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- Synthetic Aperture Radar @

* Why to use Synthetic Aperture Radar to perform remote sensing?
= Active system providing its own illumination source. Day/night
imaging capability (x2)
= Imaging capability independent of weather conditions (~ x5)
= High spatial resolution

= Sensitive to a wide range of Earth surface properties, especially in the
case of multichannel or multidimensional SAR systems

Interferometry, differential interferometry, polarimetry, polarimetric
interferometry, multifequency, multitime, etc...

* SAR technology has been considered in different applications

Topography, agriculture, forestry, hydrology, oceanography, glaciology,
environment monitoring, MTI, etc...

» Complementary to optical remote sensing systems
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- Synthetic Aperture Radar @

ERS 2 (Composite Image) Landsat Thematic Mapper (TM)
1 ( o R .

Band 1. 566 cm Band 1: 0.45 - 0.52 um
Band 2: 0.52 - 0.60 pm
Band 3: 0.63 - 0.69 pm
Band 4: 0.76 - 0.90 um
Band 5: 1.55 - 1.75 um
Band 6: 10.40 - 12.50 pm
Band 7: 2.08 - 2.35 pm
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- Synthetic Aperture Radar Q

Multidimensional SAR systems exploit diversity to increase the #
amount of information
= Multiple channels of information, i.e., POISAR images
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- Synthetic Aperture Radar

Multifrequency configurations sensitive to different properties of the scatterers

®

| L-Band

* C-Band

2 " R S Lab.
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Synthetic Aperture Radar

g

sensitive
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- Information Extraction

What do we mean by information extraction ?

Inversion?

Description of -
the natural I Physical models |<— —| Measurements | the SAR
environment ’y system
Description of A
the electromagnetic| EM Scattering models | Calibration |
interaction vy
v Impact on
A . . Remote
Information Observables | Estimation | Sensing due to
speckle

€

Description of
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_ Information Extraction aﬁ

Nature of the extracted information

= Qualitative information: Refers to relative information. The interest
focuses on retrieving information concerning physical parameters that
may describe, or even to distinguish different areas of the SAR data
Classification techniques

= Quantitative information: Refers to absolute information. The interest
is on the retrieval of geophysical and biophysical parameters to
describe the Earth surface and its dynamics
Inverse Problem
Electromagnetic modelling

- . N Remote Sensing Lab
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_ Data Models aﬁ

What do they mean and which advantages provide data models ?

= A (better) description of the data acquired by the SAR system, making
possible the (better) extraction of useful information

= Data can be systematically interpreted
= Allow a generalization of the observations

= Make possible to deal with the complexity associated with the
scattering process

= |n the lack of data models, only 'a' phenomenological interpretation is
possible

SAR data models-are:
= _Controlled by a set of parameters
= Stochastic in nature

ﬂ | The objective of this tutorial

. . Remote Sensing Lab
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- Data Models i‘

The analysis and understanding of data acquired by a SAR
system needs from the following considerations
.
Model for the
SAR imaging SAR
process/system
Wave
Scatteri
s mp [SAR Data
Model
Model for the
scatterer being
imaged
oS ogerartne: 13 B S sy Communcatonsoen
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SAR imaging
process/system

Model for the
scatterer being

4

\PErture RadarBrnciples

J

- Synthetic Aperture Radar Principles ‘1

« Side looking geometry
v Platform track 1 .
SAR sensor v « Two-dimensional
imaging system: Range
vs. Azimuth

« Different imaging
modes. Compromise
between resolution and
swath coverage

® Stripmap

® Scansar

® Spolight

* SAR images present a
complex nature

© Carlos Lépez-Mart! Remote Sensing Lab.
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- Moving Platforms

+ Satellite: Orbital systems

N ES

ERS-1/2 ENVISAT / ASAR ALOS/PALSAR RADARSAT 2 TERRASAR
ESA (EV) ESA (EV) NASDA / JAROS (J) CSA -MDA(CA) . BMBF/DLR/ASTRIUM

» Airplane: Airborne systems

e s Ak -

AIRSAR ESAR PISAR RAMSES SARS80
NASA / JPL (USA) DLR (D) NASDA / CRL (J) ONERA (F) Environment Canada (CA)

» Terrestrial platform: Ground Based SAR system (GB-SAR)

N

UPC GB-SAR GBINSAR Lisa

. . . UPC (SP) LisaLab (1) Remote Sensing Lab.
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- Range Analysis @

In range a SAR system operates as a conventional radar

The SAR system transmits pulses
of duration t at PRF frequency

Time delay
Y 2r,
Slant Range d C
Incidence angle
q \ Maximum swath
i et

- W »y——C
______ - ™ " 2PRFsin(q;)

ql g20°.60°y

Far range ’ _a _c
9 Range resolution |d, = >~ 2B
Ground Range
. . Remote Sensing Lab.
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- Range Analysis @

= High spatial resolution, i.e., short transmitted pulses, with sufficient
SNR imposes the use of high energy pulses

4

® Pulse compression techniques based on modulated long pulses
Large radiated energy
Range resolution of short pulses

= Implementation based on frequency or phase modulation of the pulse
with a bandwidth B,
Chirp pulses
In'reception, the pulse is processed in a matched filter compressing the

long pulse to.a duration /B

d d c
Range resolution r T A T 2B
pulse
p . . Remote Sensing Lab.
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B A:imuth Analysis 3

Difference between SAR system and conventional radars

Conventional radar
Le . Azimuth angular spread (0 PNV ey
& D,
= _ _
Azimuth resolution - d, =10, = roD—
a

For a synthesized aperture

Azimuth angular spread (g W

e : - Two- way

Azimuth resolution d, =TI, —

Antenna Footprint I R D,
Le <— d. >—=2
D 22
a
. . Remote Sensing Lab.
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B A:imuth Analysis @

= Azimuth processing is based on the fact that a given target is
observed all the time that it is within the antenna footprint. The
different observation points are labelled through the Doppler
frequency

Antenna Footprint

p " . N Remote Sensing Lab.
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R - e ®
® Azimuth processing is based on the fact that a given target is
observed all the time that it is within the antenna footprint. The
different observation points are labelled through the Doppler
frequency
AONT 1 df
. /'Vsil Doppler frequency definition - T4 —EE
D
2
Instant phase f=f,+ ZI—p (roz +V;1t2)
""" Vit VAT
Doppler frequency  fyy, =2-= Bip =2 =
I, I
I 1 v,
Doppler bandwidth T » R——— By, » 2 st
e vsat a
Antenna Footprint
. . Da
Azimuth resolution |d, >
< " Remote Sensing Lab.
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Synthetic Aperture i "
Radar Principles a 2

SAR data processing, i.e., SAR image formation process comprises

= Data acquisition process
Raw data generation. Data recorded by the SAR system

= Image formation process
Raw data compression
= Generation of the synthesized aperture
+ Collecting/Focusing all the contributions of a given target
Non-separable/Non-homogeneous bi-dimensional problem

Consider all the process as a linear system

Phase information

U 1) > h(x,r) — S(x.r)

Complex scattering amplitude SAR impulse response or
54 (%orTy) =45 €% (X- X0, 7 1) Point Spread Function (PSF)
D,, c

a

2 2B
Remote Sensing Lab

Complex SAR image

Finite bandwidth impulse responsed, ” d, =
pulse
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Synthetic Aperture i "
Radar Principles & o
- 1

Point scatterer response focussing process

=

Amplitude of Amplitude of range-compressed

Real part of the raw data range-compressed data data after RCMC

. ) ’ Amplitude of the final Remote Sensing Lab
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- SAR Processing Chain
I‘m — NPT o gl ity
rmn!uur ‘mclu.-'-lueunv-
1
"_“'T"... m.:m—u
) e Py L.
ey | e -
Rarrath FIT .-umlhllrr
Rargs [cooeend
I s ATt A b o e
—— e s Example of a real processing
—— e e chain in charge of the image
e B = formation process
| A ur-gra e
Crppis: vk L
: e
1* bl (]
| Trar premenrn 2ave-Depoder
g FET [ nndml'm
w-:-m ——
(=]
T fnciias,
sy T
P--:Ltbm
|
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- SAR Impulse Response

SAR impulse response function

. apX ar
h(x,r ) sinc _smc
( ) gdaﬁ gd—rj

|h(x r )|2 . "'

Point scatterer

How it appears in the SAR
image S(x,r)

Azimuth [m]

Distributed scatterer
Range [m] Idea of resolution celld, " d
d, =d, =1m
[ ]

T

The resolution cell is not the pixel of the SAR image. The pixel

properties depend on how the SAR impulse response is sampled
Over sampling induces image spatial correlation

© Carlos Lopez-Martinez
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Model for the
SAR imaging |
process/system

Scattering il 1 S
Model [ A f - - | SAR Data
: Model

iz
Model for the
scatterer being
imaged
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\.# L.

Scatterers Heterogeneity “
N— 7

S IShh| |Shv| |Swv]
=

SAR images reflect the
Nature’s heterogeneity

- L-band (1.3 GHz) fully PolISAR data
E-SAR system. Oberpfaffenhofen test area (D)

Optical Image
Oberpfaffenhofen test area (D)

. " . Remote Sensing Lab.
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- Scattering from Point Scatterers

Examples of point targets imaged by SAR systems

€

e

Power lines Vehicles Railways
« Point scattering

Types of microwave scattering
« Complex scattering

Man-made media present a strong point scattering behaviour

Scattered field dominated by canonical scattering mechanisms

. . Remote Sensing Lab
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- Point Scatterers Description @

These scatterers make reference to canonical bodies as plates,
cylinders, etc...the properties of which can be determined. Each
body is finite in extend, and because in the far field zone, the
scattered field appears to originated at a point, the body is
described as a point target. [Ulaby’90]

2 Radar Cross Section or RCS of a body. Scattered power as
Si; = Zi's] |SJ | i,j=hyv a function of the incident power. Depends on the imaging
geometry

S S()(0, I‘O) = «/s_e"qd (X- Xo, I - ro) Object description (Deterministic description)

@Id S () =02 d s ()= 2T

. N Remote Sensing Lab
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- Scattering from Natural/Distributed Targets @

Examples of natural targets imaged by SAR systems

Rough surface Sea ice Vegetation cover

« Surface scattering
Types of microwave scattering
* Volume scattering

Geophysical media present complicate structures and/or compositions

\

Exact knowledge of the scattered field very difficult

. . Remote Sensing Lab,
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- Distributed Scatterers Description @

Radar scattering from terrain involves complicated interactions
because the scattering elements have complicated geometries
and are randomly distributed in space. (...) Hence, we usually
focus our attention on the development of generic models that can
help to understand the nature of wave propagation and scattering
in random media (...) allowing to interpret radar observations and
extract useful information. [Ulaby’90]

Object scattering function. (Random function-- microscopic structure) NOT ACCESIBLE

u(r)

Distributed scatterers have complex geometries and are randomly distributed

<U(r) "U(r) >= s %> (T - r—‘) Object description. (2" order descriptor - macroscopic structure)

Average scattering coefficient or Differential backscattering coefficient.
S_U Does not depend on the area of the cell of resolution. This normalisation
Ak/) is necessary as a distributed target can occupy more than one cell of

resolution.

1
SOZE%

. N Remote Sensing Lab
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- Texture in Distributed Scatterers @

. ~ |Shh| |Shv| |Swv]
= b

- L-band (1.3 GHz) fully PolSAR data
E-SAR system. Oberpfaffenhofen test area (D)

® Homogeneous areas: Zones characterized for presenting a constant
behaviour, i.e.; a stationary' mean value
= Non-Homogeneous areas: Zones presenting the same natural
characteristics (forest, grass, etc... ) but characterized by non-
stationary properties
Data texture
m Data texture is subjected to the notion of information scale

. . Remote Sensing Lab
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- Description of Distributed Targets &

Real scatterers present very complex structure

m Consider real scatterers as a collection of point or individual
scatterers, randomly located

= The internal structure, i.e., microscopic structure, of the scatterer
covered by the resolution cell can non be resolved
Partially solved by high dimensional SAR systems (PolInSAR)

= Scattered field results from the interaction of the incident wave with
the individual scatterers

%;‘Z
-_‘% Inverse problem: What we can infer about the

scatter from the scattered wave?

- Point scatterer

@ o
°_0 ()
L [&—— Natural scatterer
e%%:° c9.9.%0.
= ° ®

© Carlos Lépez-Martinez
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- Description of Distributed Targets a’ﬁ

Types of complex scatterers

= Surface scatterer
The scattered wave is produced on the surface of the scatterer
(Conducting or homogeneous media)

The surface is considered as a set of facets. Discrete surface

AN\ N

= Volume scatterer
The scattered wave is produced within-the scatterer (Inhomogeneous
media)

= Point scatterer
The scattered wave is mainly produced by a dominant point scatterer

[ ]
6 i LY e ' : e © o Remote Sensing Lab
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Model for the
SAR imaging

ﬁéi Model for the
scatterer being

ingiedels; interaction witn
viatter
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- Scattering by Point Scatterers *’ﬁ

The response of a point scatterer, i.e., how it appears in a SAR
image, can be considered as deterministic

s (% 1)=/s €% (x- %, - o) h(x,r ) snc?)—-_sncgzro
r @

S(x r) =s (Xo ro)**h(x r) Convolution in the Range-
; s Xor ,

Azimuth space

S(x,r)pss(xo,ro)expa?zz—p(r- ro)gsincgp(x Xo)gs
£ g & d ]

a

- Complex SAR image
4

a(r-r,)d
‘¢ 4

= Given the SAR image, it is possible to determine the properties of the
scatterer-from the image itself

= The pixel contains all the necessary information to characterize the
scatterer

- . N Remote Sensing Lab
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- Scattering by Distributed Scatterers a’ﬁ

The complexity of a distributed scatterer is translated to the
scattering process in the scatterer

Given a set of resolution cells/pixels, the “%" . .
internal structure (microscopic structure) 0 :.. ..g ? , * .. :. ..
changes from pixel to pixel, then, the O 00,0 0. o0 -.
scattering process changes from pixel to

pixel Pixel 1

e Scattering processes can_hot he
characterized by the value of single pixels
as its values depend on the internal random
arrangement

 Scattering processes must be
characterized by global parameters
common to all the pixels

Characterization based on Pixel 3
Statistical parameters

. . Remote Sensing Lab
© Carlos Lépez-Martinez 0 Signal Theory and Communications Dept
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- Born Scattering Approximation *’ﬁ

Scattering based on the Born approximation or single scattering
approximation

® The scattering is supposed to be the linear coherent addition of the
individual scattered waves from a set of discrete or point scatterers

AN\

SAR acquisition system

/ Point scatterer

l«—— Natural scatterer

o..\o

‘ ......’ oo.\\.
¢%:-0°9% 0 %Ve'. 5 Q"

Volume Surface Multiple Wave
scattering scattering scattering attenuation

= The model does not consider attenuation or multiple scattering

p . N Remote Sensing Lab
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- SAR Imaging Process *‘ﬁ

Real three dimensional scenes are translated to a two dimensional
SAR image

m SAR system impulse response

. a&p apro
h(x,r )u sincg _snc
( ) e aﬂ g_ﬂ

m Scatterer model

Complex reflectivity function. Object scattering function
Random nature

Describes the reflectivity of each point scatterer
u(f)=u(x,y,2)

= The complex reflectivity function must be transformed into a two-
dimensional function. Introduction of image distortions

u(x,r)=cy(x, v, +rsing, z - rcosq)rdq

. . Remote Sensing Lab
© Carlos Lépez-Martinez g
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I s:R imaging Distortions

The side-looking geometry and the two-dimensional nature of the SAR
images introduce image distortions

= Foreshortening. Slope of local terrain is
less that incidence angle

F

a
= | ayover. Slope of local terrain is higher
that incidence angle

g’

ab
= Shadowing. Magnitude of negative slopes
is greater than incidence angle

b / Radar shadow

¥

ERS 1 Image

. N Remote Sensing Lab
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- Surface Scattering ‘ﬁ

Reflected waves, coming from surface scattering, appear on the
surface plane dividing two semi-infinite homogeneous media

® Oblique incidence in lossless media where E-field is parallel to the
plane of incidence

Incident electric field

E, = @ cosq, - fising, fj E, e /Pnarrneosal
Reflected electric field

E, = g cosq, +Asing, f E,G] e /Pleindr o]
Transmitted electric field

E, = g cosq, - Asing, j £, T e /einarnesal
Transmission and reflection coefficients
G =[h, cosq, - h,cosq;] /[h, cosg, +h, cosg;]
T’ =h,cosq, /[h, cosq, +h, cosq ]

. . Remote Sensing Lab
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- Surface Scattering ‘!

= Oblique incidence in lossless media where E-field is perpendicular to
the plane of incidence

Incident electric field

E — |A Eo e jb,[6in g+ncosq ]
Reflected electric field

E a |A EOG‘A’ @ Ibntsing - ncogyr ]

Transmitted electric field

E = EO—I—E e-jbz[ts'nq(+ncosq]

Transmission and reflection coefficients

G = cos, - roosa ] T, cosq 1 com ]
T =2, cosq, /[h,cosg; +h, cosq,|

. . Remote Sensing Lab
© Carlos Lépez-Martinez 47 Signal Theory and Communications Dept
IGARSS 2007 Universitat Politécnicade Catalunya

- Surface Scattering “

RCS (s ) of surfaces depends on
= Roughness

s’=-¥dB s? £0dB s?»0dB
0
Roughness & =S 2

= Dielectric permittivita/, related with the water content
Humidity & =S -2

= Roughness and humidity are coupled parameters in SAR
measurements

. . Remote Sensing Lab
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- Volume Scattering Q

Volume scattering appears in non-homogeneous media. The capacity to
produce volume scattering depends on the penetration depth

The penetration depth dp corresponds to the

distance in which the energy is attenuated a
factor equal to 1/e

Propagation constant
2 .
k:l—p=k0ﬁ=a+1b b0

Transmitted field

E - E’Oeja zebz
Penetration depth (field attenuation J/ JE)
1 1

| Wavelength @ = dp ﬂ|

I Frequency A = dp z]

p . N Remote Sensing Lab
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- Volume Scattering Mechanisms @

Main scattering mechanism in forest

1.Canopy scattering
2.Trunk scattering
3.Trunk-soil interaction
4.Attenuated soil scattering
5.Direct soil scattering
6.Trunk-branches scattering
7.Branches -soll interaction

Volume scattering composed by
complex scattering mechanisms.
Born approximation is no longer
IFrequency 2 = Penetration ¢| valid

| Biomass A =5 °A |

. . Remote Sensing Lab
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- Volume Scattering Mechanisms

JPL AIRSAR Nezer Forest Data

[

. P-Band

! C-Band

IShh| |Shv| |Swy|

IGARSS 2007

|
T 1]
1
L-Band

[ Bare soil B 15-19 years
Il 5-8 years I 33-41 years
[C18-11 years [ > 41 years
CJ11-14years (I N/A

) i Remote Sensing Lab
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- SAR Imagery Analysis

& Deterministic .| Image formation
5, >

®

Scatterer process

\:\ Described in a

L Deterministic
deterministic way

Deterministic
electromagnetic process

\\\ Described in a
N stochastic way

process tools
Resolution cell
Man Made Media
Linear Distributed | Image formation
& response/superposition Scatterer > process —> DATA

but can only be tools
Resolution cell . descnbe_d
in a stochastic way
b Natural Media
P . Remote Sensing Lab.
e sope etz 52 G Simainmenm compuniston e

» DATA

Can be studied
using deterministic

Can be studied
using stochastic

25
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Model for the
SAR imaging
process/system G

Wave §% e : e

Scattering A - -
ata
Model

Model for the
scatterer being
imaged

S /[

SAR Data Models
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Spekle corresponds to the
. “Salt&Pepper” effect of the image

. . ensing Ll
© Carlos Lopez-Martinez Signal Theory and Communications Dept

IGARSS 2007 Universitat Politécnicade Catalunya

€

On the basis of the discrete scatterer description

S
®

S(xr)= Qeu( X rdh(x-xGr- rddxere mmp S(x.r) Jsie™h(x-x,,r-r,)

Normalizing factor

L: Number of point scatterers embraced by the resolution cell

= | as a deterministic quantity
L = 1: or a dominating pointscatterer: Deterministic scattering
+ Rice/Rician model
L >1: Partially developed speckle
»—Not solved model. Even numerical solution difficult
L >>1:Fully developed speckle
+-Gaussian model
= | as a stochastic quantity
L characterized by a pdf. Image texture
+ K-distribution model

Remote Sensing Lab
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- Fully Developed Speckle Noise @

= SAR image formation process

154 i
S(x.r) :Tgﬁe‘“kh(x- X,F= 1)

>
= Complex SAR data for L>>1 R

S(r (x.r).q (x,r)) =A{s}+jA(S)
= r(x,r)exp(jq (x,r))

\

Real part
L
A{S} _\/—a A oos(qs‘)
Imaginary part
A(S} =4 Asin(a, )
JC 3N

Remote Sei Lab.
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Random Walk Process

~—

r(xr)exp(jq (x,r))=J— A exp(ay )

- Fully Developed Speckle Noise @

Fully Developed speckle
. ) ) A Corner reflector
Bright points: Points where the'interference Dominant scatter
is constructive No speckle
Dark points: Points where the interference
is destructive

,

Speckle is the interference or fading pattern | S,» amplitude
E-SAR L-band system

. . Remote Sensing Lab
© Carlos Lépez-Martinez 58 signal Theory and Communications Dept
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- Fully Developed Speckle Noise “ﬁ

= Completely developed Speckle (large L and no dominant scatterer)

Hypotheses
+ The amplitude A, and the phase as.0f the kth scattered wave are statistically
independent of each other and from the amplitudes and phases of all other
elementary waves (Uncorrelated point scatterers)
+ The phases of the elementary contributions q, are equally likely to lie
anywhere in the primary interval [-p, p)
Gaussian Model

= Central Limit Theorem |[S=A.(0,5?/2)

Gaussian Hypothesis

Real Part
_ 1 ®1ah{g 606 |, ..
Patg (A{S}):Wexpé- Eg@;: A{S}l (-¥,¥) Gaussian pdf
]

Imaginary Part

SN 1 @ 1aA{g60 . '
Pas (A{S}) _\/zp?eng Ee(*T; : A{S} | (-¥ ,¥) Gaussian pdf
Real and imaginary parts are uncorrelated E{A{S} A{S}} =0

- . N Remote Sensing Lab
© Carlos Lépez-Martinez s9 Signal Theory and Communications Dept
IGARSS 2007 WaF Universitat Politécnicade Catalunya

- Fully Developed Speckle Noise a’ﬁ

Amplitude: Rayleigh pdf

®lar 50 .
pr(r)ZSLzexp 'E?;;%: ri [O,¥) E{rZ}ZZS2
a

Intensity (I=r2): Exponential pdf
b (1)=—exp® 9711 [0.¥) E{

Phase: Uniform pdf. Contains NO information

p.(a)=55 aT[-pp)

Amplitude and phase are uncorrelated

. . Remote Sensing Lab
© Carlos Lépez-Martinez 60 signal Theory and Communica tions Dept
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- Fully Developed Speckle Noise Q
ol
- ] ¥ =l
b % L
o ul a=| o
Lt q\_'\-
=
T a=3
| K] - F] "L ] b ] [ TR
¥ 1
Amplitude: Rayleigh pdf Intensity (1=r2): Exponential pdf
N
=
:_; L3}
;
L}
- -t - 8
H R te St Lab
oaRSs so0r e Phase: Uniform pdf o1 @) Sz Cernunaons o

- Fully Developed Speckle Noise @

Important considerations

® Speckle is a deterministic electromagnetic effect, but due to the
complexity of the image formation process, it must be analysed
statistically

= Considering completely developed speckle, a SAR image pixel does
not give information about the target. Only statistical moments can
describe the target or the process

. . Remote Sensing Lab
© Carlos Lépez-Martinez 62 Signal Theory and Communications Dept
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I o ®

What does it mean information in the presence of Speckle?
= Phase contains no information
m |ntensity exponentially distributed

1 e | o - E{1} =22
Pi(1)=g5700g 5575 '1[0¥)  mp B
1
Exponential pdf First and second order moments

= |ntensity, under-the previous hypotheses, is completely determined by
the exponential pdf

Pdf completely determined by the pdf shape
Pdf shape parameterized by S # INFORMATION # RCS S 0

= Not useful information is considered as NOISE

Remote S Lab
© Carlos Lopez-Martinez 63 S,pg"m‘\p'rhommq da Dept
IGARSS 2007 L

ignal Theory and Communications
Universitat Politécnicade Catalunya

- Fully Developed Speckle Noise Model a’ﬁ

Objectives of a Noise Model

= To embed the data distribution into a noise model, that is, a function
that allows identifying of the useful information to be retrieved, the
noise sources, and how these terms interact

= Optimize the information extraction process, i.e., the noise filtering

process
SAR image intensity noise model
1 I 6 - E{1}=2s2
SAR image intensity (I1=r2) p, (I )=Eexp§e Eg I [0,¥) {s} Cag2
=
_ : E{1} =1
| =252n p.(n)=exp(-n) ni[0¥) A
| =

One dimensional speckle noise model (Model _
over the SAR image intensity - 2nd moment) # II (x,r) > (X r)n(x,r)l

Multiplicative Speckle Noise Model |

. . Remote Sensing Lab
© Carlos Lopez-Martinez 64 [ signal theory and Communica tions Dept
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- Fully Developed Speckle Noise Model Aﬁ

Moments calculated over local 7x7 local windows

Statistics area
- e

3

[a]

5

a =

Mean w1
. 2
Grass area Blue_. S|
Red: |S,,|?2 ’

S, amplitude
E-SAR L-band system

Remote Sensing Lab.
65 Signal Theory and Communications Dept

Universitat Politecnicade Catalunya

© Carlos Lépez-Martinez
IGARSS 2007

- Fully Developed Speckle Noise Model 4@

Analysis of the Coefficient of Variation CV

std E{1} =27 sd 252
CV=—— s =
mean s, =2 mean’ 2s 2

For the exponential PDF Cv=1

= An increase of the power transmitted by the SAR system does not
produce an increase of the Signal to Noise Ratio (SNR)

Analysis of the Equivalent Number of Looks (ENL)

mean

ENL=CV '=
std

. . Remote Sensing Lab
© Carlos Lépez-Martinez 66 signal Theory and Communications Dept
Universitat Politécnicade Catalunya
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- SAR Image Texture *ﬁ

Statistical Product Model
= |ntensity is decomposed into a three term product

S : Mean value
Il (x.r)=s (x,r)T(x,r)n(x,r )I T : Texture random variable
N :Fading random variable (speckle)

Three scale model
m  Coarsest scale : Mean reflectivity, constant value
= Finest scale : Speckle, noise
® Intermediate scale : Texture, spatially correlated fluctuations

As observed, the definition of the three terms is subjected to the
notion of scale, or in other words, to where limits between them
are placed

= Analysis based in time/frequency tools

- . N Remote Sensing Lab
© Carlos Lépez-Martinez 68 = Signal Theory and Communications Dept
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- SAR Image Texture "ﬁ

How to describe texture in SAR images

= One-point statistics: Mean and Variance
K-distribution model

= Two-point statistics: Autocovariance, Autocorrelation function (ACF)
Modelization of the autocovariance and autocorrelation functions

. . Remote Sensing Lab
© Carlos Lépez-Martinez 69 [ signal Theory and Communications Dept
IGARSS 2007 W Universitat Politécnicade Catalunya
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- One-Point Statistics Texture a’g

* Texture can be considered as a fluctuating mean value

II (x,r)=s (x,r)T(x,r)n(x,r)I

p(1)=— expg 2 11 [o¥) m p,(|)=slexp§_e

Simplification
Y CMtYds 6 U
P(|)_90(| Is )P(s")ds —Wo—ex = HP(S)

11 °

Gaussian PDF Fluctuating RCS

» Model results from considering the number of scatterers L within the
resolution cell as a random quantity

© Carlos Lépez-Martinez 70 s g \Th s Dept
IGARSS 2007 Universitat Po\lecn cade Cala\ vya

- One-Point Statistics Texture a’ﬁ

v-1 A )
RCS mode! mmp Gamma pdf P(s @y 0 S g w4

g<5 )5 G pg- EE

V : Orderparameter
(s):MeanRCS S (x,r)

Number of scatterers controlled by a bird, death and migration
process, the population would be negative binomial

2

L+v)[2
2 ayve Y € @il o

QR i o

€ U

Intensity distributed as K-distribution

. . Remote Sensing Lab
© Carlos Lopez-Martinez 71 N signal theory and Communica {ions De
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- Two-Point Statistics Texture Q

Texture can be considered as a fluctuating autocovariance function

Trauntstein, ESAR, DLR, L-Band ‘#:_

Nonstationary texture
© Caros Lopez Martinez Anisotropic texture ] e —
IGARSS 2007 Universitat Politécnicade Catalunya

- Two-Point Statistics Texture ﬂ

Modelling of the local autocovariance function considering
Anisotropic Gaussian Kernels AGK

® Consider that locally, the autocovariance function ..can be
approximated by an orientated two-dimensional Gaussian function

Cr(d) = of exp (~d"S7d) d = [ey)"

e, ul v = Ré A R.g
Correlation lengths
7 "

Ty L, 0
A=) B .
{ n o

& Orientation Angle

cos ! —sind
Ro=| .
O e e e i - [ :‘il]lﬂ ('(H..ﬂ }

. . Remote Sensing Lab
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- Two-Point Statistics Texture Q

SPAN
ig- Tl § o
=
o Yy
s
VY
5 &y
RN
Zone 1 £
:3‘.&
Qs
Al
Zone 2
Zone 3
- . T ing Lab
© Carlos Lopez-Martinez .. iy +oeusy and Communications Dept
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- Speckle Noise Model

Observation

® The Gaussian statistical model is unable to
accommodate larger tails, i.e., a higher
probability of larger SAR images amplitudes

4

Gaussian statistics must be extended

 Z

Consider a family of distributions in which the Gaussian
distribution is a member

. . Remote Sensing Lab
© Carlos Lopez-Martinez 75 Signal Theory and Communications Dept
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I -ice Vode! @

= SAR image formation process
154 i
r)=—=a Js.e"h(x- x.r-r,)
N[Wpe
= Now consider that within the resolution cell there is a.dominant point
scatterer
14 i
S(x,r) =Ry + == 4B ™ h(x- X.,r- 1)
N[Wpel
A
A
r
Y i
Random Walk process considering a dominant scatterer
© Carlos Lopez-Martinez Remote Sensing Lab
cArss 2067 7o @ Sa i ez

I -ice Vode! A

Under the same assumptions for fully developed speckle, but
considering the contribution of the dominant point scatterer

Real and Imaginary Parts

s o (A5 AS) == s e S RIS S

2ps g 272 p
Amplitude: Rician pdf
r a:.‘r + 0
o ( ) _2 g R) gg;RO; |0(X) Bessel function o first kind, order zero

E{r}=% o exg R’ e(Ro+25) aeRO 0+F{)I88R"$

E{r}=R-2s?

Remote Sensing Lab
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I -ice Vode! @

Phase
3 1 erfaER"COSq 0
R +
P (Q)—ezsz L P § V2 Zeosy
a 2p 2 s 2
= Examples of pdfs
o
Rofs =01 124 pih
] |
1 LA
Rfs =0 %7
Rfs =0
Amplitude pdf Phase pdf
= SAR image example
Corners reflectors S, amplitude
E-SAR L-band system
© PR . Remote Sensing Lab
oSS sopy Marinez 78 (B Sina Timsyans Conmuncatonsoen

- Models for Extremely Heterogeneous Areas Q

In extremely heterogeneous areas the Gaussian distribution is unable
to predict the data distribution

= The solution is to consider more complex distributions with-a larger
number of parameters

= Difficulty to estimate these parameters with a reduced number of
samples

®= These models tend to model the pair Texture/Spekle and not only
Speckle. No differences are established between point and
distributed-scatterers

II (x.r)=s (x,r)T(x,r)n(x,r)I

= Extremely heterogeneous areas correspond mainly to urban areas

. . Remote Sensing Lab
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- Multidimensional SAR Systems *’ﬁ

= SAR Interferometry (INSAR): m=2. Topographic information

= Differential SAR interferometry (DINSAR): m=3. Topographic changes
information

® SAR Polarimetry (PolSAR): m=3,4. Geometric characterization and
classification of the scatterers being imaged

= Polarimetric SAR interferometry (PolInSAR): m=6,8. Study and
characterization of volumetric structures

= SAR Tomography/Multibaseline: m>2. Vertical profiling
= Multitemporal SAR: m>2. Change detection and temporal analysis

= Multifrequency SAR: m>2. Characterization of the scatterers being
imaged

L h
© Carlos Lépez-Martinez 82 S g ‘ Th g s Dept
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- Multidimensional SAR Systems *«'ﬁ

Important aspects to consider in Multidimensional SAR Imagery
= Physics
Depending on the configuration of the multidimensional SAR system,
information is sensitive to one or several properties of the target being
imaged
Data processing, and specially, data estimation can not be done without
taking into account the physics behind de scattering process

The most clear example is the number of channelsm. Represents a clear
limitation for multidimensional SAR imagery

= Mathematical representation. Statistics

A mathematical description is necessary to systemize data description
and-understanding

Electromagnetic Signal Processing I

. . Remote Sensing Lab
© Carlos Lépez-Martinez 83 signal Theory and Communications Dept
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- SAR Interferometry - INSAR @

Spatial diversity makes SAR data sensitive to terrain topography

Coherent information
—P—r +f

1 ob|1

z Sl—re“l-rleg

e 4p
g f2+fumz—

S =refe=r
For small baselines
ry»r,

f obj1 »f obj2

Interferometric phase difference
(Derministic phase component)

12 _Arg(asz)_—Dr

D, can be estimated with a
sub-wavelength accuracy

V' X
: High accuracy estimation of h :
. . Remote Sensing Lab.
© Carlos Lépez-Martinez 84 @ Signal Theory and Communications Dept
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- SAR Interferometry - INSAR

SIR-C, X-band, Mount Etna / Italy

Cf,, =Cf , +Cf

topo fe . 12 Df fe topo
60m baseline
. . Remote Sensing Lab.
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- SAR Interferometry - INSAR

SIR-C, X-band, Mount Etna / Italy

© Carlos Lépez-Martinez
IGARSS 2007

60m baseline

86@

Remote Sensing Lab
signal Theory and Communications Dept
Universitat Politécnicade Catalunya

- SAR Interferometry - INSAR

Interferometric coherence
« Joint interferometric representation

éSu
k:gszg is S:ch(ox
é T r11, Y
wih C =E{kk"}=e *_ "N *%g
sr I1'2 I2 H
* Interferometric coherence
r= {Sisz } =|r|e

]

© Carlos Lopez-Martinez

C.)

indicator of the interferometric information quality
|r | =1 interferometric assumptions are fulfilled

|r | =0 interferometric images are totally uncorrelated
Remote Sensing Lab.
4

signal Theory and Communications Dept
Onersitat Pt scnica de Catalunya

IGARSS 2007
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- SAR Interferometry - INSAR

A

Absolute «True » Phase ) Coherence=1.0

Coherence=0.6 Coherence=0.4 Coherence=0.2

. . Remote Sensing Lab
© Carlos Lépez-Martinez 88 Signal Theory and Communications Dept
IGARSS 2007 Universitat Politécnicade Catalunya

I s:R Polarimetry - PolSAR @

Polarimetry represents a cornerstone for the scatterers analysis
= Polarimetric data allows a better characterization of the scatterer
being imaged
= Polarimetric data is basically sensitive to the geometry and the
electrical properties of the scatterer being imaged

= Polarimetric synthesis allows, from the response of the scatterer to a
particular polarization basis, the response to any polarization basis

SAR Polarimetry
m Extend the advantages of SAR systems, mainly, the high spatial
resolution, to polarimetric data
= Considerations
Wave polarimetry
Wave scattering
Target Decomposition Theorems

. . Remote Sensing Lab
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IGARSS 2007 Universitat Politécnicade Catalunya

43



- Wave Polarimetry

vectorial nature

= Electric field description

Real electric field vector

Complex electric field vector

4

Helmotz Propagation Equation

N?E(z)+k’E(z)=0
General Solution

E(7)=Ee

© Carlos Lépez-Martinez
IGARSS 2007

Polarimetry is the most clear example of the Electromagnetic Waves’

@

&E,u E.etu
g€ ua_¢ eidyl:j
with: E =g, = &€ "l
BEH gE.e” g

Sinusoidal Plane Wave
N>E(zt)=0p T o
9z

Remote Sensing Lab
90 Signal Theory and Communications Dept

Universitat Politécnicade Catalunya

- Wave Polarimetry
y

Real electric field vector

1E, = E, cos(wt- kz- d,) 38592 .

E(z,t)::'Ey:Eoycos(wt- kz-d,) &Eop
e, =0

© Carlos Lopez-Martinez
IGARSS 2007

@

E(z.t)

)

N>

L

Polarization ellipse
2

EE,

2
E(Jx EOy

cos(d)+gEETyy§ =sir’(d)

with:  d=d-d,

Remote Sensing Lab
91 Signal Theory and Communications Dept
Universitat Politecnicade Catalunya
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- Wave Polarimetry a’g

y

~ A

> X
A : Wave Amplitude a: Absolute Phase
- Ori ; _Pes gl - Elliptici ot ££
T : Orientation Angle > > t: Ellipticity Angle 4
e R

- Wave Polarimetry a’ﬁ

Representation of the wave polarization state with the minimum
amount of information

Real electric field vector
1E, = E, cos(wt- kz- d,)

Phasor = Jones Vector

= e éE =E e'*u
E(z,t)—lEy—Echos(wt- kz-dy) E:éﬁ L
1E, =0 m) 6 =Ee g
. . j(wt - kz) 6 Jones vector does not contain
E( z t) =A aEe ; neither time nor propagation
information

Polarization ellipse geometrical parameters

Absolute Phase' 'a =d, Wave Amplitude A=,/E2 +EZ,
Orientation Angle tan2f = Z-ZEﬂiEﬂyz—cosd Polarization handedness  Sign(t)
x ~ oy
i . EoBy .
Ellipticity Angle ~ sin2 = 2—>"X_sind
. . EOx + y Remote Sensing Lab
oarss 2007 93 (G SianaTheonans compueatans oevt
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- Wave Polarimetry rfﬁ
Y

A~

z

v

W
!

Random Scattering

N

4

Deterministic Scattering

Completely Polarized Wave Partially Polarized Wave

Polarisation Ellipse varies in time/space
Amplitude, Phase: Random processes

Statistical description needed

Remote Sensing Lab
94 Signal Theory and Communications Dept

Universitat Politécnicade Catalunya

© Carlos Lépez-Martinez
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- Wave Polarimetry @

E{E,; =0
Random electromagnetic fields - EE Exi I
=

Wave polarization descriptors based on first order moments (field) not valid to
describe partially polarized waves

[ Jones vector varies in time/space  E(t)=é ol
& (1)e™

L

Wave polarization descriptors based on higher order moments

M Stokes Vector

M Wave Covariance Matrix

Remote Sensing Lab
95 Signal Theory and Communications Dept
Universitat Politecnicade Catalunya
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- Polarimetric Wave Scattering @

What is the objective to employ wave polarimetry?

Far Field Approximation

The scatterer under study reacts differently to incident waves different polarization
states. Hence, the relation between the incident and the scattered waves permits
to analyze and characterize the scatterer.

L b
© Carlos Lépez-Martinez 9 @ Sign \Th g s Dept
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- Polarimetric Wave Scattering @

What is the objective to employ wave polarimetry?

Far Field Approximation

Incident Wave E'(r) = B¢’
E'(r) = Eé’* /

\ =

E; and

I\ |F[>>I

ea(r)u e 6S..(1) sA,,(r)ueEa)u
M T &0 S,0l S M

Scattered Jones Vector 2x2 Comrpr)llgi(riicattermg Incident Jones Vector

© Carlos Lopez-Martinez 97 gegmo“eTﬁe"S;ﬂg Lab <pept
IGARSS 2007 d C l \ y
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- Polarimetric Wave Scattering a’ﬁ

It is necessary to establish a scattering coordinate framework since
the scattering problem deals with (complex vectorial) quantities

Yz
ll}‘x

2

- Transmitter
Transnitter

B

FSA Coordinate System

Ry -
BSA Courdrosto System #23
%y

Y2

X2
Seatserer

o

Transceiver
Iy b MSA
L 1 Monostatic Radar Coordinate
xl 23 System
Remote Sensing Lab

© Carlos Lépez-Martinez X, 98 Signal Theory and Communications Dept
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- Polarimetric Wave Scattering *‘ﬁ

Bistatic Case: Scattering or Jones matrix
CELU_e €S S U B, U

é_.u=——e é_u
eEla ' €S« SviéEa

X and Y are a pair of orthogonal polarization states

Defined in the local coordinates system

[S] is independent of the polarisation of the incident wave

[S] is dependent on the frequency, the geometrical and electrical
properties of the scatterer

Total scattered power
Span(S)=Trace(SS" ) = Sy [* +ISy P + ISy P + ISy

. . Remote Sensing Lab
© Carlos Lépez-Martinez 99 signal Theory and Communications Dept
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- Polarimetric Wave Scattering Q

_e¥eéSy Squ_ e“"e|8x>(|efox |SXY|e”XVu
e s T et st

~—

lAbsqute Scattering Matrix

ejkrejfxx gsxx| |SXY|ej(fxy-fxx)g

r és{xlei(fvx'fxx) |SVY|ej(fw’fxx) g

&2 AT N( — _J
Absolute

phase
factor

Relative Scattering Matrix
Seven Parameters: 4 amplitudes and 3 phase

L

SCATTERER POLARIMETRIC DIMENSION = 7 |

p . N Remote Sensing Lab
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- Polarimetric Wave Scattering Q

Monostatic Case: Backscattering or Sinclair matrix

= |n the case of Backscattering from reciprocal scatterers

RECIPROCITY THEOREM ~ SE* =SP* (& Sf=- g3

eEs u_e" €S, Sxyu eE' )
N
GEsH r &S, SyHEE

(BSA CONVENTION)

= Total scattered power
Span(S) =Trace(SS") =[Sy, |°+2S,, [P + IS, F

. . Remote Sensing Lab
© Carlos Lépez-Martinez 101 Signal Theory and Communications Dept
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- Polarimetric Wave Scattering

_e¥eéS, Squ e““§8x><|efox |Sx|e”xvu
TEs, ST T s et [Suler

~—

_ekelx g5, Sl g

r éSX |e v~ Fxx) |SVY| eJ (fyv- Txx) g

H_J\ — _
Absolute

phase
factor

Relative Scattering Matrix

L

SCATTERER POLARIMETRIC DIMENSION =5 |

© Carlos Lépez-Martinez

lAbsqute Scattering Matrix

Seven Parameters: 3 amplitudes and 2 phase

Remote Sensing Lab
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- Polarimetric Wave Scattering

Vectorial formulation of the scattering problem

S:gsxx SerU q k=V(S)= ;Trace(s ?)=8

Vectorization process

V(S) Matrix Vectorization Operator
?

With: )
Set of orthogonal 2x2 matrices

Frobenius norm of: S

ISIF =S"8=S f HS,F +HS[ +|S,[*
=50an(S) =Sy F + 18 F + IS F +1IS, F

© Carlos Lopez-Martinez

Scattering vector

Remote Sensing Lab
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- Polarimetric Wave Scattering a’ﬁ

Pauli scattering vector k, =V (S) :%Trace(s ?5)

Set of 2x2 complex matrices from the Pauli matrices group

él Ou élL 0u =60 1 —=é0 -jul
= V26, 2a
e e A R N

g

€& Sx+Sy 'l . N
o 1€ Sw-Sw | . _1 %w‘”ﬁ
Bistatic case k ;= Té s, +S{x u Monostatic case kp—ﬁe - 3«@

Advantage: Closer related to physical properties of the scatterer

Note: Also known as ks or kg

R A 5 L h
© Carlos Lépez-Martinez 104 e g s Dept
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- Polarimetric Wave Scattering *‘ﬁ

Lexicographic scattering vector k =V (S) =%Trace(s ?.)

Set of 2x2 complex matrices from the Lexicographic matrices group

9_12é1002e0102e00u600uu
1% ol % 0% ol B 1)

4

&S U 4 N
- ec & >
Bistatic case k =g ﬂ Monostatic casek =é\/58xyu
S U é a

e a S
€Sy @ e

Advantage: Directly related to the system measurables

Note: Also known as k, or kg

Remote Sen: sing Lah
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- Polarimetric Wave Scattering Q

Bistatic Pauli scattering vector Kk, = J—ngx +Sy Su-Sy Set+ S i(Se- S,X)HT

624 C-jD H¥JG L-jKu
€c+iD By #B E+jF M- jNY
-G E-JF B,-B J+jl
L+jK M+ijN J- jlI 2A

Coherency matrix - T=kk,=¢

('D('D>&>

{
u
a

Monostatic Pauli scattering vector K __[Sxx *Sw S-Sy 25|

é 2A - jD H+jGu
Coherency matrix # T=k kK| —AC+1D BO+B E+JFu
gH-jG E-jF B,-Bf

Hermitian positive semi definite matrix — Rank 1 |

th

© Carlos Lépez-Martinez 106 S g ‘Th s Dept
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- Polarimetric Wave Scattering @

T

Bistatic Lexicographic scattering vector k=[S><>< Sy Sy SN]

.50 SuSy SuSi S
Covariancematrix- C:kkHzgz;Yz: Sg:i;« ;«i««x 2:23
§5:Si. SwSy SwSk S.Sv g

. . . . Z NE
Monostatic Lexicographic scattering vector k. = £S5 «/ESXY Swi

e SuSx  V254Sy  SuSw U
Covariance matrix wmp ~ C =kk" —e«/_SXVSXX 2S,, S,y \/_SXYSNU
g SeSx 25,8y S.Sy g

Hermitian positive semi definite matrix — Rank 1 |

© Carlos Lopez-Martinez 107 gegmﬂ“e_rﬁe S;ﬂg Lah <pept
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- Polarimetric Wave Scattering '{5

~

Deterministic Scattering Random Scattering

Completely Polarized Scattering Partially Polarized Scattering

Can not be described by s, Ko K

Necessity of statistical descriptors

p . N Remote Sensing Lab
© Carlos Lépez-Martinez 108 Signal Theory and Communications Dept
IGARSS 2007 Universitat Politécnicade Catalunya

- Polarimetric Wave Scattering @

Relations for deterministic scattering

S

SINCLAIR
SuU(2)

C T K
COVARIANCE ,COHERENCY
SU(3) SU() O(4)

v

KENNAUGH

A

All polarimetric descriptors contain the same information !!!

All polarimetric descriptors the same number of independent parameters !!!
(Bistatic 7 — Monostatic 5)

. . Remote Sensing Lab
© Carlos Lépez-Martinez 109 signal Theory and Communications Dept
IGARSS 2007 Universitat Politécnicade Catalunya
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- Polarimetric Wave Scattering @

. . Independent parameters !!!
Relations for random scattering (Bistatic 7 — Monostatic 5)

Absolute phase is not considered
Data must be averaged P

E{S}=[0] S
E{C}?[0] S”;SEA)'R
E{T}?[0]
E{K}?[0]
C T K
COVARIANCE COHERENCY | < » | KENNAUGH
SU(3) sU3) 04)

Independent parameters !!!
(Bistatic 16 — Monostatic 9)

[S] is not a statistical descriptor, it is a zero-mean multidimensional random value !!!

. N Remote Sensing Lab
© Carlos Lépez-Martinez 110 Signal Theory and Communications Dept
IGARSS 2007 Universitat Politécnicade Catalunya

- Software: PolSARPro v3.0 @

1
POLSARFRO

PolSARpro v3.0 Software:

Tool specifically designed to handle Polarimetric
data.

Educational Software offering.atool for self-education in the field
of Polarimetric SAR and Interferometric Polarimetric SAR data
processing and analysis.

Developed to be accessible to a wide range of users, from
novicesto experts in the field of Polarimetry.

Remote Sensing Lab

© Carlos Lopez-Martinez Courtesy of Dr. E: Pottier 111 @ signal Theory and Communications Dept
IGARSS 2007 Universitat Politécnicade Catalunya
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I softviare: PolSARPro v3.0 @

POLSARPRO 5.}

Visit regularly the Web Site
http://earth.esa.int/polsarpro

The Web Site provides

e Details of the project

© Carlos Lépez-Martinez
IGARSS 2007

e Access to the tutorial and software

e Information about status of the development
e Demonstration Sample Datasets

e Recently obtained results

) Remote S Lab.
Courtesy of Dr. E: Pottier 112 @Sleg"r‘\oa\e'rhzgf;lnagndacummumcalmns Dept

Universitat Politecnicade Catalunya

B 2|

© Carlos Lépez-Martinez
IGARSS 2007

§ & b
Remote Sensing Lab
113 Signal Theory and Communications Dept
Universitat Politecnicade Catalunya
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4

PolanimetriciSARINnterferometry:

I Fo'zrimetric SAR Interferometry

Polarimetry and Interferometry are complementary information

-

DLR E-SAR L Band
POL-INSAR (1.5m x 3m)
Baseline 5m

[HH+VV|  [HH-VV|  |HV] |9w|

"='.l'-_:",6__l_5lr_imetry provides sensitivity to scattering mechanisms
i _:Z*_lhfqr_ferometry provides sensitivity to height information

I Location of scattering mechanism in height I

© Carlos Lépez-Marti Remote Sensing Lab.
arlos Lopez-Martinez 115 Signal Theory and Communications Dept.
Universitat Politécnicade Catalunya

IGARSS 2007
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- Polarimetric SAR Interferometry *"ﬁ

PolInSAR data mathematical representation

« (6" 6) coherency matrix <T6>

d( U _?(T1> <012>l‘J
=g (=bk)=go s (ry

(T1> and <T2> separate image coherency matrices

(O 12> correlation matrix

* Coherence set in the radar polarization basis

s ta)

(rlirzarg) Withri_ " — for =123
(ki K)(k K5)
116 (G Smamenn e Compuicaions oo

- Polarimetric SAR Interferometry *ﬁ

PolInSAR data mathematical representation

« Coherence representation using projection vectors

K
K, =W*iTk1- kZi:Wi*TkZ M= <kﬂ* > p
GO
L wkw)  wiou

'\/(W*iT kl k;.TWi ><Wi*Tk 2 k;TWi ) \/W:T (T11>WiW:T (Tzz)W
« Coherence set in an arbitrary polarization basis

wT (Olz)w

Jw yww T (T, )w

« Coherence set in different emission/reception polarization bass

kl1=USU3k1’kl2:USU3k2 r(W)_

W*1T< 12>W2
le )W Wy (T )W,

© Carlos Lopez-Martinez 1u7 @ gegmm‘eT}Se swyng Lah < oept
IGARSS 2007 it Polit & d C I \ y
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- Polarimetric SAR Interferometry *"ﬁ

Optimal coherence set o
w," (O, )w,

W;.T (T11>W1W;T (Tzz >W2

Interferometric coherence I (Wy,W;) :\/

Which polarization combination leads to the maximum possible interferometric coherence?

L= WZT (OlZ)WZ +l 1(W1T<T11>W1' C1)+| z(W*zT <T22>W2 - Cz)

max,, (L")
S 0 + (T, =0 = 1 Tw =
ﬂWIT _< 12>W2 1( 11>W1_ <T11> <012XT22> <012> w,=n w,
ﬁ;'NL =(0up) Wy +1 (T, =0 (T,.) 0,) (To) (0w, =n w,
These matrices are not hermitian, but N =1 .| 2 is real
e

- Polarimetric SAR Interferometry *ﬁ

Optimal coherence set

T,) (0, XT,,Y ' (0,) 'w, =
Coherence optimisation ( 11> < 12>< 22> < 12> Wi,

*

<T22>- 1<012> ! (T11>-1<012>W2 =N,

Three real eigenvalues n,3n,3n,
Three pairs of eigenvectors (Wu,W ) (W21,W ) (Wsle )
« Optimum coherence values I ; = \ﬁ * Optimum scattering mechanisms (W|1’W )
Image formation m=w,"k, m=w)k,
— T —
Eigen phase normalisation f e ™ arg(Wl Wz) =0
* * * ¥ T *
Interferogram mm = (WlTk 1)(W2Tk2) =w," <012>w2
© Carlos Lépez-Martinez Remme se smg Lah
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CV [Computer Vision and Remote Sensing

© Carlos Lépez-Martinez
IGARSS 2007

Polarimetric SAR Tomography

1 i f 0
d 'l | hi 11 . r "i'
4 . Y

corner

spruce forest street building cars
reflecto

Polarimetric colour composite of a tomographic slice in azimuth/height
HH+WV HH-VV, 2*HV

E-SAR L-band, 14 parallel tracks, approx. 20m track separation

Berlin University of Technology -

Remote Sensing Lab
120 E Signal Theory and Communications Dept

Universitat Politécnicade Catalunya

Courtesy of Dr. A. Reigber

© Carlos Lépez-Martinez
IGARSS 2007

Remote Sensing Lab
121 E Signal Theory and Communications Dept

Universitat Politécnicade Catalunya
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ViuitidimensionallSAR  DataiViedels

I . ticimensional SAR Data Models @

Multidimensional SAR systems present a wide spectra of
configurations

* SAR Interferometry

« Differential SAR interferometry

* SAR Polarimetry

» Polarimetric SAR Interferometry

» SAR Tomography/ Multibaseline

* Multitemporal SAR

« Multifrequency SAR

How to deal with all these types of configurations?
= Statistics: Speckle noise imposes the use of statistical descriptors
~ Speckle affects the SAR images
}f Speckle affects the correlation structure

- Physucs The interpretation of the data must be done according to the
" physics behind the imaging process

Signal Theory and Communications Dept.
IGARSS 2007 Universitat Politécnicade Catalunya

© Caros Lpez-Martinez | Electromagnetic Signal Processing |@mgb




- Mathematical Representation rfﬁ

The multidimensional SAR system acquires mcomplex SAR images

The properties of the target vector
T . .
Target vector k =[S,S,....,S, ] follow from the properties of a single
SAR image
® k is deterministic for point
scatterers-. It contains all the
necessary information to
characterize the scatterer

® Kk is amultidimensional random
variable for distributed scatterers
due to speckle. A single sample
does not characterize the scatterer

SAR images characterized through
second order moments
® Second order moments in
multidimensional SAR data are
matrix quantities

p . N Remote Sensing Lab
© Carlos Lépez-Martinez 3 Signal Theory and Communications Dept
IGARSS 2007 Universitat Politécnicade Catalunya

- Mathematical Representation @

PDF for non-correlated SAR images (Distributed scatterers)
= Zero-mean multidimensional complex (also circular) Gaussian pdf
A aes(sk_ L eX SKSk; L ——eX -—trkk
( ) kO= pg S B pmSZm pg 2-1 SZ ﬁ pmSZm pg ( )ﬂ
*

Independent SAR images with the same power § = ch (O,S 2/2)

= First order moment

E{k} =

= Second order moment: Covariance matrix

—E{kkH} =3\

. . Remote Sensing Lab
© Carlos Lépez-Martinez 4 Signal Theory and Communications Dept
IGARSS 2007 Universitat Politécnicade Catalunya




- Multidimensional Gaussian pdf Properties a’g

Characterization of random variables
= Probability Density Function (pdf)
= Moment-generating function
= Statistical moments (mean, power, kurtosis, skewness...)

Zero-mean multidimensional complex Gaussian pdf
pk( ) mlcl ( kHC_lk)

= First order moment . E{k} =0
= Second order moment: Covariance matrix

¢efssr} Efss} - Efssi}U E{ss)rokii{z..m Kk

G Ees) bS] - epsii g
e : . : 4
gE{ S.S" } E{Smsf} E{ Sms:} ; I Correlated SAR images |
© Carlos Lopez-Martinez 5 @U” el Theory lg;nhcadecala‘ oo

IGARSS 2007

- Multidimensional Gaussian pdf Properties a’ﬁ

A zero-mean multidimensional complex Gaussian pdf is completely
characterized by the second order moments, i.e., the covariance
matrix
= Moment theorem for complex Gaussian processes, given Q
correlated SAR images
For k* |, where m,and n are integers from{1,2....,Q}

E{sﬂlsm2 8,8, S, Sn} =0

For k =|, where p is-a permutation of the set of integers {1,2,...,Q}

E{S“lsmzmsws:hs:‘z Sﬂ} :ép- E{SW(J;S';}E{S'WMS;}"'E{S%ms:}

= Considering the covariance matrix
Higher order moments are function of the covariance matrix

. . Remote Sensing Lab
© Carlos Lopez-Martinez 6 signal Theory and Communications Dept
Universitat Politécnicade Catalunya

IGARSS 2007




- Mathematical Representation a’g

The covariance matrix contains the correlation structure of the set of
MSAR images

gE{slslH} E{s.s} - E{Slsn”q}lg1
¢~ Efk] - gE{S:ZQH} E{s.s!) E{S:ZSHT} 3
E(s.s) Ess) o essly

Information
= Diagonal elements; Power information

E{SkSKH}:E{|SK|2} ki {12,...,m}
= Off diagonal elements: Correlation information

E{s.s'} klIT{12..m Kkt

Remote S Lab
© Carlos Lépez-Martinez 7 S”‘“’ ‘“_r ensing Lal
IGARSS 2007

ignal Theory and Communications Dept
Universitat Politécnicade Catalunya

- Mathematical Representation a’ﬁ

PDF for correlated SAR images (Distributed scatterers)
= Zero-mean multidimensional complex Gaussian pdf

p(k) = pllclexp( HC_lk)

= First order moment
E{k} =0
= Second order moment: Covariance matrix

{ﬁ} E{ss) E{Sls;.}g

DD
|'|'|

C=E{kk“}:g fs 23} E{S:zs?} E{SZSS}E
E(ss) ess) - elssl

All the information characterizing the set of m SAR
Images is contained in the covariance matrix

s Dept

© Carlos Lopez-Martinez 8 @ gegmm‘eT}Se swyng Lah
IGARSS 2007 it Polit & d C I \ y




- Complex Correlation Coefficient a’g

How to consider the correlation information
= Off-diagonal covariance matrix elements

E{s.§"} kIl {12...m kI

Absolute correlation information

= Complex correlation coefficient
E{SkS} _| | o 0£|I’kvl| £1 coherence
|

M = 2 2
Jellsrhefs} b £, Ep

Normalized correlation information

= The complex correlation information represents the most important
observable for multidimensional SAR data. Its physical interpretation
depends on the multidimensional SAR system configuration

- . N Remote Sensing Lab
© Carlos Lépez-Martinez 9 Signal Theory and Communications Dept
IGARSS 2007 WaF Universitat Politécnicade Catalunya

- Information Content "ﬁ

= SAR Interferometry
Phase q,, contains topographic information
Coherence|r k,|| is sensitive to different properties of the imaged area
+ Study and retrieval of stem volume over forested areas
+ Study of dry and wet snow covered areas
= Characterization of glaciers, valleys, and fjord ice
= SAR Polarimetry

Off-diagonal information related with the geometry and the electrical
properties of the target being imaged

= Polarimetric SAR Interferometry

Complex correlation coefficient related with the vegetation height and the
vegetation structural properties

. . Remote Sensing Lab
© Carlos Lopez-Martinez 10 JEEEN signal Theory and Communications Dept
IGARSS 2007 ¥ Universitat Politécnicade Catalunya




- Mathematical Representation a’ﬁ

Multidimensiqnal SAR data Second order moment
descriptors
for distributed scatterers

First order moment

o Sn S 5,51 VES,SL S0
- g‘q_‘H SNU Description for kk" =&f28,8l 25,80 425,504
. u POISAR d g " g
0 ata g S.Sh VB8 s8 g
Scatteri:g matrix il SEaErES Covarianvce matrix

characterization
éss’ s’ - sSU

Description for €g oH H wu
[ _&8 SS - SS;

k= [S.Sz. .Sm] generalized multidimensional K" =27 T o gl

SAR data é ’ . U

Target vector &9 58 - S5

Characterizes completely
the data distribution

Covariance matrix

- Information Estimation/Filtering a’ﬁ

For multidimensional SAR data, under the hypothesis of Gaussian
scattering, all the information is contained in the covariance matrix

eefss) Efss) - Efssi)y

c=rfuc) =¢S5 ) Eoay
é : |
é

Elss) Hss) o Hs sl

This matrix must be estimated from the available information
= The scattering vector for each pixel/sample of the SAR data

K, =6S.S. Syl

® The estimation process reduces to estimate the ensemble average
(expectation operator) E{}

® The estimation process also receives the name of data filtering
process. In case of homogeneous areas.

. . Remote Sensing Lab
© Carlos Lépez-Martinez 12 Signal Theory and Communications Dept
IGARSS 2007 Universitat Politécnicade Catalunya




- Information Estimation/Filtering @

SAR images reflex the
Nature’s complexity

Optical image DL.R OP

|Homogeneous areasl |Image details | i—leterogeneous areasl
Maintain useful information Maintain spatial details Maintain both
(s) (Shape and value)
RADIOMETRIC RESOLUTION SPATIAL RESOLUTION LOCAL ANALYSIS
- . . . Remote Sensing Lab.
I@éggﬂsossztgg?'wﬂmnel Image data: S,, amplitude. E-SAR L-band system #‘m 13 @LSJlng‘cear\;lr:u;z‘gggr‘cys;néneucnéfaa‘l‘ﬁ;:Dept

- Information Estimation @

Multidimensional SAR data information estimation, i.e., data filtering,
based on two main hypotheses

® Ergodicity in mean: The different time/space averages of each
process converge to the same limit, i.e., the ensemble average E{}

The statistics in the realizations domain can be calculated in the
time/spatial domain

Necessary to assume ergodicity since-there are not multiple data
realizations over the same area

Applied to the processes E{|S(|2} : E{|S|2} and E{S,§"} KkIT{12...m}
= Wide-sense stationary: Given a spatial domain all the samples in
this spatial . domain belongto the same statistical distribution

SAR images can not be considered as wide-sense stationary processes
since they are a reflex of the data heterogeneity

SAR images can be considered locally wide-sense stationary

Applied to the processes E{|§|2} , E{|S|2} and E{Sks“} kIT{12,...,m}
= Homogeneity: Refers to non-textured data

Gaussian distributed data

. . Remote Sensing Lab.
© Carlos Lépez-Martinez 14 Signal Theory and Communications Dept
IGARSS 2007

Universitat Politécnicade Catalunya




- Sample Covariance Matrix *’ﬁ

Covariance matrix estimation by means of a MultiLook (BoxCar)
= Maximum likelihood estimator: Sample covariance matrix

4SS TASMS(K) - 28 SK)S 0]
e k=1 k=1 k=1 l’,l
2 L &8 S0)$0) TESKSK) 1880 S
N =1 é : l;I
&1 g g
L4 5.(K) S (k)

146 (0S(K) - L4 S09s(U
Ny n g

(g°4
=]

=

il

L

=~

il

L

nrepresents the total number of samples employed to estimate the
covariance matrix, taken a region (square, rectangular, adapted...)
Z, -as estimator ofC

+ Does not consider signal morphology/heterogeneity

+ Loss of spatial resolution

The sample covariance matrix Z is itself a multidimensional random variable

L h
© Carlos Lépez-Martinez 15 S g ‘ Th g s Dept
IGARSS 2007 Universitat Po\lecn cade Cala\ vya

- Sample Covariance Matrix Distribution a’ﬁ

The sample covariance matrix Z, is characterized by the complex
Wishart distribution z, ~w(n,C)
_nrm Znn-m -1 _amm1l) 2o m .
p, (Z,)= er(-nCc?z,) G, (n)=p P™G(n-i+1)

[cl"Ga(n)

= Multidimensional data distribution
® Valid for n® m, otherwise |z |""is equal to zero and the Wishart pdf is
undetermined

Equivalent to Rank(Z ;)=m,i.e., the sample covariance matrix is a full
rank matrix

The higher the data dimensionality mthe higher the number of looks n
for the Wishart pdf to be defined

. . Remote Sensing Lab
© Carlos Lépez-Martinez 16 Signal Theory and Communications Dept
IGARSS 2007 Universitat Politéc




I . iticimensional SAR Data Description 4]

1
=N.(0s?2 k =[S.S,.....S.' P (k) ===exp(- k"C %
S( ‘ ( / ) Nll:uild::nsion:m] " k( ) P |C| ( )
SAR dataset Multidimensional complex Gaussian pdf

l

Zn = lé. kaIH
i=1
Z,~W(n,C)

Sample covariance matrix

Single SAR image

v

=nnmznﬁ _ -1
p, (Z,) TG etr(-nCcZ,)

Complex Wishart pdf
. . Remote Sensing Lab
© Carlos Lopez-Martinez 17 @ Signal Theory and Communications Dept.
IGARSS 2007 Universitat Politécnicade Catalunya
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itidimensional SAR Sp.

J

- Multidimensional Speckle Noise Model

g$$ ss' - 515»:3 g Loosst - SS}"B
KK _&SS 88 - s eSS L - SSig
é : : D0 é : ]
é 0 é a
8.9 SS - SShE 8SS S8 - I, o8

= Covariance matrix diagonal elements
« Consist of the intensity of the SAR images

+ Speckle noise modelling/reduction as for.one dimensional SAR images
L(xr)=s (xnn(xr) ki{12...m}

= Covariance matrix off-diagonal elements
« Consist of the Hermitian products between pairs of SAR images

Efs.s)

T s el

~ » A multiplicative speckle noise model can be also considered?

© Carlos Lopez-Martinez 20 Remote Sensing Lab.
IGARSS 2007

=|r €™ KkIT{12..,m}

Universitat Politecnicade Catalunya
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- Multidimensional Speckle Noise Model Q

Multiplicative speckle noise model extension

= Model for a complex SAR image. Complex image model obtained
from the intensity speckle model

S (xr)=ys (xr)e™*In (xr) kT {12..m}

‘ Construction of the covariance matrix terms

E{g@( s (x,r)} = E{ s, (x1)s(x r)ej(qk(x")'q(x"))} E{ n(xrn (% r)} kIT{1,2,...,m}
()

g\ s s s g 0y

R < (az-a1) 2 i(02-am) 2 % .. ou

— ~_8&fss,e o f5S ne aD 1 oY
o=sn, ki {12....m map c=5v°s: * B T
eé ' (an-a1) B . (am-az) b . e T

j Im =01 Im =02 2 € e Q

é s el FINCA S s2 H@ 0 14

Multidimensional extension

= _Extension only possible for the extreme case E{nn“} =l as data’s
correlation is not considered

. N Remote Sensing Lab
© Carlos Lépez-Martinez 21 Signal Theory and Communications Dept
IGARSS 2007 Universitat Politécnicade Catalunya

- Multidimensional Speckle Noise Model 4@

Statistics area

Copolar

Std

Blue: Real(S,;S,,*)
Red:(Imag(s,,S,.,”)

| o] = 07767057

Crosspolar

Grass area Blue: Real(S,,S,,,")

Red: Imag(s,,S,.”)

std

Statistics calculated over |

7x7 pixel windows |F | =0.12807 2%

,

S,, amplitude
E-SAR L-band system

. . Remote Sensing Lab,
© Carlos Lopez-Martinez 22 signal Theory and Communications Dept
IGARSS 2007 Universitat Politécnicade Catalunya
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- Multidimensional Speckle Noise Model Q

Objective of a multidimensional speckle noise model

Useful information <

» Noise sources

= Overcome the limitations of the fully multiplicative speckle noise

model. Noise model independent of the data dimensionality and valid
for any correlation structure for the data

Observation: Any matrix entry consists of the Hermitian product of two
complex SAR images
esy’ ss, - SS,

e H H H
One-look sample covariance matrix Z, =kk" = gSZ'Sl SZSZ . SZS"

(= NenY ey exY en 'y enld

é . . . .
658 S - SS
= Speckle noise model for the Hermitian product of a pair of SAR

images
L

Extension to model the sample covariance matrix independently of its dimensions

© Carlos Lépez-Martinez

Remote Sensing Lab
23
IGARSS 2007

Signal Theory and Communications Dept
Universitat Politécnicade Catalunya

- Hermitian Product Speckle Noise Model Q

Procedure to derive the multidimensional speckle noise model

y

exp( jf) zexp(jf ) > z

n

Complex Phasor Hermitian Product

Sample covariance
speckle noise model . speckle noise model

apeckle noise model

© Carlos Lopez-Martinez

Remote Sensing Lab
24
IGARSS 2007

signal Theory and Communications Dept
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Complex Phasor Speckle Noise Model @

oxp(jo)

® Phase distribution under the Gaussian Scattering Assumption

—>  cexpljo) —» [Z]

_G(n+]/2)(1- Ir |2)nb (1-|r|2)n @ 1,6,
A () wpG(n)(1-b? T 2 Fightigid®s b=lrloos(r-1.)
£ == fi fl
: II |I — ( || I| II
. 11 I ||
| | \ [ 1
u : |I | I' II II |
ad : -L__',II II | I| III
- E | I'. | |
. = -\/" & I'n. \_::: : | ol ;.' _:‘H/j,-: -\,“\h_
= Phase additive noise model '
E{o} = o

b=+ [y — T, 00 + T)
var{v} = f(|p|)
® Useful signal separation from noise component under the complex phasor
formulation

. - ) cos(g) = cos(o;)jcos(v)|— sin{a@, )|sin(v)
el? — I“{rJ"}_Q__'.'\‘;{;J"} = cos (@) + jsin (o) . . ) . .
sin{@) = cos(d,)sin(v) [+ sin( o, )jeos(v)
. . Remote Sensing Lab.
© Carlos Lépez-Martinez 25 @ Signal Theory and Communications Dept
IGARSS 2007 Universitat Politécnicade Catalunya

- Complex Phasor Speckle Noise Model @

= |nterferometric phase noise real part I

cos(v) = N, + v}

oy 11 ; B
N, = E{cos{v)} = e 2Fy (5_ 52 |f"2) "

E{v}} =0 ot = 51— |p)>™

B =

’
1

® Interferometric phase noise imaginary part - *

sin(v) = v} "
P 2 L 2,0.58
E{oy} =0 oy = 5= 1p%)
= |nformation location-within the complex phasor
cos(d) = |_-"\"} cos(a, )l +|z"1 cos(gy) — vhsin(o, )|
sinf{¢) = |A-"\"'r sin( ¢, |+|i.‘f1 sin(dy,) + o) (f()"“t:c’i‘)l
v v
N.considered as signal component  Noise terms. Phase information is lost
e 2 @) Sire i oty o

13



- Complex Phasor Speckle Noise Model rfg

= Combination of the additive noise terms v} ancu)

Ve = r"‘ cos(dy) — f‘fa sinf ¢y )
. ' (221
ve = v)sin(@y) + vy cos(¢y) |
[0
Elocy = E{uvd =0 )
rr;’j. = fol ('()\Q\If,lm] + rr;’jr \'1]12['1'@] ::._ fT‘J \\:‘
C 2 - B8 v A
ni = rrfl \ing[(_:x] +n'§l,) o m‘i[ux ) arh— rr;*:, \“.\
voal ﬂ_'r_)r a ‘|1
: : 1. P B ] [T [ i
o, = T, = 5(1 = [p[)* .
3
. - i
= Interferometric phasor noise model
i,
- — - .
IeJf =Nge’ (v + jv, )f
v v
Multiplicative component  Additive component A
R
© PR - Remote Sensing Lab
oaRSs so0r e 27 @) Sz Cerpunaons o

- Hermitian Product Speckle Noise Model @

exp(ja) —— —> [7]

cos(@) = A\'ﬂ(-usi_r),,. ) r"] cos(Qy ) :‘éni]llri,-]
Extended complex phasor exp(jo)

.y S Py ’ ’
sin(¢) = N,sin(o,) + vysin(o,) + vh cos(d,)

® Complex Hermitian product speckle noise model as extension of the
complex phasor speckle noise model

SpS; = |SkS) \t"m“ ) = yei®

R{ 2 ®) = N.zcos(d,) + = vy cos(d,) — 2 vhsin(g,)

Qfzei®} = N

e 2sin(¢p) + 2 o) sinfgy) + 2 v cos(da)

ze!' = @N, +(28+ jg)gexp(if )

® The phase ¢.is considered as the average phase difference in the case of
homogeneous data

m  |dentification of noise sources in each additive element by considering
homogeneous data

. . Remote Sensing Lab
© Carlos Lépez-Martinez 28 Signal Theory and Communications Dept
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|+ (20] + 7 2vh)] exp(jdis)
® Random behaviour determined by the amplitude =

R{ze/?}y = 2N, cos(dy)

F{2e/?}] = 2N,sin(¢,)

= N.determines the final properties of this
additive component as it depends-alsoon
the coherence ||
il p|2) cos(o,)

w{ateomn) =2 (150 - (5) 17 (b B18) i
std { R{ ""‘iu}l} =~ abs (E {h‘{ ze?%} })

A 4
E{n,} = 1
var{i,, } 1

. N Remote Sensing Lab
© Carlos Lépez-Martinez 29 Signal Theory and Communications Dept
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Sl dew

bl —

E{-h‘:;e-f"‘}l} = \ir,( l)

1o —
o] —

{267 = YN Zpnmel¥e |Mu|tip|icative noise behaviour

- Hermitian Product Speckle Noise Model Q

- Hermitian Product Speckle Noise Model @

ze?® = [zN, + ( + j2vh)] exp(joe)
= Random component determined by > and the ]

L1
phase noise term v}
R{ze’®}a = 20 cos(ey) il
I{ze??}y = 2v)sin(ey) ool
L4
ER1:03% 3 NI F L L1 e (b Yy
X {.h{tr }g} = ¢||p =1 eg2h1 3 "3 L;|p cos{ oy ) el
pif s =" B '-\\
\'EIJ'{'R{ ‘_rJ"'}z} ~ 5:_“(1 - |,f:\‘]"‘”(1m'(f'),.] b3 2z B s T |
® The mean and the variance depend differently == ‘“ .
on the coherence || = \\
{.‘u’jé}Q =V |[(|p| — NoZpn) + nai] i%s 83| R

E{ng} = 0 ! \\
var{ng} = é“ _ |{J|2)1'64 wiaf \
L 4 v :. \

"
al e
1+ H 1 o a2 o o ae 1
|Add|t|ve noise behawourl u
. . Remote Sensing Lab.
© Carlos Lopez-Martinez 30 @ Signal Theory and Communications Dept
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- Hermitian Product Speckle Noise Model Q

2e® = 2N, + (2v] + _j)] expljoy)

® Random component determined b'z and the phase noise term.'.’2

R{zei*)y = —zuvhsin(d,) {26/} = mage’®
S{ze®)y = 2vhcos(a,) Efel = 0
E{R{z"}3} = 0 » var{igs} = é! L—[pf*)
N 1 o 2, 2 : E
var{R{ze'*}s} = S¥°(1 - |p[") sin®(¢2) : Additive noise behaviour:

® Complex Hermitian product speckle noise model

SpsS;p = f (r"|p|vxp(_j<.‘1x). [ms Tar nm]T)

i
SpS) = zel? ={ze!} + {26’} o + {26!V} 3
W 5 b 1T AT = . o b
= NZpnme?™ + ¢ [(|p| — NeZn) + naa] €77 + jibngae?®®
A A A
A Crppng 0 i
Crppngz =0 A A
. . (e 1fgn = 0 Remote Sensing Lab
© Carlos Lépez-Martinez altfed @ Signal Theory and Communications Dept
IGARSS 2007 Universitat Politécnicade Catalunya

- Hermitian Product Speckle Noise Model @

® Combination of the additive noise terms 2ar and 2q;

Yitgr = Uhgl cos(Qy) — Vg2 SIn oy
URg = UNgsin(o,) + ¥'n,s cos o, ol g
naf
E{ng} = E{na}cos(¢:) — E{ng}sin(é,) =0 .
E{ngt = E{ng}sin(é,) + E{ng}cos(o,) =0 s
o
12 2
2 2 200 V1 0? win2(h) —a?
ey = Ongy €087 (0z) + Ty SinT(@g) | a1
2 2 IO ¥ 2 20y 2
nai = Onag S0 (D2) + 05, cOS™ () wl— o, .
oy c
. =20 [ 2
2 _ o _ 1 (1—| |2]1.32 o Thgr
Una,- - (-Tna,, - 3 —\P 1]

® Complex Hermitian product linear speckle noise model 3

¢ #in.+in.}
S(S* :!y chnnmeﬂx "';y (|r |- chn)e“x +y (na + jna‘ E wipHaE) <"
v v
Multiplicative term Additive term
-9

. . Remote Sensing Lab.
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- Hermitian Product Speckle Noise Model 4‘

S8 =y Nzne"+y (|- Nz )" +y (n, + in,)

o High coherence )
Multiplicative speckle component: .., s 9 areas
Stationary
R{ze?}y = 2. cos(dy) = n‘.\'ﬁ,,n,,, NeZnln, = Ongy = Tnyy
= 0.675
J{ze’%} = zesin(¢,) = A"A\',.T,,,u,,,m [l
. Low- coherence
Additive speckle components:n,,, 1, m=) areas
Non stationary J

A 4

Combination of multiplicative and additive noise

Final speckle noise behaviour { components, determined by

Special cases

- Covariance matrix diagonal element

p=1lexp(j0) mmmp Sp5; = vnm

By construction, the complex Hermitian product phase difference is
characterized by an additive noise model

. . Remote Sensing Lab
© Carlos Lépez-Martinez 33 Signal Theory and Communications Dept
IGARSS 2007 Universitat Politécnicade Catalunya

- Hermitian Product Model Validation 4‘

L-band (1.3 GHz) fully POISAR data. E-SAR system. Oberpfaffenhofen test area (D) :ﬁ;

Iotal R{SkaSi b Mult term R{Sp, S} Agd. term R{Su, S, }

oy w s W ¥
o~ u u a &
=]
Qi . B
S 'l L
(€8]
o
©
Q
K
«\
S
o
—
CAl
@“
@«
o
a -
az ne L 1] 1 1 az az 1
b =t " «
. . Remote Sensing Lab
© Carlos Lopez-Martinez Oy 34 signal Theory and Communications Dept
IGARSS 2007 Universitat Politécnicade Catalunya
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I < mitian Product Model Validation @

. . . . 0s(0.331) =~ 0.945
Speckle noise behaviour in high coherence areas { o '

p = 0.850exp(70.331)

sin(0.331) =~ 0.325
The phase *»determines the contribution of the multiplicative noise_ component

Mult. term R{S;,;,S;, } Add. term R{S;, 58], }

ve

Mult. term (5,55, 1 Add. term 3{5.,5),}

.
§ o o ke jo e
11} Ak L]
o ow T T T R S T T
L " L
-]
1t . h
I "
@ : [
-] a -l L] an L] o [ LT} g
Corr. term  R{S,.5;, } Corr. term 3{5;,5:,}
e 4 | )
= Differences between the
< £ real and the imaginary parts
1 a3
[ or e as an l-| ar a8
© Carlos Lopez-martnez ’ 39 Signal T:eury and Communications Dept
IGARSS 2007 Universitat Politécnicade Catalunya

- Hermitian Product Model Validation tﬁ

) . — cos(—0.528) = 0.863
Speckle noise behaviour in low coherence areaS{lf'=“»-3-"”"XI"*f”--'-’“'l S ’

sin(—0.528) = —0.503

Low influence of the average phase ,in low coherence areas

Mult. term R{Sy,.S), } Add. term R{S;;, 57} Mult. term 3{5;,5:, 1 Add. term 3{ 54,57, }

T
- - "

ai L1

y = e

pas| e c Bas - .."‘i
3 = - T
ol e vl £ 0 s

B = I T L -

e or oo ms am 1 c ar i oe am

L »

Corr. term R{S;,.5;,}

as

aal L, e For low coherences, additive
B : speckle term dominates

" "
© Carlos cupee-maiunce 30 Signal Theory and Communications Dept
IGARSS 2007 Universitat Politécnicade Catalunya
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- Sample Covariance Matrix Speckle Noise Model a’ﬁ

Extension of the Hermitian Product Speckle Noise Model
E{z:} =e{e(z,)} = ()

Gaussian Q(Z,) Polynomial depending on the entries of Z, invariant in the sense that it only depends
hypothesis on the eigenvalues of Z,

G.Letacand H. Massam, " All Invariant Moments of the Wishart Distribution”, Scand. J. of Statistics; vol. 31, no. 2, pp. 295-318, June 2004

= Rearrangement of the Hermitian product speckle noise model
(s8), =ynen(if,)+y (|- Nz)em(f,)+y (n, +in,)  kl=12..m

(s8), =y Irlew(if, )y (n- NZ)ew( F,)+y (n,+in)  kl=12...m

= Matrix speckle ‘noise model

R INm.ii = My

'le,ij =y ij(nmij - chjz,ij)exp( if xjj)

JNaji =0

lNajj :yi]( al’Jj ]r!;uu)

= Coherent with previous results in the literature (Perturbation analysis)
<kk > =C+? LR Trars, Sanal Processing, voL4D.no. 7. . 687~ 2690,y 203 A reemnernt

L h
© Carlos Lépez-Martinez 37 S g ‘ Th g s Dept
IGARSS 2007 Universitat Po\lecn cade Cala\ vya

I . ticimensional Multilook Speckle Model 4

A multidimensional SAR data speckle noise model for already
multilooked data
®= Sometimes, depending on the SAR sensor, only multilook data is

available
él s 18 > J u
era si(k) g (k) =a si(k)s (k) ~a S(K) s (k) g
é k=1 k=1 k=1 l:l
é1¢ Py G
7 =18k =52 8K (K Tas()s () - 28 5.(4) $(Ky
"< &, et k=1 k=1 a
k=1 & : u
él n n n L:J
=as.(k)s(k) =as.(k)s(k) - =a s.(k)s. (k)4
En = k=1 k=1 H
© Cars Lo Martnez 38 ) S communiston e
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I . iticimensional Multilook Speckle Model 4@

The Hermitian product phase difference pdf

. N o+t ) (K F) e 1 s
(SSj)n=Za<p(Jf) i,j=12..m n(f _2J,)_G(n)(1- bz)n+J/2 + 2 2F18n1115rb :

Phase difference model =% f =f, +v siill valid

A{exp(jf )} = N cos( )+ vgeos( ,)- vgsinf ) T Ty
ool ] an(t) wain(t ot ) LZRUT) =N @) (6 )

Amplitude information Noise components

o) E{v§ =E{v§ =0
n+1/2) G(3/2) ) B 1 an

N, = Tl |zﬁg— 2|f|2ﬂ Se= Svszg(l' Ir |2)

08,

06 8 %
=" 1 ] o
04 & v
0.2| = Fapprac
) 0z 04 06 08 1
el

p . N Remote Sensing Lab
© Carlos Lépez-Martinez 39 Signal Theory and Communications Dept
IGARSS 2007 Universitat Politécnicade Catalunya

I . ticimensional Multilook Speckle Model 4

A{zexp( it )} =|zN. cost , ) avgeost ,)- avgsint )
A{zexp(ff )}=|2N sin(f 5 2vgsin(f )+ vgcos(f,)

(S‘S])nzze(p(jf) i,j=12,..,m

= Single-look data ()
. o E{n, =1
2N exp(jf )=y exp( if ()7 NN,

2 -
o=

S

m

= Multilook data
Extension of the singledook model NOT possible

- - , )
[ 2 exe(it.) =y ew(if )] ==
E{n}=NZ (Exact value) i o S b
N2(1+|r|2 ) -_ e a1
VT2l S 1
var{n,} =N; o (1storder approx.) 0 02 0o o8

= Asymptotic analysis: Mean values are exact. Std dev. are
approximated
lim E{zN cos(f )} =y | Jeos(f,) lims3, g =0
IlmE{zN sin(f,)} =y |r]sn(f,) I|1I®FQ sy =0
* No loss of information
= All information contained in the first additive term asn® ¥

. . Remote Sensing Lab
© Carlos Lépez-Martinez 0 Signal Theory and Communications Dept
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I . iticimensional Multilook Speckle Model 4@
wugeost |, } wvgsing )

Af{zep(if )} = 2N, cos( ,

(SS)n:zap(jf) i,j=12...m

= Single-look data (]
E{n,t=0

A{zexp(ff )= Nsin(f, )} |2wsin(f,); 2vgeos(f,)

aexp(if )

=y {(Ir|F Nz)+ ng exn(if )

= Multilook data

Extension of the singledook model POSSIBLE: °

s? =lz(1— Ir |2)w

[2e0(it) = {(rF N2)+nf en(ir)| o
E{ nal} =0 (Exact value) & ::
ﬁ oz :‘

a5

na
@, HOPFOK.

oz a4 06

sk = (1 I ) (Approx.)

= Asymptouc analysis
Li@n;E{zx@cos(f)}:O Lg@ryvar{zv;tcos(fx)}m

limE{2v&in(f, )} =0 L(i@mvar{z@sin(fx)} =0

+ No loss of information

© Carlos Lépez-Martinez
IGARSS 2007

Remote Sensing Lab
41 Signal Theory and Communications Dept
n
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I . ticimensional Multilook Speckle Model 4
A{zexp(jf )} = 2N cosl , - zvgecost |, )-| vgsinf

+ lvgeos(t, )

(S‘S])":Ze(p(jf) b =L2 A{zexp(ff )= N.sin(f, )} 2vsin(f)
= Single-look data
E{n,;=0
g (if,) ¥ no0(if) PP
st =50 I P)

= Multilook data
Extension of the singledook model POSSIBLE

[2ge(it,) =y n, exp(if )|

(Exact value)

E{n, }‘
s? (1 |r ) (Exact value)

naZ

= Unlflcatlon of the additive noise terms

n, =n,cos(f,)- n,sin(f,) - = =s?
e T L2 i L A Tt

© Carlos Lopez-Martinez

:i(l- Ir |2)1’32JF (Approx.)
2n

Remote Sensing Lab
42 Signal Theory and Communications Dept
Universitat Politecnicade Catalunya
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I . iticimensional Multilook Speckle Model 4@

(sS) =zexp(if) i,i=12...m

(ss;)n =y n,exp(if )+y (|r|- NZ)Jexp( f)+y (ne +iny)  0,j=12...,m

= Multiplicative speckle noise component
+ Dominant for high coherences
+ Modulated by phase information
ey sl
m Additive speckle noise.component
+ Dominant for low coherences
+ Not affected by phase information
E{na}=E{nj} =0 SnZ: =S"2‘:2_]r_1(1_ |r|2)Lazﬁ
= Effect of the ‘approximations
+ Mean value IS NOT approximated =»  No loss of information

limfy ne(if,)+y (|r|- NZ)ew( )+ (. +in.)} =y |r[ew(if.)

+ Std. Dev. ARE approximated

. N Remote Sensing Lab
© Carlos Lépez-Martinez 43 Signal Theory and Communications Dept
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- Multidimensional Multilook Speckle Model Validation@

L-band (1.3 GHz) fully PoISAR data. E-SAR system. Traunstein test area (D) ﬁ

DLR ESAR Traunstein (D) PoISAR L-Band v . Multiplicative L Additive

0<]p|<0.14
Std. dev.

0.29<]p|<0.43
Sid. dewv.

0.57<]p|<0.71
Sid. dev.

[rad.]

0.86<]p|<1
Std. dev.

© Carlos Lopez-Ma-
IGARSS 2007




© Carlos L6pez-M
IGARSS 2007

DLR ESAR Traunstein (D

Multidimensional Multilook Speckle Model Validationﬁ

L-band (1.3 GHz) fully PoISAR data. E-SAR system. Traunstein test area (D) ﬁ

) POISAR L-Band - Total
5 Y

0<lp|<0.14

0.29<]p|<0.43

X“]J\/Iultiplic::\tive . Additive

25

0.57<]p|<0.71

[rad.]

0.86<]p|<1

Multidimensional Multilook Speckle Model Validatiomﬁ
L-band (1.3 GHz) fully PoISAR data. E-SAR system

P

1 B
B 08 hu iy 2
¥ 1
0 06 L =
¥ 03
g
L 04 & £
PR 1
& 02 2
100] 5 2
50 wo 150

. Traunstein test area (D) qﬂ;

Gaharanoa ROI Phase ROI

r =0.57exp( j1.09)

© Carlos Lépez-Martinez
IGARSS 2007

8251 pixel ROI
Multiplicative Additive Multiplicative Additive
1 1 1 1
05 05
. ——

= o W
-05 -0.5
-1 -1 -9 -1

0 05 1 0 05 1 0 05 1 0 05 1
1 1 1 1
08 08 [X:] 08
3 06 06

a

s 0.4 04
2 0z 02
0 0

1 o 05 0.5 1

1 0
{( >9}
Remote Sensing Lab
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Multidimensional Multilook Speckle Model Validation

L-band (1.3 GHz) fully PoISAR data. E-SAR system. Traunstein test area (D)

#,

A{(S0s1),.}

© Carlos Lépez-Martinez
IGARSS 2007

1 0 ‘ 0.5
A{( ! l}

Sh &Ldote sensing Lab

47

Cah Caharencs ROI ’ Phasa RO
3
08 20 :, oy, 2
¥ "5 M
40 at i ] =
& L % Vo }: v . E
o4 arq " ﬁ ' ‘_.
o2 L 4 ] I
o px L -3
150 50 100 150
8251 pixel ROI r '=0.57exp( j1.09)
Multiplicative Additive Multiplicative Additive
B - 1
M,
A
-05
-1 -1 _1 1
(4] 05 1 0 05 1 0.5 1 0 05 1
1 1 1 1
0.8 08 [eX:] [eX:]
a>a' 0.6 06 06 0.6
o
S * 04 04 0.4
2] . - 5 o
0.z . s 0z 02 e N, 0z
ol ————] = o e N i
o 0.5 1 0 05 1 05 1

signal Theory and Communications Dept
Universitat Politécnicade Catalunya
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- Coherence Estimation

SAR Single-Channel and Multi-Channel complex correlation

® Useful information contained in the Hermitian product (second order
moment) of the pairs of SAR images

E{s:S:}

Complex correlation coefficient r = - — =[r e/
VE(ISFTE{Is:F)
Coherence

m Coherence estimation throughmultilook techniques

8 na8,58 (mn)S; (mn)|

29 M o N

Multilook techniques’ | yir| = ————m— 2
‘/a madaalSimn)la a ,lS(mn)l

b Overestimation for low coherence values

| b Bias due to systematic phase variations
k Origin?, Quantification?, Reduction/Elimination?

IGARSS 2007

Universitat Politecnicade Catalunya

€

. . Remote Sensing Lab.
© Carlos Lopez-Martinez 50 @ Signal Theory and Communications Dept.
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T -

Effects of topography in coherence estimation
= Coherence estimated in a 5x5-pixel window

1
T [Fur] ]
It
. .

0 01 02 03 04 05 06 07 08 09 1
Il

40-pixel fringes

1
D
[Fur] ]
Ir]
) .

2 " " " " " n "
0 01 02 03 04 05 06 07 08 09 1
I

12-pixel fringes

Steep topography induces coherence bias I

p . N Remote Sensing Lab
© Carlos Lépez-Martinez 51 Signal Theory and Communications Dept
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BRI specide Bias @

Effects of number of samples (looks) employed to estimate
coherence

1

0.9F .
0.8F -
0.7F -
0.6 .
0.5 b

0.4t E

9 looks , i
25 looks ,|
49 looks o1
81 looks - o

| r MLTl
Ir|
0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
ri

= Multilook coherence is as asymptotically non-biased coherence
estimator.

Looks A = Coherence bias € I

. . Remote Sensing Lab
© Carlos Lépez-Martinez 52 Signal Theory and Communications Dept
IGARSS 2007 Universitat Politécnicade Catalunya
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- Mathematical Modelling fﬁ

Modelling of the Interferometric Coherence Parameter: Topographic

Effects
Systematic phase variations corrupt coherence estimation since the hypothesis of
data homogeneity is not valid

¥ Introduction of topographic effects in the speckle model of SlSZ*
S =y znNe" +y (|- Nz )l +y (n, +in,)
Hypothesis : Topography model =$2D separable slope
2 20
f.(mn
(mr)=Tme
Hypothesis : Multilook techniques to estimate coherence mSimplicity of analysis

S L &8 m- )
h(m,n)—MN?;lgd(m p)d(n- q)

L h
© Carlos Lépez-Martinez ﬂ 53 . sign \Th 9 < bept
IGARSS 2007 Universitat Po\lecn cade Cala\ vya

- Mathematical Modelling &

The availability of the speckle noise model for S;S," allows analyzing
the effect of the multilook filter

x(m,n) =SS, (mn)—»| h(m,n) |—> y(m,n) = (§S§)¢(m,n)

& Stochastic Analysis

S><X(Wx'wy)_> H (WX ‘Wy) S, (Wx 'Wv)

Sl wy) =[H (o w, ) 5, (. w,)
Hypothesis : Uncorrelated speckle components
fo (K1) =1+d (k)
foang (K1) =1, (K1) = (1 Ir |) d (k1)

© Carlos Lopez-Martinez 54 [ signal theory and Communica tions Dept
IGARSS 2007 ¥ Universitat Politécnicade Catalunya




- Mathematical Modelling *ﬁ

SS, =y Zn N +y (|r|- Nz, )e" +y (n, +jny) Steep opography |

Spectral density function (coherence information)

modulated by topography 20 i"‘@\" ==
S, (WX ,Wy) :|H (WX, wy)r S, (WX,Wy) a0 \\ /

Magnitude (d8)

Sn"— = -
82W* 1 rgz VE

-80
M sm?V_xq N %0

Do =

g 06005 01 015 02 025 03 035 04 045 05
ﬂ
Normalized Frequency

<$$>MN tC’Pf’ ”nw elf +y DtOPO(l | Nc?n)ejfx +y (ng + jnS:)
A 4
Quantification of the topographic bias (underestimates coherence)é
A 4
Magnitude flat filters allow to estimate coherence independently from topography :

© Carl . N Remote Sensing Lab
© Carlos Lopez-Martinez 55 Signal Theory and Communications Dept
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- Complex Coherence Speckle Noise Model a’ﬁ

Modelling of the complex correlation coefficient

E(s ) ss, Separate noise models for S; and
7.___2.....2_ r= T S, do not take into account the
|~°i| |32| IsFis correlation between SAR images

= Hypothesis: Independent modelling of S;S," and 'S, and' S,
SS =y znNe" +y (r]- Nz Je" +y (n, +jn,)
IS =s N e
I%Iz =s 2nm2 d |S.| |%| :y nmlnmz

= Complex coherence noise model

r = 5132 ZnnT\NcleX +(|I‘| )ejx+(nar+jnai)
JsFlsF Jmmw
= Multilook estimation
Foy = 2N+ (Ir |- Nezo)el™ +(ng + inf) E{r¢} =E{n¢} =
N E{ng} =E{ng} =E{ng} =1
© Cars Lo Martnez 56 (G Sra Trsoyng Sommunicatons oo
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- Complex Coherence Speckle Noise Model a’g

= Denominator model
2 2 10
SFullsE), =i s

ef{ir),, o).} & MN -
it.)+ (ng + ing)

_ Do &P (if ) + Do (|7 |- NZ, ) exp
1.6
\/8 VN 5

= Complex correlation coefficient model

r MLT

&
2

(ng + jng)

ar al

I vt |r|Dt0poexp(Jf )+§[+_N§

o1 24,—
{11 el =1 O+ e s (11 F)

£ MNg MN

5 161 5 \L32VN
Dspeckle :aj[+_+ _(1' ||" | )

© Caron Lipes Wartines & MNg MN

IGARSS 2007

Remote Sensing Lab
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- Complex Coherence Speckle Noise Model a’ﬁ

Simulated data considering no topography

Coherence biases for ||'|2, (9 looks)

Coherence biases for \flz, (25 looks)
0.1 0.04
R Real Bias B Real Bias
I~
Modelled Bias 0.03 1 Modelled Bias
o o~ \\
‘g 005 g 002
o I~ o _—
I 001 —
\\\ N e
0 0
0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1 0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
Il Il
Coherence biases for | |2, (49 looks) Coherence biases for \flz, (81 looks)
0.02 0.015
| Real Bias Real Bias
0.015 \ 1 Modelled Bias \ Modelled Bias
o~ o 001 \
5 001 -
g = f TR
o — @ 0,005 S
0.005 ] S N N
. a— ——
0 0
0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1 0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1

Low coherence bias due to the additive speckle noise componentl

© Carlos Lopez-Martinez
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- Non Biased Coherence Estimation ,{5

Topographic Bias Compensation
Inversion of the underestimation introduced by the topographic component
0 N 6

sing—w, - _ s —w;
1" &2 "1 €2 %

pro =

M a0 N

: . W, 0
sna=2 vy 9
25 25

Coherence estimation algorithm

Y Topography estimated
Diopo by means of a MUSIC
technique
S i
2 >
S; >
| rAMLTl | rAMLTcorrected
Details
Topography must be estimated from data =$Error source
© Carlos Lépez-Martinez 59 Slcg"r‘\(;\c'rhggf;lnagndacummumcalluns Dept
IGARSS 2007 Universitat Politécnicade Catalunya

- Non Biased Coherence Estimation @

Filtering via Magnitude Flat Filters

B, B, B B
All band-pass filters can not be used o iﬂ*‘a « \
as noise is not eliminated, i.e., signal 10 <
is not correctly estimated 20 N
A 4 % jz i ’\\
Multiscale filter banks N I
-60 \
A ” ] I
2D Discrete Wavelet Transform 0 [

-9
0 005 01 015 02 025 03 035 04 045 05
Normalized Frequency

Coherence estimation algorithm

ef 2D-DWPT »:Processing 3 2D-IDWPT: N, ® |r]|
s Selection of those -
S 2 wavelet coeffs. | I'V\A-T|
1 containing topography
information
Details
. - . . Remote Sensing Lab.
e sy Motinez Topography is not estimated from deta) {7 o conpasgz oo
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Non Biased Coherence Estimation i

Mt. Etna (Italy) X-band interferogram acquired by the airborne ESAR system (DE) ‘#’;

Dimensions: 512x512 pixels

et
. . Remote Sensing Lab
© Carlos Lépez-Martinez 61 Signal Theory and Communications Dept
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Non Biased Coherence Estimation

€

High spatial resolution InNSAR
phase estimation based on the
2D-DWPT

0.1

0
. . Remote Sensing Lab
© Carlos Lopez-Martinez 62 Signal Theory and Communications Dept
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- Non Biased Coherence Estimation a’g

Compensated Estimation without
topography topography compensation

ERTEC AT o
R

Non compensated
topography

| I'mr |‘ | r MLT,tcomp.l | I MLTcorrected | - | r MLTtcomp. | | Mt | - | I'MLTtcomp. |
Av. diff. =-0.231 Av. diff. =-0.113 Av. diff. =-0.081
5000
VA
4000
$ Py
o o\
2] Y
: 2000 7 \
3 1000 ,—/ e \ \\\
=y 7
© CarosLiez v ) I Sl o @) S ommncasons oo
IGARSS 2007 0.8 0.6 0.4 0.2 0 0.2 ¥ Universitat Politecnicade Catalunya

W o § b

- Non Biased Coherence Estimation a’ﬁ

High coherence area Steep. topo. Low coherence area

5000 10000
-~ !
4000 AN 8000 |
S 3000 A ¢ A S 6000
5 AL 3
51 p, \ T
@ 2000 - - 2 4000
£ yd £
] , . g
Z 1000 _/ - Z 2000
P MRSl =2l B S s ~S- = = =
0.6 -0.4 0.2 0 0.2 0.4 0.6 0.5 -04 03 -02 -01 0 01 02 03 04 05
Difference Difference

Av. diff. =-0.119
Av. diff. = -0.150
Av. diff. = 0.031

© Carlos Lopez-Martinez
IGARSS 2007

I F it " i rAMLTcorrecled i
!rﬂMLT ! !fWLT !

é Mt é' | I' MLTgorrected é

Av. diff. = 0.034
Av. diff. =-0.037
Av. diff. = 0.070

(T Remote Sensing Lab
64 el Sianal Theory and Communications Dept

Universitat Politécnicade Catalunya
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- Incoherent Target Decomposition Theorems a’g

In SAR polarimetry, incoherent target decomposition theorems, allow
the physical interpretation of the averaged scattering mechanism in
distributed scatterers

= Decomposition theorems represent a way to perform quantitative
remote sensing

¢ef{s.si)  E(Vas.si)  E{s.si) v
cfoc) = Es.s) s} sl mp T e
g E{ss)  EEs.s) o E{s.sl g
¢(susiy (¥25.5h) (s.80) U
(@)=Y (5.5) (AsS)i  mb Eamas e
BsS) (ous) (a.9) g
Depends on the speckle
filtering process
o @) s oo

- H/A/a Decomposition a’ﬁ

= Monostatic Pauli scattering vector k =£s,, J2s, SNET

. ) 18 18
= Local estimate of the coherency matrix Z, :ﬁé‘ kpok==3 7,

i=1 Nz

= Eigenvectors/Eigenvalues analysis of the coherency matrix

4 H
é u d . 0 0ueé u
— 1A ué
Z,=USU =g Uy U0 1, 0pd U ugy
g 4eo 0 I, H 8 H
Eigenvectors are orthonormal p= I,
i7" 3
o
- al
Eigenvalues are real 2,>?, >?2; bt
© Carlos Lépez-Martinez 68 ngmn‘;\eTﬁilf‘y"é’,\baS .......... t1ons Dept
IGARSS 2007 s Universitat Politéc de Cataluny;
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- H/A/a Decomposition Q

Parametrization of the SU(3) unitary matrix

cos(a,) cos(a,) cos(a,) u

é
U, =g@in(a,)cos( b,)e™ sin(a,)cos(b,)e? sin(a,)cos(b,)e 2y
&in(a,)sin (b, )€ sin(a,) sin(b,)e®  sin(a,)sin(bs)e™ §
\ /\ /7 \ /
vV \'4 \'4
Target 1 Target 2 Target 3

| Decomposition basis |

! L Il

Iy I, Iy

| Decomposition coefficients |

p . N Remote Sensing Lab
© Carlos Lépez-Martinez 69 Signal Theory and Communications Dept
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- H/A/a Decomposition @

Eigenvalues |, |, I ; : Roll Invariant
Probabilities P, P, P5 : Roll Invariant

[ | ) 4

ENTROPY ANISOTROPY
(Degree of Randomness (Eigenvalues spectrum)
Statistical Disorder)
8 I, -1
H=-4R g, @ A=zl
i=1 l 2 +I 3
Pure Target Distributed Target
[ ,=SPAN |1,=0 1,=0 [,=1,=1,=SPAN/3
H=0 H=1
e o @) Sz oty o
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- H/A/a Decomposition

. . Remote Sensing Lab
© Carlos Lopez-Martinez 71 Signal Theory and Communications Dept.
IGARSS 2007 Universitat Politécnicade Catalunya

- Multidimensional Speckle Noise Q

Interest of Multidimensional SAR imagery = QUANTITATIVE REMOTE SENSING

4

Determined by the capacity to reduce Speckle noise;i.e., the
capacity to estimate correctly the Bio- and Geophysical parameters

3 3

|Speck|e noise reductionl | Speckle noise effects |

Low averaging level
* Problem not considered

High averaging level ;

« Brute force method .
« Information mixture
« Spatial resolution losses
. . Remote Sensing Lab.
Tonnas paby e 72 (B S e Communcatons oo
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- Multidimensional/PolSAR Data Modela’g

Covariance matrix formulism
= Gaussian scattering model for homogeneous areas

k =[s,S,..., SmT z :i"nkkH Z :Metr-nclz
[Slsz ] n n%l ini pZn( n) |C|n~Gm(n) ( ")
= 2 Z -~ ,C
S=N.(0s%72) = 2~ W(n.C) o {Zn C - Positive definite
Limitations
Wishart PDF n3m

Two eigenvalue decomposition
= Physical information retrieved via the H/A/a decomposition

H
Q¢ cof «— ?=Q"Z Q
4 0 - Ou " é, 0 - 0u
é U é u
S=é0 l, - 0y o_éo I, 0g

& o é: i a

g0 - 1§ g0 0 - 1§
’ / , True eigenvalues Sample eigenvalues .. .., .,
© Carlos Lépez-Martinez 73 Signal Theory and Communications Dept
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- Joint Eigenvalues Distribution a’ﬁ

Eigen decomposition transformation
The eigen decomposition can be regarded as a transformation of hdependent

parameters Eigenvectors
Eigenvalues
Jacobian of the transformation found by means of the exterior product of

differential forms (skew symmetric product)

(dZ"):éB)(Ii—Ij)z(Q”dQ)(d?) ¥>1,31,3..31_30

i<i "
Joint PDF for the eigenvalues/eigenvectors of the matrix Z,
n""6| i”-m5(| )
Pt (Q2Q") = ——p——eir(-nc’Q2Q")(Q ")
Gm(n) O Iin
i=1

A 4

Joint eigenvalues PDF: The dependence on Q must be eliminated

. . Remote Sensing Lab
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- Joint Eigenvalues Distribution i

pn(m-l)nrmé L 6(“ -1 j)z
= = L Oetr(-nC 'Q2Q")(dQ)
G,(n)G,(m) QI u(m

i=1

P (?)

A

Joint eigenvalues PDF: Integral expression over U(m)

Group representation theory

Fourier-like analysis of functions in the space U(m) provided by the Group
Representation theory

G o mC):J (I ! n)zr'":'"('_"agt'i";;')'z
&G (MmO =y

Complexhypergeometric function of
double matrix argument

P (?)=

N

A 4

| Joint eigenvalues PDF: Infinite series expression |

p . N Remote Sensing Lab
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- Joint Eigenvalues Distribution a’ﬁ

Soliton theory and t -functions
t functions appear as a sort of potential which give rise to the system of N.L.P.D.E.
which solution is the soliton.

t (n’t,t') :é K¢S (t)sx (t') mp t r(n,t,t') = é I (n)§ (t)s( (t) t functions of hypergeometric type
K, K

I . 3 t functions of hypergeometric
t,(M,X,Y)— qu(M ta,M+a,,..., M +ap’M +b1’M +b2 """ M +bq'x'Y) type and matrix argument

Determinant expression for t functions of hypergeometric type and matrix argument

)(r(M-m+ k)", m>1

m-
k=1

AL s

t.(M,XY)=c,(M
( J=enlM) D(X)D(y) t (M= Ly ) =14r( M- m+2)xy+ (M- m+)r (M- me 20y 4

Joint sample eigenvalues PDF: Determinant expression

m
- IJ |
Q(D(;- nl—;
SR
Sorted sample eigenvalues¥ >1,2%1,3-- 31,30

. . Remote Sensing Lab
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m Birrd(,-1))
_p"(m_l)nT(Zn-rm-J) '941&16"'"9‘ Oolli- j

p(?) G, (MG, () =&s W

=1 i<
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Joint Eigenvalues Distribution aﬁ

Joint sample eigenvalues PDF: Simplified expression

i<j pl S i1 b,

B (?)= K(mn), ,.,,|m)§| Q0 -1,)8 sn(p)O E(pg nl_j

Ml

1), Den-med) QOk™*

K(m,nll.,..lm)—pi( )n~ kol
TS Bro)

i<i

Sorted sample eigenvalues¥ >1,2%1,3--- 31 30

Dependences and analysis of the joint eigenvalues PDF
* n: Number of looks. It indicates the effects of the filtering strength
» m: Number of channels. Equal to 3 for PoISAR data
* C,S: True information to be retrieved. Important effect over signal estimation

» Sample eigenvalues PDF not separable =) Sample eigenvalues not independent

- . N Remote Sensing Lab
© Carlos Lépez-Martinez 77 4 Signal Theory and Communications Dept
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_ Joint Eigenvalues Distribution aﬁ

Sample eigenvalues PDFs: Numerical integration
Analytical integration too complex due to the condition ¥ >, 31,3..-3] 320
Numerical integration (Gauss quadrature method) of the case {l,, |, [;}={3,2,1}

Hyy |}

Sample eigenvalues moments: Numerical integration

A E .- LE = L] - = - -
Hum. koaks

© Carlos Lopel Overestimated | | Over/Underestimated | 78 I Underestimated | -
IGARSS 200

nya

= = &0 = = e
Hum. ks M. looRs
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- Joint Eigenvalues Distribution rfg

Entro H) moments: Numerical integration
py( ) 9 Entropy bias for n=64

am am

o H=0.92 —— ol |
o aam
am - |
3 Iy ad |
= / o i
Ban Eanl
. L]
o s
am | T a s
| et o o8 e,
s — s as
——— Lirel) . - "-“I
Wy W w W W % wwe L T R S e T % rel)
Hurm. locks Hum koks

Underestimated

Anisotropy (A) moments: Numerical integration
Anisotropy bias for n=64

u ™
Suil| axm
|
amf | S
. g_ -
= ]
E:-|:.| ! am \\
b , o .
an hy I il
L L} \ = G 1 / Il
- oo —— 05 / 08
e A=0.33 — - Lirel) o gy e
N 2 oo 92 1(rel.)
J‘ 2 L = = L % 2 L = - = = L
* Murh locks Hum. loaks
Over/Underesumated
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- AQ-MLE Eigenvalues Estimation @

Alternative eigenvalues estimation

Classical estimation approach: Maximum Likelihood Approach (MLE)

Direct application not possible due to the necessity to maximize a determinant
Asymptotic approach

Asymptotic analysis of the sample eigenvalues with respect to the number of looks
provided two main results: asymptotic expressions and asymptotic estimation

@ | 9 " ° o]
e(pg—nl_‘g - Oa(pg ——% 785 ) Oexpg I—';
Y LR i i e ']

Example for the maximum eigenvalue in three dimensional data (PoISAR)

i
T
lIl' 1
| 1
Rt
« Ay
// F i ? I'-,
' F—
e o P e
et el s
T T i o
Fr e B — Y
L ] b
. . - Remote Sensing Lab
© Carlos Lopez-Martinez n=3 signal Theory and Communications Dept
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- AQ-MLE Eigenvalues Estimation i

Asymptotic MLE approach

Results in a non-invertible equations system

1 & |
=l +1ta —
nyal -1,

+o(n?) i=12..m

Sample eigenvalues are asymptotic estimators of the true eigenvalues
A 4

| Speckle noise introduces an asymptotic bias on the sample eigenvalues

Asymptotic quasi MLE (AQ-MLE) approach

Necessity to simplify algebraic expressions in order to find an approximate solution
for the equations:system

AQ-MLE  [i=1-LE L omy) i=12..m

npil-1

Drawback: Error in the same order as the eigenvalues correction !!!

Remote Sensing Lab.
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- Results @

Fully polarimetric L-band dataset acquired with the E-SAR system ‘#';',
Data correspond to the ALLING test-site

Ground truth data available

5 homogeneous areas selected to cover all the Entropy (H) range

N

Forest

» Rough sur“f..

Shallow: water:
water{) 0.8

Veget .[#2

; : 0.6
Veget. #I“Q ! 3

0.4

Anisotropy

0.2

. . Remote Sensing Lab
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- Results i

H/A estimated values
Dependence on the number of looks: n * n averaging windows

Dependence on the true values of H/A: Average over all the homogeneous area

Entropy Anisotropy
1 [ Forest \
0.9 = B 0.9
o8 - [ Veget. #1 08
0. 0.7
0.6 0.6
To.5 <os
R il ot e . O AN
. Il Veget. #2 N S i s e =
0. B Rough surf. 03 L —
0.2 0.2 - 4
[ IR S P ~cqnse— =y
0.1 Il Shallow water 0'1_“_______“__|___
g 20 40 60 80 100 120 0 20 40 60 80 100 120
Num. looks Num. looks
A 4
| A minimum number of looks are necessary to retrieve unbiased physical parameters |
fne.| . Remote Sensing Lab.
Carss 2007 53 @ S i ensatage o

€

© Carlos Lépez-Mart! - ) Remote Sensing Lab
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Multidimensional SAR Data Estimation

B . tilcok Estimation

Covariance matrix estimation based on a blind spatial averaging
= Multilooking
= BoxCar filter

E45095() TAs09SM - HASK$(Ky
e =1 k=1 k=1 l.’l
. e14 . 14 R u
anﬁé Kk " =gﬁgsz(k)s.t(k) _gsz(k)sz(k) nglsz(k) %(k)g
k=1 e . . . . a

e g Q) 1y . a

g Slk)s (k) 7a sk)sl) - ;gsm( S (K)g

This filter does not take into account the signal morphology neither
speckle noise properties

= Good estimation-capabilities = Good speckle noise reduction
. Does not consider neither multiplicative nor additive speckle

propertles
- Spatlal Resolution Loss, blurring edges, erasing thin lines, loss of
linear or point features

IGARSS 2007 Universitat Politécnicade Catalunya

€

. . Remote Sensing Lab.
© Carlos Lopez-Martinez 86 @ Signal Theory and Communications Dept.
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R . tlcok Estimation @

Original RGB

7X7 MLT RGB

F & i

. . - L-band (1.3 GHz) fully PoISAR data Remote Sensing Lab.
© Carlos Lopez-Martinez @ Signal Theory and Communications Dept
IGARSS 2007 E-SAR system. Oberpfaf‘fenhofen test area (D) Universitat Politecnicade Catalunya

Multilook Estimation A

L-band (1.3 GHz) fully PoISAR data
E-SAR system. Oberpfaffenhofen test area (D)

IShh| |Shv| |Svv]

7X7 MLT RGB

Original RGB

© Carlos Lopez-Martinez
IGARSS 2007
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- e = e e

Optical image DLR OP.

|Homogeneous areas |

3

Maintain useful information
(s)

ConS|derat|ons aboutspeckle noise reductlon

SAR images reflex the
Nature’s complexity

SAR image DLR OP

|Image details |

'—Ieterogeneous areasl

 Z

Maintain spatial details
(Shape and value)

Maintain both

RADIOMETRIC RESOLUTION  SPATIAL RESOLUTION LOCAL ANALYSIS
ioArss 2007 image data: S,,, amplitude. E-SAR L-band systen®Seffl a1 onpunsaiooe

- Local Statistics Linear Filter

Local statistics linear filter (Lee filter)

Filter form i(x.r)=a&{l (x,r)} +bl (x.,r)
Signal noise model 1(x,r)=s (x,r)n(x,r)
Minimization criteria (MMSE) mind == {1 "(xr)- 1 (xr)}
- —gnals)
MMSE gives =%. b-E{n}Va(I)
E{I( +b( 1) x.r)})
Statistics need to be derived from noisy data
1 —p(pyals) _var(1)-E*{i}s]
a:m_le_b b=F{ }var(I)T var(1)[L+s?)
E{n}=1 Information estimated from data
E{n} =1
If(x,r) :E{I (x,r)}+b( 1(x.r)- E{I (xr)})l
Local statistics Efl k1)) vadi}
1

A priori information sy =va(n)=<

© Carlos Lépez-Martinez

Remote Sensing Lab.
90 Signal Theory a s Dept
IGARSS 2007 d C I \ y

€
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- Local Statistics Linear Filter 4‘

[76r)=E{1or) +b(1x r)- {1 )|

var(l)>>E{1} P b® 1 Multiplicative noise model can not explain data variability

var(1)»E*{I}s?P b® 0 Multiplicative noise model can explain data variability

Original SAR intensity image Filtered SAR intensity image Filtered SAR intensity image
Lee Filter Boxcar Filter

Remote Sensing Lab

© Carlos Lopez-Martinez A#F' Image data: S, amplitude. E-SAR L-band system o1 @S.gnmm,yanu Communications Dept
o

IGARSS 2007 Universitat Politécnicade Catalunya

- Local Statistics Linear Filter 4‘

Polarimetric Lee filter
Nowadays is the most employed polarimetric filtering solution

Extension of the linear scalar Lee filter for SAR images by considering a
multiplicative speckle noise model over all the covariance matrix entries

Working principles

[c] »C =E{C} +b(C - E{q})|

A

y
[ =l5.f + 2ls.f #Is)”

|p=E(s} bsp-E{3)

Linear scalar
Lee filter

. . Remote Sensing Lab
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- Local Statistics Linear Filter rfg

Refined Lee filter

Statistics estimation in windows selected according to the signal morphology in
order to retain edges, spatial feature and point targets

Pixel under study

The extension of the scalar linear Lee filter presents limitations

Not based on the multiplicative-additive speckle noise model. This limits
the capacity to reduce noise in those images areas characterized by low
correlation s The elements of the covariance matrix can be processed
differently, but according to the right speckle noise model

The a priori information in the span images is no longer a constant as
the noise content in span depends on the data’s correlation structure

p . N Remote Sensing Lab.
© Carlos Lépez-Martinez 93 Signal Theory and Communications Dept
IGARSS 2007 Universitat Politécnicade Catalunya

..'J t: b\ 4 4 Iy

L-band (1.3 GHz) fully PoISAR data
IShhl[Shvl - [Swv] E-SAR system. Oberpfaffenhofen test area (D)
R

emote Sensing Lab.
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- Local Statistics Linear Filter @

AT P R = B Rie 3 e o 2T
Original RGB % i I ilter ; . 7X7 MLT RGB #
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d{iginal RGB

[Shh| |Shv] |Swv]

L-band (1.3 GHz) fully PolSAR data
E-SAR system. Oberpfaffenhofen test area (D)

F

© Carlos Lépez-Martinez

Local Statistics Linear Filter rfﬁ

IGARSS 2007

Hermitian product speckle noise model|SS; =y ZnNee'* +y (|r|- Nz, )e' +y {n, + in,

Multiplicativeterm Additiveterm

C. Loépez-Martinez and X. Fabregas, “ Polarimetric SAR Speckle Noise Modef’
IEEE TGRS, vol. 41, no. 10, pp. 2232 — 2242, Oct. 2003

Multiplicative speckle noise component: n,, = Importantforhigh coherence areas

Additive speckle noise component: n,.+jn,; = Important for low coherence areas

Combination controlled by
complex coherence

Total R{S:,5;,} Mult . term R{S;;,5;, }  Add. term R{S;, 5!}

0.8£ WE 1

. . Remote Sensing Lab
© Carlos Lépez-Martinez 96 signal Theory and Communications Dept
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- Multilook Multidimensional Speckle Noise Mo@

Hermitian product speckle noise model: [(SS') =y:n, exp(if ) +y (Ir|- N.z.)exp( f, )+y {n. +in,)

Multiplicativeterm Additiveterm

C. Lépez-Martinez and E. Pottier, “Extended multidimensional speckle noise model and its implications on the estimation of physical-information,”
IGARSS 06, Denver (CO) USA, July 2006

Multiplicative speckle noise component
+ Dominant for high coherences
+ Modulated by phase information

N . B} =Nz oz o)
Additive speckle noise component n

= Dominant forlow coherences

+ Not affected by phase information

1 1327
E(n}=E(n}=0 s} =s]==(t|f)

Effect of the approximations
+_Mean value IS NOT approximated =  No loss of information

limfy nuexp(if, )+ (r|- NZ)en( £, )+y (e +ing )} =y |r |exp(if.)

+ Std. Dev. ARE approximated

p . N Remote Sensing Lab
© Carlos Lépez-Martinez 97 Signal Theory and Communications Dept
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- Multidimensional Speckle Noise Filtering @

Define a multidimensional SAR data filtering strategy based on the multidimensional
speckle noise model

Element to consider: Covariance matrix

Diagonal element: Multiplicative noise source

L Non-diagonal element: Multiplicative and. additive noise sources
combined according to the complex correlation coefficient

=" - o = B uf ]
5% = -
L v -
- Tl - = o
—
k= .
. . Remote Sensing Lab
© Carlos Lopez-Martinez 98 Signal Theory and Communications Dept
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- Multidimensional Speckle Noise Filtering {g

Diagonal element processing

Pladag Py
5 == ...:_._II.J...- == E|[g] |
LLIT

Any alternative to filter multiplicative noise can be considered
Non-iterative scheme

Off-diagonal element processing

The filter uses the Hermitian product speckle model:Ss; =y ZnNe&"™ +y (|r|- N.z,)e'" +y (n, +in,)
Al

Multiplicativeterm

Additiveterm
e F
¥
L-IL.I - e Enbrwris o e
e e el e ol ]
mls)l £
1 L] L] L
' T = =
5.4 - j— i e gy fe— — —T

Iterative scheme to take benefit of the improved coherence estimation
This strategy filters differently the covariance matrix elements

© Carlos Lépez-Martinez

Remote Sensing Lab
99 Signal Theory and Communications Dept
IGARSS 2007 Universitat Politécnicade Catalunya

- Results: Simulated Multidimensional SAR Data Q

Quantitative evaluation of the filter difficult with experimental SAR data due to speckle

3

Necessity to consider an evaluation with simulated multidimensional SAR data

The application considered in this paper is: POISAR data
Nevertheless results and conclusions may be extended to any multidimensional SAR

p
é 1
W _é
c=E{k"}=g o0
PoISAR data simulated 3 gr | N
according to the covariance matrix
Matrix parameterized by the co-polar complex
L correlation coefficient

Covariance matrix elements

=0 s AN Ana.ly5|s of: Re.zal and imaginary parts, amplitude, phase, correlation
Covariance matrix

Analysis of: Eigendecomposition, polarimetric signatures

© Carlos Lopez-Martinez 100 Remote Sensing Lab
IGARSS 2007

signal Theory and Communications Dept

Universitat Politécnicade Catalunya
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3x3 looks

© Carlos Lépez-Martinez
IGARSS 2007

Results: Simulated Multidimensional SAR Data Q

5x5 looks

101 @

9x9 looks

Remote Sensing Lab
Signal Theory and Communications Dept
Universitat Politécnicade Catalunya

© Carlos Lépez-Martinez
IGARSS 2007

3x3 looks

Results: Simulated Multidimensional SAR Data ﬂ

5x5 looks

The multidimensional speckle noise model improves the estimation of covariance matrix
components, butwhat happens with the whole covariance matrix?

102 @

9x9 looks

Remote Sensing Lab
signal Theory and Communications Dept
Universitat Politécnicade Catalunya
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- Results: Simulated Multidimensional SAR Data i

Eigendecomposition applied to the estimated covariance matrices
3x3 looks 5x5 looks 9x9 looks
—— — :h____ — : —
T o == P — =
b b _\_‘_——_:‘_—::_ _-:Hr Ju = Tomre Jen -
i " Y f
fe oy I I \
“} ez ad 13 an ‘:: [ ad < an ‘:: [ = ad o an
el Pl el
H
1 e i || y —— ndeen ] — ke
o —_— y 0 —_— o i —_—r
jea bl e Th— Jea e
I [ —_——_,_-F"'-..F I L} I [ -
[ _'_'_'_'-'_ P ——— [
5 [ ad 13 an ‘: [ ad < an L [ ad o an
ol el el
A
prm———— A —— s | pr——a—y I
- — - = - —ilar
J . s J [ [ J [T T
P e s B -F‘\__f/!— 1 =
e R = g L -
- - = M - i e
e el L
a
To filter covariance elements differently does not damages information
© Carlos Lopez Martinez 103 @ Cranal Theory sné Communications Dept
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- Results: Simulated Multidimensional SAR Data 4!

Theoretical PS Multilook PS Filter PS

LY 5',

iy prmg L gy P preg siay .

bx51ooks

\® W@

2: AU L.

11x11 looks

What happens in this particular case?

los L6 . Remote Sensing Lab
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Results: Experimental PoISAR Data Q

Full-polar ESAR L-Band SAR data in Oberpfaffenhofen (DE) #7
5x5 Multilook Filter 5x5 It. multilook o

) i Remote Sensing Lab
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Results: Experimental PoISAR Data

Co-polar correlation

|rhhw|

Cross-polarcorrelation

|r hhhvl
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- Results: Experimental PoISAR Data

Co-polar correlation |r hhwi Details analysis
5x5 Multilook Filter 5x5 It. multilook
O L nl g TR s ] L

L
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- Results: Experimental PoISAR Data

Co-polar correlation phase
|r hhwl

5x5 Multilook Filter
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5x5 Multilook

Entropy (H)

Details

© Carlos Lépez-Martinez
IGARSS 2007

Results: Experimental PoISAR Data

Filter

Remote Sensing Lab.
109 Signal Theory and Communications Dept.
Universitat Politécnicade Catalunya

5x5 Multilook

Anisotropy (A)

Details
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Results: Experimental PoISAR Data

Filter
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- PolinSAR Data Estimation “ﬁ

Combined use of Polarimetry and Interferometry to study the scattering centers
vertical distribution

Z N
kp,l =(]/‘J§) SSHH+W,1’ SH HVV.1 ZSH\/JH n & T u
= T =ifkkr =ile Tel

6 6 6 a
Ny §TH Ty

=k =§(kp-1
p.2

ocNC

k P2 (]/'\IE) éusw,z' Sy HVV 2! 28Hv,z E'T

Estimation process

The capability to explore the polarizations  space allows to. consider the idea to optimize
interferometric coherences

H:
r (W Wz) = W, T12W2
H:
JW1 oW W5 T,W,

L 4 Optimization process

n

Optimum coherences ||'

opt
—\H H
L=w, T, W, ll(wl Hruwl) b (W2 TZZWZ) Optimum eigenvectors Wy, W, o
ToToTaTLwW, =uw,
TaTe T, Tow, =uw,
u =1,
© Carlos Lopez Martinez 13 @ Cranal Theory sné Communications Dept
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- Speckle Noise Effects a’ﬁ

How does speckle affect optimum coherences and optimum eigenvectors?

R.T.Fomenaand S. R. Cloude, "On the role of in SAR inef try,” CEOS SAR workshop, Adelaide, Australia, Sept. 2005

Estimation process

Z,=C+DZ =C+N,, +N,
Optimum parameters are affected by the processes
Optimization process

I =1, - Lé—"—- o(mY) i=12...m
npil -1
ToTi ToT LW, SUW, T, T, POISAR information
o Degrees of freedom/dependence
TaTo T Taw, =uw, T, PolnSAR information

A 4

Analysis and study based on simulated data
Under the Gaussian hypothesis

. . Remote Sensing Lab
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Optimum Eigenvalues Estimation a’g

Optimum coherence mean value vs. optimum coherence exact value

jr} =[0.05,0.0250.01] jrlx =10.525,05,0.475] {rl =[0.985,0.98,0.975]
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o 0905
\ 09 N
0.7} \ 0.99 St
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« Asymptotically non-biased
« Over- or underestimation

Estimated optimum coherences . .
P « Depend on the corresponding exact values, but also on the other optimum

coherences
. . - Remote Sensing Lab
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Optimum Eigenvalues Estimation ;@
o
Ir]  =0.05,0.025,0.01] Iri o =[0525,0.5,0.475] Irl, » =[0.9850.98,0.975]
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« Std. Dev. decreases with the number of averaged samples
* Not clear behaviour of the Std. Dev. Value
= Higher values for medium optimum coherences
= |t appears that Std. Dev. is inversely proportional to the optmum coherence value

. . Remote Sensing Lab
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Optimum Eigenvalues Estimation &

Optimum coherence mean value vs. number of optimum coherences presenting
high values
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« High optimum coherences are robust
= Different behaviour respect to the sample eigenvalues in PoISAR due to an amplitude limitation
« Over-or underestimation depending of the optimum coherences spectra

- . N Remote Sensing Lab
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Optimum Eigenvalues Estimation a’ﬁ

Optimum coherence Std. Dev. vs. number of optimum coherences presenting
high values
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Optimum Eigenvectors Estimation @

Optimum eigenvectors vs. PoISAR datasets structure
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Optimum Eigenvectors Estimation tﬁ

Optimum eigenvectors vs. PoISAR datasets structure

C. C.
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« Optimum eigenvectors affected by the internal structure of the PoISAR datasets
= Possible influence of the speckle additive noise component (important for low coherences)
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