution Models for PoISAR Data

E Multilook polarimetric product model:

C=zW, W~Wy,X),zeR", E{z} =1.

E pc(C) depends on the chosen p;(z).
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Distribution Models for PolISAR Data

E Multilook polarimetric product model:

C=zW, W~Wy,X),zeR", E{z} =1.

E pc(C) depends on the chosen p;(z).
Ep.(z)=6(z—1) = C~WyL,ZX)
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Distribution Models for PolISAR Data

E Multilook polarimetric product model:

C=zW, W~Wy,X),zeR", E{z} =1.

E pc(C) depends on the chosen p;(z).
Ep.(z)=6(z—1) = C~WyL,ZX)
Ez~a) —> C~ K4(Le, X,) [Leeetal., IGARSS94]
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Distribution Models for PolISAR Data

E Multilook polarimetric product model:

C=zW, W~Wy,X),zeR", E{z} =1.

E pc(C) depends on the chosen p;(z).
Ep.(z) =06(z—1) = C~Wy(L,X)
Ez~T(a) — C~Ky(L, X, ) [Leeetal., IGARSS94]

(
Ez~T1(Q) —> C~GY(L,Z,A) [Freitas et al., Env.’05]
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Distribution Models for PolISAR Data

E Complex Wishart distribution:

LLed‘C|Le—d »
pc(C; L, X) = \£|Lerd(Le) exp (—Le tr (Z C))

E L. : Equivalent Number of Looks (ENL)
[] Global constant

[] Estimated once for whole data set
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Distribution Models for PolISAR Data

E Matrix-variate K-distribution:

o+ Led
aT el a—Led

(tr(Z_1C)) 2

2|C| e~ (Lear)
|Z|FeTa(Le) ()

X Ky 14 (2\/Leoctr(2_1C))

pC(C/ L€/ Z/ OC) —

E « : texture parameter

BEa—o0o = KiL,X a) — W;(Le,X)
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Distribution Models for PolISAR Data

E Matrix-variate GO-distribution:

LE|Clle=d N(Led + A) (A — 1)
|z | Fa(Le)T(A)

x (Le tr(Z71C) + A — 1) Tk

PC(C; L€/ Z/ A) —

E A : texture parameter

EA—>o0 — QS(Le,Z,?\) — Wa(Le, )
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Distribution Models for PolISAR Data

E Relaxed Wishart distribution:

pc(C LX) =

LLd|c|L—d

[ Z|LT4(L)

exp (—L tr (Z_lC))
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Distribution Models for PolISAR Data

E Relaxed Wishart distribution:

pc(C LX) =

LLd|c|L—d

[ Z|LT4(L)

exp (—L tr (Z_lC))

E L : Local shape parameter
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Distribution Models for PolISAR Data

E Relaxed Wishart distribution:

LLd C L—d B
pc(GLZ) = %exp (~Ltr(z7'0))

E L : Local shape parameter

[] Varies between classes, segments, or even pixels

Stian Normann Anfinsen

PolinSar '09 - Frascati



VERg

e
o\

S TRO“{Q

Distribution Models for PolISAR Data

E Relaxed Wishart distribution:

pc(C LX) =

LLd‘C|L_d

| Z[MT(L)

exp (—L tr (Z_lC))

E L : Local shape parameter

[] Varies between classes, segments, or even pixels

[1 Can be estimated accurately with new estimator
(Anfinsen et al., IGARSS ’08)
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Distribution Models for PolISAR Data

E Relaxed Wishart distribution:

pc(C LX) =

LLd‘C|L_d

| Z[MT(L)

exp (—L tr (Z_lC))

E L : Local shape parameter

[] Varies between classes, segments, or even pixels

[1 Can be estimated accurately with new estimator
(Anfinsen et al., IGARSS ’08)

E Notation: C ~ RW,;(C; L, X)

Stian Normann Anfinsen A Relaxed Wishart Model for POISAR Data PollinSar '09 - Frascati



QIER@{
/o
. : L]
%6 ]
TR

Marginal Densities of Intensity
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Goodness-of-Fit Evaluation

E Established approach:

[] Visual inspection of marginal densities of intensity
[1 Comparison of model densities with data histograms
[] Traditional statistical tests not applicable
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Goodness-of-Fit Evaluation

E Established approach:

[1 Visual inspection of marginal densities of intensity
[1 Comparison of model densities with data histograms
[] Traditional statistical tests not applicable

E Proposed alternative:

[l Visual inspection of matrix moments

[1 Comparison of theoretical moments for candidate models with
sample moments estimated from data

[l Hypothesis test under development (IGARSS "09)

Stian Normann Anfinsen A Relaxed Wishart Model for POISAR Data PollinSar '09 - Frascati



VERg

e
o\

&TROYG
Goodness-of-Fit Evaluation

Conventional matrix moments:
E{tr(C)} = E{z}tr(X)
E{tr(CC)} = E{z?} <tr(ZZ)+%tr(C)2)

Hotelling-Lawley trace moments:
E{tr(Z71C)} = E{z}d
Var{tr(£71C)} = %(E{zz}d(dﬂ)—dz)
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Goodness-of-Fit Evaluation

Log-determinant cumulants of C

E Log-cumulants of single polarisation amplitude/intensity were de-
rived by J.-M. Nicolas (TdS, 2002).

E We extend this theory to matrix-variate statistics and PolSAR.

moments: my(x) < ¢x(w) =F{ps(x)}, forarv.x
cumulants: cr(x) « Indy(w)

log-moments: w(x) « Pr(w) =M{pe(x)}, xR
log-cumulants: kr(x) «— Inyy(w)
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Goodness-of-Fit Evaluation

Log-determinant cumulants of C

E Plug x = |C| = |zZW| = z¢|W| > 0 into k().
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Goodness-of-Fit Evaluation

Log-determinant cumulants of C

E Plug x = |C| = |zZW| = z¢|W| > 0 into k().
E Mellin transform property =

K (|Cl) = d'kr(2) + & (|W]) .
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Goodness-of-Fit Evaluation

Log-determinant cumulants of C

E Plug x = |C| = |zZW| = z¢|W| > 0 into k().
E Mellin transform property =

& (IC[) = d:Kr(Z) + K (W)

d—1
dwrV(a)+ W (L, i),  Cr~Ky(Le I, )
i=0

d—1
k-1(IC) = (=)D + §F WL —i), C~GY(Le, Z,0)
=0

d—1
S WL —i), C ~ RWy(L, X)
[ =0
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Goodness-of-Fit Evaluation

Log-det cumulant diagram

Free Parameters
w None S
I o o
G° A

RW L
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Test data: Patches from AIRSAR L-band image of Flevoland, NL (NASA/JPL).
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Experiment: Marginal densities for area A

Unfiltered
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Experiment: Marginal densities for area B

Unfiltered
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Experiment: Marginal densities for area C

Unfiltered

200 1200 + 140
—_w ' _—W w
K 1000 Kol 120 K
c° &° e
150 g
—— RW ——Rw || 100 ——RW
Data 800 Data Data
w " u 80 1
Q 100 Q 600 18
60
400
50 40
200 20
0 L L 0 L L by L bty
0 0005 001 0015 002 0025 003 0.035 0 1 2 3 4 5 0015 002 0025 003 0035
HH intensity HV intensity X107 VV intensity
7 X 7 refined Lee filter
600 3500 400
—_w —_—w w
350
500 K 3000 K K
_GO GO 200 GO
400 —RW || 2500 — RW [{ —— RW
Data Data 250 Data |
n L 2000 i
E 300 E E 200
1500 —
150
200
1000
100
100
500 50
0 0
0 0005 001 0015 002 0025 003 0035 3 4 5 0 0015 002 0025 003 0035
HH intensity HV intensity X107 VV intensity

Stian

lolalaWAalilal<Tal

PolinSar '09 - Frascati



NERg

S~
St
o\ B/

& TROVL%

Experiments

Log-determinant cumulant diagrams

Unfiltered 7 x 7 modified Lee filter
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Explanation of speckle filter effect

E PDF of unfiltered data:
pc(C, L=L, X)

[1 Assume C approximately Wishart distributed
E PDF of speckle filtered data

(0. 9]

ne(C; £, 0) :/L pe(C; L, £)py(L; 0) dL

[J Distribution modified by adaptive speckle filtering

[1 The relaxed Wishart distribution is apparently a good model for
the modified distribution
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Application to Classification

E Distance from pixel i to class j:

d—1
de(C Z],L]) In (‘ ]’>—|—l21 FL —k)+tr( ')—dln(L]‘

E Compare with Wishart classifier:

dw(Ci, Z;) =In|Z;| +tr(Z]_1
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Conclusions

E We have proposed the relaxed Wishart RV distribution with a non-
constant shape parameter.

E We have shown that log-determinant cumulants of the polarimet-
ric coherency/covariance matrix can be used in visual inspection of
goodness-of-fit.

E Experimental results demonstrate that the RV distribution can
compete with distributions derived from the product model, espe-
cially for modelling of speckle filtered data.

E The R)V distribution should be tested in model-based classification
and change detection, and other image analysis tasks.
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