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Summary of basic concepts




Reminder: single and partial_

Scattering matrix: Scattering vector:
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Scattering mechanism: 1
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The second order Covariance matrix:
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Data are stored in complex form, that is real plus imaginary part

& Spyder (Python 3.6) — g
File Edit Search Source Run Debug Consoles prﬂJECl’ Tools View Help
Db%; >POBRG NCEE=n B BY F P & (o e A

” Name Type Size Value ~
HHFull  complex64 (1248, 18432) array([[ 1.70937300e-01-8.07887045j, 2.42148161e-01+0.09545995], ...

Hi##H Loading HH #
72 # real part of HH HVFull  complex6d (1248, 18432) array([[ @.04868684+5.5295121e-02j, -0.87140828+2.2488926e-02], ...
73 filei HH = "i HH" array(|| ©.83976065+0.085898558], -8.83031691+0.03130209],
741i_HHFull = sar.Open_ENVIasFloat(path + file VHEULE complexbh | (1248, 18A73)
75# Notice T am calling a function by writing WEull complex64 (1248, 18432)
76 # "Go to the library sar, and take the func +
77 # use a dot when calling @ function in a L1

array( || gigsé'shsim.aaammsrj, 0.2626125 +0.185333557,
a.1 ... .

envi module 1 module object of builtins module

78 # The function Open ENVIasfloat is containe Filei HH str 1 1

79 # You can also open this file by pressing C - -

80 filei HV str i B i HV

81 # imagi| B HHFull - NumPy array _ = i

82 fileq_|

83 q_HHFul

84

85 # Now ¥

86 HHFull

87

88

89 # Notig

98 # You d

91 # Notig

92

93 # It i

94 # they

95 del i_;:

96 del q_|

97

g8

99 #HasHH

188 # rea

181 filei H

182 i HVFul|

183

104 # imagi

165 fileg H

185 q_HvFul

187

188 # Now ¥

189 HVFull

118

111 # We cd

112 del i |

113

114 z

—
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C

v" An easy way to use this is by creating one image each element of the covariance
matrix
v' Pay attention that cross-diagonal elements are Complex numbers.

& Spyder (Python 3.6) — =
File Edit Search Source Run Debug Comsoles Projects Took View Help
iy S ; ; P : H
BE“Ee rEBERG HCEEP B BX £@ ¢ o s 4
| ditor - C:\yC Taks\2018C Tutorial_CONAE_180927_solu & X | Variable expl & x|
[l saR_Utiities CONAE.py [ Tutorial_CONAE_180327_solutions.py (£ [I‘E'_b o = 5 & -3
175HV = HVFull[drl:dr2, dal:da2] ‘Name Type Size Value )
176 VH = VHFull[drl:dr2, dal:da2] 5 z 3 2
C11Full  float32 1608, 6008 0.62843286, 6.11281456, 0.19216339, ..., 6.11451569, 8.8627168 ...
177 W = Wrull[drl:dr2, dal:da2] ¢ o2 {1000, ) |l 285y 2 2 s
178 del HHFull, HVFull, VHFull, VVFull # C12Full  complex64 (1000, 6009} arrayf[[ 1.45457825e-92+0.01128196j, 7.70821190e-03+0.003768243, ...
178 arrayj|| ©.81435393-8.81395321j, ©.11613512+8.00352166]
188# Check the Varieble Explorer and see how t SIORVEL [copiplesCl .(1090, 5800) 1@.8_ S 5 5 41; TR R 4 !
181 C2Full  Flostid (100, caesy T LL9.1 1736882-02, 6.52541299e-04, 4.98843566e-83, ...,
182 #%% . i : R - =
BT I S S s C23Full  complex64 (1808, 609) array|[[ 1.88669781e-83-8.81283378j, B.05272441e-03-8.88363853], ...
184 # C33Full  float32 (1000, 6000) arrayj[[P.81489382, .11966334, B.86784319, ..., 0.10910278, 0.8680876 ...
- BUILDING THE COVARIANCE M, | |
B8 C11Full - NumPy array j - O ®
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Classifiers




Example of Land

E EE

E

E

What is classification/segm_

Cover

Gruenland
Acker ohmne Veg.
Wintergetreide
Raps

Futterklee

Wald

Brache
Bebauung




Making a classifier with Cloude-_

v' We can create 4 classes. Each of them will have a strong value in one specific
combination of Entropy (H) and Anisotropy (A):

1. One mechanism: This has high values of (1-H)(1-A), since this means that H
and A are small. It is when only one dominant target is in the scene, e.g. a
corner reflector.

2. Two Mechanisms: This has high values of HA, since H and A are big. It is when
the process is confused, but there are only 2 strong scatterers, e.g. a dihedral
and trihedral reflector in the same averaging window.

3. One “almost dominant” Mechanism: This has high values in (1-H)A, since H
is high but A is big. It is when one scatterer dominates, but the others are not too
small and not the same, e.g. some agricultural fields or buildings (i.e. strong
dihedral from the wall and weaker surface from the roof).

4. Three (or more) mechanisms: This has high values in H(1-A), since H is high
and Ais low. It is when the polarimetric behaviour is highly confused since there
are many scatteres, e.g. a forest.
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Making a classifier with Clou_

It is similar to decomposing the total power P (coming from the target) in several

components:
- P(1-H)(1-A) + P(1-H)A + PH(1-A)
2 mechanisms with 2 strong mechanisms, 3 or more
1 dominant same strength but one dominates mechanisms
4 N\ N\ )

kﬂ’l 4, ﬂ3) \21 4, ﬂ3) \21 4, Azj \Z’l 4, 23)

A, are the eigenvalues
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Cloude-Pottier classification _

Here we want to introduce d in the classifier. We can plot entropy against a
and separate the obtained feature space in 9 portions.

P Q0 >
g ! Alpha al
llul?}ie sal Z7 74 \1 71 p aa ways
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Fig. 13a : The H/ a classification plane.
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Checking it on data: an ex_

The 2D feature space proposed previously can be used to produce a 2D
histogram of the data (we plot the actual value of a and entropy as in the
data). As expected they are all inside the mathematically feasible area.
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Results of classificatio

The classifier is able to recognise that the sea is a
unique class.

Some areas on the land also belong to the same
class. Areason may be that they behave like
surfaces. Supervised classifiers may work better on
those areas.
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Statistically based
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v The classifier proposed previously is considering the physical behaviour of scatterers
but it does not take into account the statistical variation of the image pixels

v" In order to do this we need to know the pdf of the covariance (or coherency) matrix.

v" This is a Wishart distribution.

ﬂ_: number of independent looks \
p: number of polarisation channels Matrix Trace
i ‘[T]‘L—p e—LTr([Tm I'Ir]) pdf of the

LTV == covariance

/ 7z21;(<)...F(L -p+)|1,] matrix

Conditional to a Gamma function  Matrix determinant

\ specific class /




v" In order to set a statistical test from a known distribution, we need to define a
Distance. This will tell us when two distributions look the same or not.

v A standard procedure is to use the Bayesian Theorem to calculate the Likelihood
that a class is there and maximise it (Maximum Likelihood Estimator, MLE).

v" The result of the MLE is a distance between the pixels under analysis and the
theoretical distribution of our class. If the pixels seems similar to what we expect is
our class, than the distance to that class is small.

[T,,]: Class Dist_?nce
[T]: Test d,([T))0 1e([7,]" [1])+ (|7, ])
Tr(): Trace |
. |: Determinant [T]e[z,] if 4,([T])<d,([T]) Vj=m
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The Wishart distance_

v You can also decide to apply the classifier iteratively. This
generally provides smoother results... and it was tested, and seems
to perform better.

v' After the first classification, the training dataset (the coherency
matrices of the classes) are recalculated (averaging the pixels in the
same class result of the first classification) and another
classification is performed

v The iteration continues till a condition is not met (i.e. there are very
few pixels that changed their classes)
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Maritime Applications:

ship detection




Scattering




Scattering

el St

Surface scattering

e




It is a collection of single targets

Surface

Dipole

Most real targets are
composed by several
scatterers
(over more pixels).
They appear as:

Partial
Targets

T & »

Double bounce



valuating differe




Polarimetric Notc_

The algorithm is based on the Geometrical Perturbation - Partial Target Detector,

however here, it is reversed and focused on the complementary space.
The sea is the clutter and the rest is the target of interest

Partial scattering vector:
=| 0" [Cle,, 0, [Clo,,0) [Clo,,0," [Cle,, 0, [Cle,, @, [Clo;

—seda

=== target to reject (Null)

=sea

Marino, A., Cloude, S. R. and Woodhouse, |. H., “Detecting depolarized targets using a new geometrical
perturbation filter,” IEEE TGRS, Vol. 50(10), pp 3787-3799, 2012.

Marino, A., "A Notch Filter for Ship Detection With Polarimetric SAR Data," IEEE JSTARS, early access, pp.1-14
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Compact pol




Depending on the system, we may have the following drawbacks:
v Loss of resolution

v Los of signal to noise ratio
v Higher PRF

v" Loss of area covered

Courtesy: JAXA

single Palarization H H H H

[HH] T T T 1

["l..""u"] ®  Iransmit

[HY] I A e . e

Dual Paolarization

[HH+HW]

["u"‘u"+’l.."H] = ransmit
»  Receve

Full Polarization

THH+HV+VWV+UH]

High PRF % Iransmit

=+ narrovy swath 5 Receive
5> Regeive




The idea is to send a different polarisation and receive linear horizontal
and vertical.

For the Hybrid mode on SAOCOM the transmitted polarisation is circular.

In this way we combine somehow the information of different polarisation
channels.

Compact Palarization cP CP i CP

a2 Transmit

» Receive

% Receive
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Since we have always the same transmitter, we can apply a “Wave
analysis” of the polarisation for the receivers.

Beside building a scattering and a covariance, we could also use the
Stokes vectors.

4 N\
O,

So =< |Eyl? + |Ey|* > +Ny =[S, 5
S; =< |Eyl* = |Ey|* > ={mS,cos2¢cos2y g
-2

S, =2Re < Ey E;, > =l mS,sin2¢cos2y g
©

S; =—-2Im < Ey E; = = —mS,sin2y S
3

\_ e

0p)

Components of received waves
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poincare sphere N

We can represent stokes vector on the Poincare Sphere

State of polarisation Poincare sphere




Odd-bounce Even-bounce Vertical dipole Horizontal dipole

LC

RC
(©)

RC
(a)

Fig. 6. Poincaré representation of single target detected. (a) Odd bounce. (b) Even bounce. (c) Vertical dipole. (d) Horizontal dipole.

Marino, Armando; Cloude, Shane and Woodhouse, lain (2010). A polarimetric target detector using
the Huynen fork. IEEE Transactions on Geoscience and Remote Sensing, 48(5) pp. 2357-2366.



Degree of polarisation Angle
2 2 2 S
\/51 + 55 + 53 sin2y = _°3
m = mS
50

v' They provide physical information of targets: e.g. m was used for oil and
ship detection
v" We can use this to do a target decomposition: Raney Decomposition

Red = \/mSO(l + sin2y)/2
Green = /Sy(1 —m)
Blue = \/mSO(l — sin2y)/2
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ALOS-1: Bue

/ m

e - The m parameters is able to identify

: the sea as a polarised target and

the ship as depolarisers (because
composed by many scattering

mechanisms). This is a result
analogue to the entropy

Armando Marino




Any questions?




Polarimetric Radar Imaging: From Basics to Applications
Jong-Sen Lee, Eric Pottier
CRC Press, 2009 - Technology & Engineering

Polarisation: Applications in Remote
Sensing, by Shane Cloude, 2009,
Oxford Press
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Further readings




