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Model for Cross-Pol Data
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Cramér—Rao Lower Bound (CRLB)
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Cramér—Rao Lower Bound (CRLB)
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Maximum Likelihood (ML) Estimation
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Maximum Likelihood (ML) Estimation

Relative Bias vs. SNR Relative Accuracy vs. SNR
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Maximum Likelihood (ML) Estimators
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Maximum Likelihood (ML) Estimation

Hp: o’ is known

Relative Bias vs. SNR Relative Accuracy vs. SNR
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Other Estimators

Eigenvalue-Based (EB) Noise Variance Estimator

from S. Cloude, “Introduction to Pol-InSAR”,
Advanced Course on Radar Polarimetry, ESA-ESRIN, 2011
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Other Estimators

Relative Bias vs. SNR Relative Accuracy vs. SNR
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occurrences

Other Estimators

Estimated o2 — Histogram

Maximum Likelihood
Eigenvalue-Based

w
X
—t
o
s
lIIIIIlII]IIIIIIIIIIIIIIIllIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIII

IIIIIIIlllllllllIIIIIIIllllllIlIIIIIIIIIIIIIIIIIIIIII]I!III

-20 -18 -16 -14 -12 -10
estimated noise variance [dB]

1
o




Other Estimators

Coherence-Based (CB) SNR Estimator
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relative SNR estimation bias

relative SNR estimation bias

Other Estimators

Relative Bias vs. SNR
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Relative Accuracy vs. SNR
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Other Estimators

Estimated SNR - Histogram
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Hp: o is known
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Data Covariance Matrix

u,[i]=s[i]+w[i]i=0.N-1 ~

By T = [ufo] wl] - wN=1 w[o] wft] - uln -]
P, (X)= 2N G6t(C) expl-x"C '} C, ="?

Coii = ENSTi1+ Wey goor s i NS+ W, i i) = A2+ 67 = 67 (SNR+1),i =0.2N —1

CX, = E{(s[i]+ w[is[i]+w,[i]) }= A? = 5SNR,i =0.N -1

Cinni = E{s[il+ wo[i](sfi]+ w[i]) }= A% = 52SNR,i =0.N —1

C =0, for all the other elements of the matrix

Xi+N,i

c - o’ (SNR+1)l,  o’SNRI,
“| &?SNRI,  c*(SNR+1)I,




Data Covariance Matrix
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