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Review / Synthese

A review of polarimetry in the context of
synthetic aperture radar: concepts and
information extraction

R. Touzi, W.M. Boerner, J.S. Lee, and E. Lueneburg

Abstract. This study provides an update of the polarimetric tools currently being used for optimum information extraction
from polarimetric synthetic aperture radar (SAR) images. The basics of polarimetric theory are summarized and discussed
in the context of SAR. Calibration of polarimetric SAR, which is an important issue for the extraction of meaningful
polarization information, is reviewed. Information extraction using the scattered and received wave parameters and target
decomposition theory is considered. In particular, the use of coherent versus incoherent target decomposition is discussed
and the practical limitations of these target decompositions are outlined. Speckle filtering and classification of polarimetric
SAR images are also thoroughly analyzed, and the important directions for future research are outlined.

Résumé. Cette étude fournit une remise a jour des outils utilisés présentement pour I’extraction de 1’information
polarimétrique des images radar a ouverture synthétique (ROS). Les bases de la théorie de la polarimétrie sont reconsidérées
dans le cadre du ROS. Les méthodes d’étalonnage du ROS polarimétriques sont revues. L’extraction de 1’information
polarimétrique a partir des parametres de 1’onde diffusée est reconsidérée ainsi que la théorie de la décomposition de cibles.
En particulier, I'utilisation de la décomposition cohérente versus la décomposition incohérente est remise en question. Le
filtrage du chatoiement et la classification des images polarimétriques sont revus. Les nouvelles orientations de la recherche

dans le domaine sont définies.

Introduction

The time-varying direction of the electric field vector,
generally describing an ellipse in a plane transverse to
propagation, plays an essential role in the interaction of
electromagnetic “vector waves” with material bodies and the
propagation medium. Whereas this polarization transformation
behavior, expressed in terms of the “polarization ellipse”, is
named “ellipsometry” in optical sensing and imaging (Azzam,
1977; Born and Wolf, 1959; Jones, 1941; Mueller, 1948; Wolf,
1954), it is denoted “polarimetry” in radar and lidar—ladar
sensing and imaging (Boerner et al., 1998; Kennaugh, 1951;
Deschamps, 1951; Rumsey, 1951; Graves, 1956; Huynen,
1970; Van Zyl et al., 1987a; Zebker and van Zyl, 1991), using
the ancient Greek meaning of “measuring orientation and
object shape”. Thus, ellipsometry and polarimetry, which use
the basics of the polarization of electromagnetic waves
introduced in the 19th century and at the beginning of the 20th
century (Stokes, 1852; Wiener, 1930; Mueller, 1948; Born and
Wolf, 1959), are concerned with the characterization of the
polarization properties of optical and radio waves, respectively.
Ellipsometry started a new era in the 1940s with the significant
advent of optical polarization phase control devices and the
associated development of mathematical ellipsometry, such as
the introduction of the 2 x 2 coherent Jones forward scattering
(propagation) matrix (Jones, 1941; 1947) and the associated
4 x 4 average power density Mueller (Stokes) propagation
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matrix (Mueller, 1948). Polarimetry research became active
during the late 1940s with the introduction of dual-polarized
antenna technology (Kennaugh, 1951; Sinclair, 1950; Rumsey,
1951; Hagfors, 1967; McCormick and Hendry, 1973; 1985)
and the subsequent formulation of the 2 x 2 coherent Sinclair
radar backscattering matrix (Sinclair, 1950) and the associated
4 x 4 Kennaugh radar backscattering power density matrix
(Kennaugh, 1951), as summarized in detail in Boerner et al.
(1998) and Ulaby and Elachi (1990). Based on the original
pioneering work of Kennaugh (1951), Huynen (1965; 1970)
developed a phenomenological approach to radar polarimetry
that had a subtle impact on the steady advancement of
polarimetry (Giuli, 1986) and gave an impetus to further
development, which continues today. Since the work of
Huynen, important contributions have been made to the
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application of polarization diversity to improve the detection
capability of radar systems (Ionnidis and Hammers, 1979;
Poelman and Guy, 1984; Swartz et al., 1988). An excellent
contribution was made in the 1980s by Boerner and his
coworkers through theoretical studies of the polarization
properties of scattering radiation with respect to inverse
scattering and target identification (Agrawal and Boerner,
1989; Boerner et al., 1981; 1991; 1993a; 1993b; Boerner and
Xi, 1990; Davidovitz and Boerner, 1986; Foo et al., 1984;
Kostinski and Boerner, 1986).

In 1985, radar polarimetry started a new era with the
National Aeronautics and Space Administration Jet Propulsion
Laboratory (NASA-JPL) first imaging airborne radar
polarimeter (Van Zyl et al., 1987a; Zebker and Van Zyl, 1991).
Whereas early implementations of radar polarimeters utilized
conventional techniques with variable physical antenna
polarization (Hagfors, 1967; Zebker et al., 1987), the NASA-
JPL SAR measured almost simultaneously all the elements of
the scattering matrix for each resolution cell. Many sets of data
were collected with the NASA CV990 and later with the
airborne SAR (AirSAR) (Zebker and Van Zyl, 1991) and were
widely distributed and extensively analyzed. Since then, other
airborne polarimeters have appeared, such as the ERIM P3 X-,
C-, and L-band polarimetric SAR (Kozma et al., 1986); the
Canada Centre for Remote Sensing (CCRS) Convair-580 X-
and C-band SAR (Livingstone et al., 1989; 1995); the E-SAR
S-, L-, and P-band of the German Aerospace Centre (DLR)
(Horn et al., 1990; Horn, 1996; Scheiber et al., 1999); the C-
band PHARUS SAR (Greidanus et al., 1996); the EMISAR
(Skou et al., 1995; Christensen et al., 1998); and more recently
the NASDA/CRL L-band Pi-SAR (Wakabayashi et al., 2001)
and the ONERA/RAMSES P-, L-, S-, C-, X-, and Ku-band
polarimetric SAR (Dubois-Fernandez et al., 2002).> The 10-
day shuttle-based mission SIR-C (Freeman et al., 2001; Jordan
et al., 1995) in 1994 enabled access to a larger set of
polarimetric data, and a wider investigation of the polarimetry
in various applications has occurred. Significant contributions
to polarization information extraction and sensor calibration
techniques appeared during this period and were concretized by
special issues of the IEEE Transactions on Geoscience and
Remote Sensing (IEEE TGRS) and the International Journal of
Remote Sensing (IGRS) dedicated to calibration (IEEE TGRS,
Vol. 30, No. 6, 1992) and polarimetric applications using JPL
AirSAR (IJRS, Vol. 15, No. 14, 1994) and SIR-C (IEEE TGRS,
Vol. 33, No. 4, 1995) data.

The important well-established literature on the study of
partially polarized waves in optics (Born and Wolf, 1959;
Jones, 1941; Wolf, 1954; Mandel and Wolf, 1995; Stokes,
1852; Wiener, 1930) serves as the basis for advancing the
theory of polarimetry in the context of radar images. Recently, a
new impulse to radar polarimetry theory was given by Cloude
(1985; 1986) with the introduction of the incoherent target
decomposition (ITD). Cloude’s ITD, which was shown to be
unique (Cloude, 1986) in contrast to Huynen’s (1970)

decomposition, provides independent tools derived from the
target coherency matrix introduced by Cloude (1986). These
tools, which include the Von Neuman entropy H (Von
Neumann, 1955; Gamo, 1964; Cloude, 1986), the anisotropy A
(Cloude, 1997; Cloude and Pottier, 1997b), and the eigenvector
parameters o and B (Cloude and Pottier, 1996; 1997a), were
assigned a solid physical interpretation with reference to target
scattering mechanisms (Cloude, 1986; Van Zyl, 1992; Cloude
and Pottier, 1996; 1997a). Cloude and Pottier’s parameters
have become the standard tools for target characterization and
have been used as the basis for the development of new
classification methods introduced for the analysis of
polarimetric data (Lee et al., 1999a; Pottier et al., 1999; Ferro-
Famil et al., 2001).

As for conventional SAR images, polarimetric SAR images
are affected by speckle (Goodman, 1975). The effect of speckle
on the polarimetric parameter estimation was first investigated
by Goodman in optics (1963; 1975; 1985). Since 1978, the
investigation of the effect of speckle on polarimetric parameter
statistics has been an active field of research in SAR imagery
(Barakat, 1985; Eom and Boerner, 1991; Lee et al., 1994a;
Lopes et al., 1992; Murza, 1978; Quegan and Rhodes, 1995;
Sarabandi, 1992; Touzi and Lopes, 1991; 1996; Touzi et al.,
1999; Vachula and Barnes, 1983). Murza (1978) and Vachula
and Barnes (1983) were the first to use the Wishart distribution
(Wishart, 1928; Goodman, 1963) to derive the statistics of
polarimetric parameters in SAR imagery. Since then, the
Wishart distribution has been widely used to assess the effect of
multilook speckle on polarimetric tools (Lopes et al., 1992; Lee
et al., 1994a; Joughin et al., 1994; Touzi and Lopes, 1996;
Touzi et al.,, 1999) and as the basis of classification and
segmentation algorithms (Lee et al., 1994b; 1999a; Ferro-Famil
et al., 2001; Beaulieu and Touzi, 2004; Conradsen et al., 2003)
and edge-detection techniques (Schou et al., 2003). Speckle
filtering of polarimetric SAR images has also been an active
area of research for a decade (Novak and Burl, 1990; Lee et al.,
1991; Touzi and Lopes, 1994; Lee et al., 1999b; Schou and
Skriver, 2001). Touzi and Lopes (1994) were the first to show
that a conventional one-channel filter (Lee, 1981; Lee et al.,
1994a; Touzi, 2002) cannot preserve the polarimetric
information and that speckle filtering should be applied in
terms of covariance matrices and not in terms of scattering
matrices. Subsequently, various filters that provide a filtered
covariance matrices, or the equivalent filtered Mueller,
Kennaugh, or target coherency matrix, have been developed
(Touzi and Lopes, 1994; Lee et al., 1999b; Lee and Grues,
2000; Schou and Skriver, 2001).

Recently, Cloude and Papathanassiou (1998) and
Papathanassiou and Cloude (2001) introduced a technique for
optimum information extraction from interferometric—
polarimetric (In—Pol) SAR data. The In—Pol SAR technique,
which incorporates interferometric height information in SAR
polarimetry, looks to be very promising for forest parameter
extraction (Treuhaft et al., 1996; Treuhaft and Siqueira, 2000;

2 A review of polarimetric airborne and satellite SAR systems and their parameters can be found in Raney (1998).
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Papathanassiou and Cloude, 2003). Unfortunately, the state of
the art in In-Pol SAR techniques and applications is not
discussed in this paper, which focuses on information
extraction from one-pass polarimetric SAR.

Polarimetry, which has been an active area of research for
about 50 years, has been thoroughly summarized in various
books and review papers (Azzam, 1977; Born and Wolf, 1959;
Chandrasekhar, 1960; Giuli, 1986; Kennaugh, 1951; Mott,
1992; Tsang et al., 1985; Kong, 1990; Van Zyl and Zebker,
1990; Zebker and Van Zyl, 1991; Ulaby and Elachi, 1990). An
excellent review has recently been completed by Boerner et al.
(1998). With all the upcoming satellite polarimetric SARs, such
as RADARSAT-2 (Luscombe et al., 2000), ALOS-PALSAR
(Ito et al., 2001), and TerraSAR X- and L-bands (Schwerdt et
al., 2003; Mathew, 2001), it is important to provide an update of
the polarimetric tools currently being used for polarimetric
information extraction. In this study, the most well known tools
are thoroughly considered and analyzed in the context of SAR,
and the important directions for future research are outlined.
The basis of the polarimetric theory is summarized.
Characterization of quasi-monochromatic and partially polarized
waves is discussed in the context of SAR imagery. Calibration
of polarimetric SAR, which is an important issue for the
extraction of meaningful polarization information, is reviewed.
The various methods are presented for target characterization
using the polarization information of target scattered and
received waves. Coherent and incoherent target decomposition
techniques, the various polarimetric speckle filters, and the
various classification methods developed for polarimetric SAR
imagery are reviewed. Their limitations are discussed as a
function of speckle and scene characteristics.

Polarization of monochromatic
electromagnetic plane waves

Ellipse mathematical equation

The polarization of a monochromatic electromagnetic plane
wave describes the shape and locus of the electric vector end
point in a plane orthogonal to the direction of wave propagation
(Born and Wolf, 1959; Chandrasekhar, 1960). Let F(x, y, z) be a
position vector of a point P in space illuminated by the wave
characterized by the wave vector k. The electromagnetic wave
is fully characterized by the parameters (magnitude, phase, and
direction) of its electric vector E(?, 1) given by

EF.1) = E ¥+ E,y 1
= [a, - exp(j6,)X + a, - exp(;jd,)¥]- exp[jiwt — kz)]

where w is the angular frequency; and 8, and 6, are the x and y
phases, respectively, of the (£) components (Born and Wolf,
1959; Boerner et al., 1981). The corresponding Cartesian
components E; and E, of the real vector Real(E) are
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E, = a, cos(t + d,)

E,

a, cos(T + 0,) (2)

where T= wt — kz. Elimination of the time-varying parameter T
between the two expressions in Equation (2) leads to the
equation of the curve described by the end point of the electric
field in the plane (x, y):

E?  E?
Ly By
a

—ZQQCOSSZSinZS 3)

x a y a, ay

where 6 = 9, — §, is the phase difference between the ¥ and y
componenté (Born and Wolf, 1959). For a monochromatic
wave, d,, d,, and § are constant (do not depend on time), and
Equation (3) corresponds to an ellipse. When the phase
difference & is zero or a multiple number of =, the ellipse
reduces to a straight line and the wave is said to be linearly
polarized. When the two components are of the same
magnitude (a, = a,) and are in quadrature of phase (6 = +1/2),
the ellipse reduces to a circle and the wave is said to be
circularly polarized (Born and Wolf, 1959).

Polarization state characterization

Jones vector

Figure 1 represents the ellipse of Equation (3) described in
the wave plane (¥, ¥) . The polarization ellipse might be
characterized using the three independent quantities a,, a,, and
8 or the three equivalent independent entities sy = aZ + a3, o =
arctan(a, /a,), and 8. It might also be characterized by the ‘major
and minor axes ag and a, and the angle y (0 <y < m), which
specifies the orientation of the ellipse, or the three equivalent
independent entities sy = af + a; = aj + a}, the ellipticity angle
x = arctan(ag/a,) (-n/4 <y < 1/4), and the orientation angle .
The ellipse angles  and 7 are related to the polarization ellipse
angles oo and d by (Deschamps, 1951; Born and Wolf, 1959).

an

dy X

MINOR
AXIS

POLARIZATION
ELLIPSE

Figure 1. Polarization ellipse (Born and Wolf, 1959).
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tan 2y = (tan 20)cos O
sin 2y = sin 20 sin & “)

The polarization of the wave of Equation (1) is defined by the
Jones vector (Jones, 1941; Born and Wolf, 1959; Boerner et al.,
1981), which is derived from Equation (1) after removal of the
time harmonic component exp| j(wt — kz)] and the absolute
phase d, as

h(0, 8) = [cos 0F + sin aLexp(j8)¥]-IIEll= Ps -l Ell (3)

where 8 is the channel phase difference, and NEI? = 5o 1s the
total intensity. Usually, the normalized Jones vector
Ps = h/IIEl is used to represent the so-called polarization
state. This vector might also be presented as a function of the

ellipse angles (y, y):
Ps(y, %) = [Rot(y)](cos x - ¥+ j sin x - §) (6)

where [Rot(y)] is the matrix of the rotation y to be applied to
transform the ellipse basis (& ) to the basis (¥, y) (Kennaugh,
1951; Huynen, 1970).

Stokes vector

It was as early as 1852 when Stokes showed that a nearly
monochromatic plane light wave may be characterized by four
real and observable parameters that now bear his name (Stokes,
1852; Wolf, 1954; Van de Hulst, 1957; Born and Wolf, 1959):

ST = [So, §1, 82, 53]T

=[a} +a3},al — a3, 2a.a, cos §,2a,a, sin ] (7)

soll, cos 2y cos 2y, cos 2y sin 2y, sin 2x]T

The three independent parameters of the polarization ellipse
(a,, a,, 8) are now represented using the four Stokes parameters
Sps S1» Sy, and s3, which correspond to three independent
quantities, since

s(%:slz+s%+s§ (8)

(Jones, 1947; Deschamps, 1951; Schmeider, 1969). Notice that
the absolute phase d, is not preserved in the Stokes
representation.

The Stokes parameters were the first means proposed to
describe polarization in terms of directly observable (power)
quantities (Wolf, 1954; Born and Wolf, 1959; Parrent and
Roman, 1960). Using the Stokes representation, the state of
polarization can be uniquely mapped to a point P of Cartesian
coordinates (s, 5,, s3) on a sphere of radius s (the electric field
intensity) named the Poincaré sphere (Poincaré, 1892). The
concept of representing wave polarization state as a point on a
sphere, which was originally set by Poincaré to describe the
polarization state of the light, was adapted to radio waves and
antennas by Deschamps (1951) and shown to be convenient for

© 2004 Government of Canada

representing and solving polarization problems such as
adaptation of transmitting—receiving antenna polarizations
(Deschamps, 1951; Deschamps and Mast, 1973; Poelman and
Guy, 1984). The normalized polarization state corresponding to
an ellipse of angles (y, %) can be mapped as a point on the unit
radius Poincaré sphere of latitude 2 and longitude 2y, as seen
in Figure 2. Because the sign of  determines the handedness
of the polarization state, the upper hemisphere (corresponding
to x > 0) displays left-handed polarizations and the lower
hemisphere displays right-handed polarizations, according to
the Institute of Electrical and Electronics Engineers standard
definitions of terms for antennas (IEEE, 1983). The poles
represent the circular polarizations, whereas linear polarizations
are represented by points in the equatorial plane (Deschamps,
1951; Van Zyl and Zebker, 1990).

Characterization of partially coherent
plane waves

Quasi-monochromatic and partially polarized waves

With SAR, wave transmission is narrow-band (Raney, 1980;
Curlander and McDonough, 1991), and transmitted and
received waves are narrow-band about the central mean
frequency :

A®

— << 9)
o

B-LAOSO<D+LA®  with
2 2

In this case, the wave, which may still be interpreted as a plane

wave, is said to be quasi-monochromatic, and the components

E| and E, of the real vector Real[ E]at each point are given by

LINEAR POLARIZATION
(HORIZONTAL)
y=90° =0

LINEAR POLARIZATION
(VERTICAL)
=0,x=0

RHC (x = -45°)

Figure 2. Wave Poincaré sphere (Ulaby and Elachi, 1990).
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E,(P,1) = a,(t) cos[t — kz +8,(f)]
Ey(P,1) = a (1) cos[®or — kz +8 ()]

(10)

where @ denotes the mean frequency; k is the mean wave
vector; and a,(f), a,(1), 8(1), and §,(r) are slowly varying in
comparison with the periodic term éxp[ j(a)] (Born and Wolf,
1959; Barakat, 1985). The receiving antenna measures the
target scattered narrow-band wave during an interval of time 7,
named the azimuth integration time. If this time measurement
is small compared with the target coherence time (Born and
Wolf, 1959; Raney, 1980), the ellipse quantities a(f), a),(t),
d,(1), and 5y(t) can be assumed to be constant, and the wave
behaves in the time interval T like a monochromatic wave with
mean frequency ® (Born and Wolf, 1959). Either the Jones
vector or the Stokes vector can then be used to characterize the
polarization of the wave that is said to be a completely
polarized wave. For a longer time interval, however, the
aforementioned parameters are time varying and the wave is
said to be partially polarized (Born and Wolf, 1959; Van Zyl et
al., 1987b; Kostinsky and Boerner, 1986). In this case, the
parameters that characterize the polarization wave should be
time averaged and are only meaningful under signal wide-sense
stationarity and ergodicity conditions. The information
provided by the time electric field components correlation was
shown to be necessary for the characterization of partially
polarized waves, and the coherency matrix has to be measured
instead of the electric field for the characterization of partially
polarized waves (Wiener, 1930; Wolf, 1954; 1959; Born and
Wolf, 1959; Kim et al., 1987).

Coherency matrix for the representation of partially
polarized waves

The coherency matrix is an interesting tool that permits
observable parameters of a partially polarized wave to be
measured (Wolf, 1959; Parrent and Roman, 1960). With quasi-
monochromatic waves the rapid oscillations exp(jo?) cancel
out, and the electric field complex signal is intimately
connected with the envelop-like variations (Born and Wolf,
1959; Barakat, 1985; Kostinski and Boerner, 1986). Electric
fields parameters should be time averaged, under the
assumption of signal stationary and ergodicity, to end up with
measurable quantities that can characterize wave polarization.
To deal with observable quantities, two quadratic forms of the
quadratic products of E and E*T are considered (Jones, 1947,
Wolf, 1959; Parrent and Roman, 1960; Schmeider, 1969): the
time-averaged total intensity < ET- E >, and the coherency
(2 x 2) Hermitian matrix (Wiener, 1930; Wolf, 1954; Born and
Wolf, 1959):

Jl=<E-E"> (11)
The sharp brackets < ... > indicate ensemble averaging and
can be replaced by time averaging if ergodicity can be assumed,

and [J] is Hermitian positive semi-definite (i.e., it has non-
negative eigenvalues). The fact that [J] = [J1"T makes [J] an
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observable quantity, and in practice the time average of [J] is
measurable. The trace s, of the matrix [J] is the total intensity
of the wave (Born and Wolf, 1959):

so = I EII> = Tr[J] (12)

The coherency matrix [J], also named the correlation tensor,
was originally introduced by Wiener (1930) and Wolf (1954)
for the description of partially polarized waves of stationarity
electromagnetic field. This matrix is equivalent to the density
matrix of Von Neuman that was widely used in quantum
mechanics (Wolf, 1954). Wolf has shown (Wolf, 1959; Born
and Wolf, 1959) that the four elements of the coherency matrix
[J] are uniquely associated with the wave and that the unique
set obtained is intimately related to the appropriate degree of
coherence of the electric fields in the two orthogonal directions:

] = {Jm Jx)} B {< |E1>> <EXE;>}

Jye Iy | | <E E;> <IE 1>

{ <lal?>

(13)
<a.a, exp(-jo) >

< a,a, exp(jd) > <la,I*>

If the x and y axes are rotated about the direction of
propagation, the coherency matrix changes. However, the
determinant 1JI of [J], the two real non-negative eigenvalues A,
and A,, and the trace of the Hermitian coherency matrix [J]
remain rotation invariant. Combination of these entities leads to
a rotation-invariant parameter, the degree of polarization of the
wave given by (Wolf, 1959; Born and Wolf, 1959)

b= /1_ 41 1A, — Al (14)
To()? Ay + A,

The [J] eigenvalues, A, and A, correspond to the extrema of the
total intensity (Wolf, 1959; Born and Wolf, 1959). The rotation-
invariant parameter, p, has a physical significance (Born and
Wolf, 1959); it corresponds to the ratio of the completely
polarized wave to the total wave intensity. The wave is
considered to be completely polarized if IJI = 0; this
corresponds to p = 1. The wave is said to be completely
unpolarized if the intensity of its components in any direction
perpendicular to the direction of propagation is a constant. In
this case, the coherence matrix is diagonal, and the two
elements of the diagonal are identical, leading as such to p = 0.

Stokes vector for representation of partially polarized
waves

A partially polarized wave can also be characterized by the
four time-averaged Stokes parameters of Equation (7), since
they are simply related to the elements of the coherency matrix
by
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5o =J +J,, =<la,’> + <la |*>
sp=J = Jyy =<|ax|2>—<|ay|2> (15)
$y = Jyy +Jy = 2<a,a, cos(®)>

53 = j(Jyy = Jy) = 2<a,a, sin(d)>

The one-to-one correspondence between the coherency matrix
and the Stokes vector allowed Wolf (1959) to extend to the
Stokes parameters the results he obtained regarding the
uniqueness of the coherency matrix associated with a wave, and
a unique set of Stokes parameters was shown to characterize a
partially polarized wave.

The non-negative condition satisfied for the determinant of
the coherency matrix [J] expressed in term of the Stokes
parameters implies (Wolf, 1959; Born and Wolf, 1959),

s§ = st + 53+ 53 (16)

and the degree of polarization of Equation (14) is given by

ST ST+ amn

p_
So

The degree of polarization was qualified as the most important
parameter associated with the state of partial polarization of
optic waves (Jones, 1947; Wolf, 1959; Mandel, 1963). This tool
has been successfully applied for target scattering
characterization (Poelman and Guy, 1984; Touzi et al., 1992a),
as discussed in the following.

Mathematical characterization of target
scattering

Scattering matrix

The scatterer illuminated by the SAR transmitted wave re-
radiates a scattered wave, which might be considered as a
spherical wave in the far zone of the scatterer. This wave can be
approximated by a plane wave over the relatively small area
occupied by the receiving antenna. The electric fields E®and E
of the scattered wave and the incident waves are related by the
complex 2 x 2 scattering matrix [S] of the scatterer defined
according to

Es — exp(jkr) . [S] Ei (18)

r

where r is the distance between the target and the antenna
(Jones, 1941; Sinclair, 1950; Kennaugh, 1951; Kostinski and
Boerner, 1986; Van Zyl and Zebker, 1990). Here the
backscattered alignment (BSA)? convention, which has been
the preferred system in the area of monostatic SAR polarimetry

(Van Zyl and Zebker, 1990), is used and the scattering matrix
defined in Equation (18) relates the scattered wave viewed
approaching the receiving antenna to the incident wave viewed
receding from the transmitting antenna (Van Zyl et al., 1987a).
The [S] matrix, which is expressed in the BSA coordinates, is
referred to as the Sinclair matrix (Sinclair, 1950; Kennaugh,
1952; Zebker and Van Zyl, 1991; Guissard, 1994; Boerner et
al., 1998) and is given in the horizontal-vertical polarization
basis (h, v) per

Sth - Shy
S]= 19
[S] |:Svh va} (19)

where S}, denotes a transmitting antenna of a horizontal
polarization and a receiving antenna of a vertical polarization
(Van Zyl et al., 1987a; Zebker and Van Zyl, 1991; Boerner et
al., 1998). [S] becomes symmetric if the target is reciprocal,
Shv = Svh'

Power backscattering matrix: Graves matrix

The total power P, backscattered from the target for any
transmitted polarization is the magnitude squared of the
scattered wave electric field E® and can be expressed as a
function of the transmitted wave electric field E' using
Equation (18):

P =L(E)T G B 20)
r

where the Hermitian positive semi-definite matrix [G], which is
referred to as the Graves matrix (Graves, 1956) or the
“polarization power scattering matrix”(Graves, 1956; Boerner
et al., 1998), is given by

[G]=[ST"[S] 2D

Mueller and Kennaugh matrices

Using the BSA convention, the Stokes vector of the
backscattered wave is related to the incident-wave Stokes
vector through the Kennaugh matrix, [K] (Kennaugh, 1951;
Van de Hulst, 1957; Van Zyl et al., 1987a; Boerner et al., 1998):

§ =L K] § (22)
r

Here, the BSA convention is used and the 4 x 4 Kennaugh
matrix [K] is given by (Guissard, 1994; Boerner et al., 1998)
(K] = 2[A]*[W]-[A]" (23)

with

3Reviews of the two major conventions currently used for coordinates systems, the forward-scatter alignment (FSA) convention and the BSA
convention, can be found in Van Zyl and Zebker (1990), Guissard (1994), and Boerner et al. (1998).
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[W] = [S] ® [S]* (24)

where ® symbolizes the standard tensorial Kronecker matrix
product, and the 4 x 4 expansion matrix [A] is given by

1 0 0 1
1 0 -l
Al = 25
[A] 01 1 0 (25)
0 j —-j O

with A™' = (1/2)A™T (Guissard, 1994; Boerner et al., 1998).

In optical or transmission polarimetry, the FSA convention is
used and the Stokes vector of the scattered wave is related to the
incident-wave Stokes vector through the Mueller matrix [M]
(Mueller, 1948; Chandrasekhar, 1960; Tsang et al., 1985;
Kong, 1990):

§ =L .My § (26)
r

The Mueller matrix [M] and the Kennaugh matrix [K] are
formally related by (Guissard, 1994; Liineburg, 1995a; Boerner
et al., 1998)

[M] = diag[1 1 1 —1]-[K] (27)

This relation is only formally correct, since both matrices
describe completely different scattering mechanisms: forward
scattering for [M] and backscattering for [K]. Multilook SAR
data are generally provided under the Kennaugh matrix format
and the system reciprocity assumption (Dubois and Norikane,
1987).

Scattering or Mueller-Kennaugh matrix for wave
characterization

If the illuminated target re-radiates a completely polarized
scattered wave, the polarization of the wave can be deduced
from the polarization of the transmitting antenna using either
the scattering matrix [S] or the Mueller—Kennaugh matrix.
Generally, there are seven independent parameters in the
scattering matrix: four independent amplitudes and three
phases referenced to one element of the four [S] complex
elements. Therefore, if the absolute reference phase is ignored,
only seven real elements should completely characterize [M] or
[K], and as a result there are nine relations among the 16
elements of the matrix (Simon, 1982; Barakat, 1981; Giuli,
1986; Van Zyl et al., 1987a). Under the reciprocity assumption,
Sy = Sy, and [S], [K], and [M] are characterized by only five
real elements.

Partially polarized waves cannot be characterized by the
scattering matrix, and the description of the SAR—target system
in terms of [M] or [K] appears to be applicable to more general

situations than the description in terms of the scattering matrix
(Wolf, 1959; Born and Wolf, 1959). Howell (1979) has shown
that some optical devices can be described by the Mueller
matrix but not by the scattering matrix. Other studies have
confirmed this result (Azzam, 1977; Kim et al., 1987). Sixteen
real elements are needed to fully characterize the system in the
general case, and nine elements are needed under the
reciprocity assumption (Kostinski and Boerner, 1986; Van Zyl
et al., 1987a).

In addition to [M] and [K], two matrices named the target
covariance matrix and the target coherence matrix might be
used for characterization of partially polarized waves. These
matrices are presented in the following section.

Target covariance and target coherency matrices

The scattering matrix of Equation (18) can be represented
under the vectorial form

S = (Shh’ Shv’ Svh7 SVV)T (28)

An ensemble average of the complex product between S and
S*T leads to the so-called covariance matrix* [C] (Borgeaud et
al., 1987; Van Zyl and Ulaby, 1990):

[Cl=<S-ST> (29)

The Hermitian positive semi-definite matrix [C] has precisely
the same elements as the Kennaugh matrix [K] and the Mueller
matrix [M] but with different arrangements. The full
established properties of Hermitian matrices make convenient
the use of [C] in some applications (Borgeaud et al., 1987;
Kong et al., 1987; Novak and Burl, 1990; Van Zyl, 1992; Touzi
and Lopes, 1994).

Another matrix that contains the same information as the
Mueller matrix is the target coherency matrix [T], which was
introduced by Cloude (1986) and used for the development of
his incoherent target decomposition (Cloude and Pottier, 1996;
1997a). The target coherency matrix, which was defined per
analogy with the wave coherency matrix, is given by (Cloude,
1986; Cloude and Pottier, 1996)

[T]=<k-k'T> (30)

where k is the target scattering vector (Cloude, 1986) and is
given by

ié = [Shh + va’ Shh - va’ Shv + Svh’ j(Shv - Svh)]T (31)

Note that Equation (31) might be written under the vectorial
form as

k=[A]-S (32)

4Even though [C] corresponds to the covariance matrix for a zero mean process like speckle, the term covariance matrix is adopted (instead
of correlation matrix) for the more general case of nonzero mean process (Tragl, 1990; Van Zyl and Ulaby, 1990).
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It is worth noting that [C] and [T] are unitarily similar (up to
a constant), as might be shown using Equation (32). The two
matrices carry the same information; both are Hermitian
positive semi-definite and both have the same eigenvalues but
different eigenvectors (Cloude and Pottier, 1996).

Polarization synthesis and received intensity

The power received from the illuminated resolution cell
might be expressed as a function of the Jones vectors p' and p*
of the transmitting and receiving antenna by (Kostinski and
Boerner, 1986; Van Zyl et al., 1987a; Ulaby and Elachi, 1990;
Boerner et al., 1998)

Prec(\ljr’ Xe> Ves Xt) = II_jr [S]I—’l|2 (33)

L
2
where L is a constant depending on the system losses, peak
transmitter power, length of the transmitted pulse, number of
samples integrated in range, antenna beamwidth, SAR velocity,
transmitted wavelength, permittivity and permeability of free
space, and antenna gain at the target illumination angle 6 (Touzi
etal., 1993). The radar equation (Equation (33)) and the voltage
equation (Equation (18)) are referred to as the fundamental
equations of radar polarimetry (Kostinski and Boerner, 1986;
Van Zyl and Zebker, 1990). The received radar backscattering
can be synthesized for any combination of transmitting—
receiving antennas (see, for example, in Van Zyl et al., 1987a
the various images of San Francisco Bay synthesized for
transmitting and receiving antennas of the same polarization
with the ellipse angles sampled at 2.5°).

Multilook SAR data are generally provided under the
Kennaugh matrix format (Dubois and Norikane, 1987). In this
case, the received power can be synthesized for any
combination of transmitting—receiving polarizations expressed
in terms of Stokes vectors S' and S' as (Van Zyl and Zebker,
1990; Boerner et al., 1998)

L = .
Prec(lVr’Xr’Wt’Xt) :ﬁ'lsr [K]Stl (34)

Generally, the received power is averaged over many pixels, say
N, for estimation of the target received power mean. To
preserve the full polarization information, the averaging should
be conducted under the Kennaugh matrix format:

N

N L = ~

FrecWrs 2o W 1) = 75+ 87 YK, - S (35)
n=1

where [K], is the Kennaugh matrix of the pixel n (Van Zyl et
al., 1987a; Dubois and Norikane, 1987; Zebker and Van Zyl,
1991; Boerner et al., 1998). If the data are provided in [S]
matrix, each pixel [S] matrix should be transformed in [K]
matrix, and the integration is completed in terms of Kennaugh
matrices using Equation (35).
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Even though the data are generally provided in [S] or [K]
matrix format, it might be convenient for some applications to
express the received power as a function of the covariance
matrix [C] of Equation (29) (see, for example, Swartz et al.,
1988; and Touzi and Lopes, 1994). For an antenna operating at
the horizontal—vertical polarization basis, the received power is
given by (Swartz et al., 1988; Van Zyl and Zebker, 1990; Mattia
et al., 1997)

L =« =
Prec(Wr’Xr’Wl?Xt):?'lBT'[C]'Bl (36)

where B is a mixed antenna vector given, as a function of p*
coordinates (pf, pt) and p' coordinates (p}, p'), by

BT = (piph, phpt. P L. PED, (37)

Calibration of polarimetric SAR data: an
important issue for the extraction of
meaningful polarization information

An imaging polarimeter is usually implemented by
configuring the hardware to measure almost simultaneously the
four scattering matrix elements for every resolution element in
the scene (Christensen et al., 1998; Livingstone et al., 1995;
Van Zyl et al., 1987a; Zebker and Van Zyl, 1991). All existing
imaging polarimeters provide the four measurements in the
linear horizontal (H) and vertical (V) polarizations HH, HV,
VH, and VV. These measurements might be affected by
crosstalk due to the transmitting-receiving antenna or the
switches used to select the H or V polarization at transmission
and reception (Touzi et al., 1993). Since 1989, intense attention
has been given to the importance of calibration for the
meaningful use of polarimetric data. Van Zyl (1990) was the
first to introduce a method for the calibration of the AirSAR
data using image parameters and reference point targets. Since
then, many papers have been published on the calibration of
polarimetric AirSAR data, which were widely diffused and
extensively used all over the world (Freeman, 1991; 1992;
Freeman et al., 1992; Klein, 1992; Quegan, 1993; Zebker and
Lou, 1990; Touzi et al., 1993). The appearance of other
polarimetric SARs has led to the development of various
specific system calibration methods (Christensen et al., 1998;
Horn, 1996; Skriver et al., 1994; Touzi et al., 1993). In parallel
with the calibration and flying the AirSAR system in the 1990s,
there was an important ongoing JPL activity (led by
A. Freeman) that was focused on the preparation and
calibration of the first satellite polarimetric SAR mission, SIR-
C, realized by the shuttle Discovery in 1994 (Jordan et al.,
1995; Freeman, 1995; Dubois, 1992).

To calibrate a polarimetric SAR system, accurate system
modeling should be completed. Most of the calibration
methods were based on the Barnes model developed in 1986
(Barnes, 1986). A more general model, which explicitly
separates the antenna distortion from other key radar
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architecture elements, was introduced by Touzi et al. (1993).
This model is suitable for most existing systems that use only
one configuration at reception and for systems with two
receiving configurations (dependent on the transmitted
polarization) like the Convair-580 SAR system (Livingstone et
al., 1995). The voltage matrix [V] received by a SAR system
(with one receiving configuration) from an area (range
resolution cell) characterized by the scattering matrix [S] can
be expressed, for each pixel, as a function of [S], the distortions
matrices, the slant range r, and the target illumination angle 6
by (Touzi et al., 1993; Freeman, 1991)

[V] = L’%{[dr 1"[g®1" - [S]- [g®)1[d' ]} (38)

where L’ is a constant that depends on the system parameters;
[d] and [d'] are the distortion matrices at the receiving and
transmitting system, respectively, constructed from the switch
distortion matrix and the complex gains of the H-V signal
paths; and [g(®)] is the antenna distortion matrix at the
illumination angle 6 (Touzi et al., 1993). The voltage of
Equation (38) was derived for a satellite SAR, thus explaining
the reason that V is inversely proportional to r (and not to %)
(for more details, see Touzi et al., 1993; and Freeman, 1991).

To synthesize ¢° for any combination of transmitting—
receiving antenna polarizations, pure H and V polarizations
should be extracted from the distorted voltage measurements.
Many techniques of calibration have been developed for the
various existing systems. Most of these techniques require the
use of reference point targets. Van Zyl (1990) was the first to
introduce the use of extended natural targets for polarimeter
calibration and showed that the particular properties of
azimuthally symmetric targets established by Borgeaud et al.
(1987) can be used to simplify the calibration algorithm and
reduce the number of reference point targets required for
calibration. This idea (Van Zyl, 1990) has served as the basis
for the development of most calibration methods since
(Luscombe et al., 2000; Freeman, 1995; Quegan, 1993;
Shimada, 2001; Touzi et al., 1993).

Calibration of systems with antennas of relatively low H-V
polarization isolation is generally much more complex than
that for systems with highly isolated antennas. Antennas of low
H-V isolation, such as the AirSAR antenna (Van Zyl, 1990)
and Pi-SAR (Wakabayashi et al., 2001) (about 23 dB isolation),
manifest a significant crosstalk term that varies with incidence
angle. Measurement of the variation of the antenna crosstalk
term with incidence angle would require the deployment of
many reference point targets along the whole swath, which is
not convenient in practice. The method of Van Zyl (1990) based
on the use of various azimuthally symmetric natural targets
selected within the antenna look-angle range provides an
excellent solution to such a complex problem. This method,
which has been widely validated, is the standard method for
removal of antenna crosstalk. At the presence of significant
topographic relief, a digital elevation model is needed for
calibration of polarimeters with antennas of low isolation (Van
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Zyl et al., 1992; 1993). Calibration of systems with highly
isolated antennas (better than 30 dB; Touzi et al., 1993) is much
easier because the unknown calibration parameters do not vary
with incidence angle. Internal signal measurement (channel
complex gain offset) during data acquisition is strongly
recommended to avoid the deployment of reference point
targets at each data acquisition (Christensen et al., 1998; Touzi,
1999a; Touzi and Livingstone, 2003).

Calibration of the first satellite polarimetric SAR mission,
SIR-C, needed the development of a specific methodology
(Freeman, 1995; Sarabandi et al., 1995). New problems had to
be solved related to the active nature of the SIR-C antenna, such
as nonreciprocity introduced by the transmit/receive active
elements and short- and long-term variations of antenna
parameters. The lessons learned from SIR-C (Freeman, 2003)
should help the calibration of future satellite polarimetric
SARs, such as RADARSAT-2 (Luscombe et al., 2000), ALOS-
PALSAR (Ito et al., 2001), and TerraSAR X and L-bands
(Schwerdt et al., 2003; Mathew, 2001).

All these calibration methods require the complex radar
signal parameters received from reference point targets to be
measured. The intensity integration method, which is robust to
system focus-setting errors (Gray et al., 1990), was used to
estimate point target energy, and the phase of the peak signal
was taken as an estimate of the signal phase (Freeman, 1992).
In 1992, Touzi (1992) and Touzi et al. (1992b) showed that the
latter method, referred to as the peak method, was sensitive to
system focus-setting errors. They introduced the complex
integration method (CIM) for a robust estimation of both
intensity and phase of point target signal. The CIM is now used
at CCRS within the calibration package developed for the X-
and C-band Convair-580 SAR systems (Touzi et al., 1993;
Livingstone et al., 1995; Hawkins, 1990; Touzi and
Livingstone, 2003). The calibration method (Touzi et al.,
1993), which was inspired by the Van Zyl method (Van Zyl,
1989) and uses the CIM for measurement of point target signal
parameters, leads to a calibration accuracy of within 1-2 dB in
radiometry and 5° in phase (Hawkins et al., 1999; Touzi and
Livingstone, 2003).

Most of the existing systems achieve an accuracy in
radiometry of within 1-2 dB and in phase within 10° (Freeman,
1992; Touzi et al., 1993; Christensen et al., 1998; Touzi and
Livingstone, 2003), which satisfies the list of calibration
requirements set for SIR-C (Dubois, 1992). With the
continuous advance of technology, future systems should
provide better accuracy, and the list of calibration requirements
(Dubois and Norikane, 1987) that has been used for SIR-C,
RADARSAT 2, and ALOS should be updated (Touzi et al.,
2003). The list should also specify the Faraday rotation error
tolerated for L- and P-band systems. Calibration of the Faraday
rotation at L- and P-bands is the hot topic. Faraday rotation is a
significant source of errors that may affect observations made
by L-band SARs, such as ALOS-PALSAR and TerraSAR
(Rignot, 2000; Freeman and Saatchi, 2004; Freeman, 2004;
Wright et al., 2004). With the closing launch of ALOS, intense
attention has been given to modeling the Faraday rotation
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angles and its effects on received intensity (Wright et al., 2003;
Freeman and Saatchi, 2004) and calibration of polarimetric
SAR subject to Faraday rotation (Freeman, 2004). Freeman has
fixed a calibration requirement of 2.5° on the maximum
residual Faraday rotation angle error (Touzi et al., 2003),
according to the excellent papers (Freeman and Saatchi, 2004;
Freeman, 2004) being published on the calibration of systems
operating at wavelengths subject to Faraday rotation errors.

Polarization information extraction using
the scattered and received wave
parameters

One-look and multilook SAR data processing

The principle of synthesizing in azimuth a larger aperture
than the actual antenna size requires the integration of target
measurements under coherent conditions (Curlander and
McDonough, 1991; Raney, 1998). If the azimuth integration
time is much smaller than the target coherence, integration over
the Doppler bandwidth yields a resolution close to the half
width of the antenna (Curlander and McDonough, 1991; Raney,
1998). This resolution is degraded under partial coherence
conditions (Raney, 1980), and the partially coherent received
wave can no longer be fully characterized with the scattering
matrix, as seen in the earlier sections titled “Quasi-
monochromatic and partially polarized waves” and “Coherency
matrix for the representation of partially polarized waves”. To
retrieve the full polarization information of partially coherent
signals, integration might be completed under coherence
conditions, within separate small Doppler bandwidths (single
looks of shorter integration time), similar to that for one-
channel conventional SARs (Raney, 1980; Engen and Johnson,
1995). Comparison of the single-looks scattering matrix
measurement leads to a better characterization of the
illuminated partially coherent targets, as in Engen and Johnson
(1995), Ainsworth et al. (1999), Ferro-Famil et al. (2003), and
Souyris et al. (2004).

In practice, polarimetric SAR processing is completed for
each channel HH, HV, VH, and VV, under the assumption that
the received signal is coherent (i.e., completely polarized
wave), and a high-resolution one-look image is generated under
the Sinclair matrix [S] forma (Dubois and Norikane, 1987; Van
Zyl et al., 1987a). Multilook (L) processing can also be
achieved to reduce the volume of the image data. In this case,
the L scattering matrices of the various single looks are
processed, and the averaging is conducted under the Kennaugh
matrix format to preserve the fully polarimetric information
(Dubois and Norikane, 1987; Van Zyl et al., 1987a; Zebker and
Van Zyl, 1991).

Scattered wave parameters

Scattered intensity extrema of a completely polarized wave
The information provided by the scattered wave power
extrema might be useful for characterization of the illuminated
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target. If the scattered wave is completely polarized, the
polarimetric information is fully characterized with the
scattering matrix [S]. The total power P, backscattered from the
target is expressed by Equation (20) as a function of the Graves
matrix [G]. The extrema of P, correspond to the real
eigenvalues of the Hermitian positive semi-definite matrix [G],
which are obtained at the orthogonal eigenvectors polarizations
of [G] (Graves, 1956; Kostinski and Boerner, 1986). The
maximum backscattered power, which is equal to the largest
eigenvalue of [G], is reached when the polarization of the
transmitting antenna is identical to the eigenvector of [G] for
the largest eigenvalue. The maximum backscattered power is
equal to the maximum received power when the transmitting
and receiving antennas are of the same polarization (Kennaugh,
1951). In fact, this maximum is identical to that obtained in the
general case (transmitting and receiving antennas might be of
different polarizations), as stated in Kennaugh (1951) and
justified later theoretically by Kostinski and Boerner (1986)
using their three-stage optimization method.

Contrast optimization of a completely polarized wave

The Graves method (Graves, 1956) was extended to contrast
optimization (Kostinski and Boerner, 1987). If P, and Py are
the energies backscattered from two targets A and B, the
contrast Cont to be optimized might be expressed as a function
of the Graves matrices [G,] and [Gg] using Equation (21) as
(Kostinski and Boerner, 1987)

t

Cont = B)_[Gal- P (39)
(P [Ggl- P

b1l

The extrema are given by the so-called Rayleigh-Ritz
coefficients, which are the eigenvalues of the generalized
eigenvector equation

[GAl% = MGl ¥ (40)

Unfortunately, both techniques based on the Graves matrix
can only be applied to completely polarized scattered waves
that are fully characterized by [S] and as such are of limited
application. Solutions for partially polarized waves are
presented in a later section titled “Extrema of the degree of
polarization and extrema of the total scattered intensity”.

Completely polarized and completely unpolarized
components of a partially polarized scattered wave

The Stokes vector of the scattered wave might be expressed
as the sum of the Stokes vectors of the completely polarized
and completely unpolarized components (Born and Wolf,
1959), thus leading to the following expression as a function of
the degree of polarization p of Equation (14) and the
coordinates (R, R;, R,, R3) of the scattered wave Stokes vector
(Ko, 1962; Poelman and Guy, 1984; Van Zyl et al., 1987a;
Kostinski and Boerner, 1988; Evans et al., 1988):
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SE = (pRy R, Ry, Ry)™ +[(1— p)R),0,0,01" (41)

Ko (1962), Poelman and Guy (1984), and Kostinski and
Boerner (1988) associated a high importance to the first term
pRy, which corresponds to the completely polarized
backscattered signal. In contrast to the unpolarized noiselike
component, this term represents adjustable intensity that can be
fully matched by an adapted receiving antenna (Ko, 1962;
Poelman and Guy, 1984; Kostinski and Boerner, 1988). This
leads to a received scattering with a maximum completely
polarized component (and minimum completely unpolarized
component) whose parameters can be characterized more
efficiently than those of the original received signal. This
optimization process was the basis for the optimum clutter-
suppression method introduced by Poelman and Guy (1984).
The completely polarized component of the clutter to be
suppressed is maximized, and the receiving antenna
polarization is set orthogonal to the maximum completely
polarized component. In this way, the average received power is
identical to half of the average power contained in the
completely unpolarized component of the returned wave,
which has been minimized (Poelman and Guy, 1984; Kostinski
and Boerner, 1988). Since the generation of pR, extrema for
each pixel of the scene under study is quite expansive in
computing time, Kostinski and Boerner (1988) derived an
analytical method for the extraction of the extrema of the
completely polarized component from the sample Mueller
matrix. They showed that the problem is equivalent to solving
numerically a six-order polynomial equation, and thus
significantly reducing the computing time when compared with
the systematic method, which consists of deriving the extrema
with the polarization ellipse angles y and ) sampled at 1°.

Evans et al. (1988) synthesized the extrema of the
completely polarized and completely unpolarized components
for various extended targets including urban areas, parks, and
ocean in the San Francisco image. These parameters provided
interesting information on the type and homogeneity of the
scattering and demonstrated the great potential of polarimetric
information in target discrimination (Evans et al., 1988).
Unfortunately, this work has never been continued, and there is
a still a lot to learn about the information provided by these
components, especially by the unpolarized component whose
information is still unknown.

Extrema of the degree of polarization and extrema of the
total scattered intensity

The degree of polarization was qualified in Jones (1947) and
Wolf (1959) as the most important parameter associated with
the state of partial polarization of scattered waves. The clutter-
suppression algorithm of Poelman and Guy (1984) used the
degree of polarization to assess the limit of clutter-suppression
capability. Touzi et al. (1992a) have also associated great
importance to this parameter, and an analytical method was
developed for the calculation of the extrema of the degree of
polarization, given a Mueller or Kennaugh matrix sample. It
was shown that the problem is equivalent to numerically
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solving a six-order polynomial equation (Touzi et al., 1992a).
Compared with the systematic method, the analytical method
permits saving about 50% of computing time. In addition, the
analytical method is more accurate than the systematic method,
which might lead to erroneous results because of the sampling
interval (generally 1° in  and y). The analytical method also
permits generating the optimum transmitted polarization,
which maximizes the degree of polarization of the scattered
wave, and as a result maximizes the intensity of the completely
polarized component of the backscattered and received
intensity (Touzi et al., 1992a). This method is used in Touzi et
al. (2004a) to generate the wave polarization anisotropy that
was introduced in Touzi (2000) and was shown to be effective
for ship detection (Touzi, 2000; Touzi et al., 2004a).

The expressions of the extrema of the total scattered intensity
R, were also derived by Touzi et al. (1992a). A combination of
the extrema of the degree of polarization and the extrema of the
scattered intensity permits a successful and efficient
unsupervised classification of the San Francisco image as a
function of the target scattering type and homogeneity (Touzi et
al., 1992a; 2004b).

Received wave parameters

Polarization signature

To extract full polarization information, the target coefficient
of variation 6° can be synthesized for all combinations of
transmitting—receiving antenna polarizations. The polarization
signature was introduced in Van Zyl et al. (1987a) and Agrawal
and Boerner (1989) as a convenient graphical representation of
the variation of the received scattering cross section as a
function of the transmitting antenna polarization. The
polarization response is a plot of received intensity as a
function of the ellipse polarization angles (y, %). When the
same polarization is used for transmitting and receiving
polarization, the plot is referred to as the copolarized signature.
When they are orthogonal, the cross-polarized signature is
obtained. It is now well accepted that the polarization signature
is quite useful for describing polarization properties of points
and distributed targets (Van Zyl et al., 1987a; Evans et al.,
1988; Ulaby and Elachi, 1990). The polarization signature
might also be useful for the measurement of ship orientation
angle (Touzi, 1999b) and the extraction of the orientation angle
induced by azimuthal slopes (Schuler et al., 1996) for
topography measurement (Schuler et al., 2000).

The pedestal of the polarimetric signature may also be a
worthy source of information for target characterization
(McNairn et al., 2002). In fact, the pedestal corresponds to the
ratio of the received power extrema when the antennas are
copolarized or cross-polarized. Therefore, the pedestal
provides information equivalent to that obtained with the
coefficient of variation by Van Zyl et al. (1987a). The latter
should be more effective because it is not limited to
copolarizations and cross-polarizations.
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Circular polarizations

Circular right-right (RR) and right-left (RL) polarizations
were widely used for the remote sensing of precipitation
(McCormick and Hendry, 1973; McCormick, 1996; Antar et
al., 1992). The ability of these polarizations to enhance the even
bounces (with RR polarization) and odd bounces (with RL
polarizations) makes them very effective in rain measurements.
The radar backscattered at circular polarizations was also
successfully used for ship detection (Touzi, 1999b; Touzi et al.,
2004a) and forest type discrimination (Touzi et al., 2004b).
Another source of information is the coherence of the RR and
LL circular polarization, which has been found to be extremely
sensitive to surface roughness (Mattia et al., 1997). Schuler et
al. (2002) have investigated the RR—LL coherence for azimuth
slope measurement.

As in the case of the phase difference of the horizontal and
vertical polarizations Qg — Oyy, Which was shown to provide
useful information for target characterization (Foo et al., 1990;
Sarabandi, 1992; Ulabi and Elachi, 1990), the information
provided by the phase difference between RR and LL circular
polarizations is worth investigating. The RR-LL phase
difference has been exploited in Lee et al. (2000; 2002a) to
measure the orientation angle 0 induced by azimuthal slopes.
Lee et al. showed that 6 (for 0 <0< 7/4) might be extracted from
the RR-LL phase difference of the radar signal return from a
terrain surface as

~40 = arg(< SppSiL >)

—4 < Re(Syy — Svy)Shy >
— < Sy — Syyl? > +4 < Syl >

(42)
= arctan|

When a polarimetric radar images a terrain surface with
significant relief, the change in the polarization orientation
angle is geometrically related to the topographical slopes and
the radar illumination angle by

tan ®
—tan y cos ¢ + sin ¢

tan O = (43)

where ¢ is the radar illumination angle, tan ® is the azimuth
slope, and tan v is the slope in the ground range direction (Lee
et al., 2000). Polarimetric imaging radar derived orientation
angles have been successfully applied at L-and P-bands to
measure topography (Schuler et al., 2000; 2002; Lee et al.,
2002a) and are used for polarimetric SAR data compensation to
ensure accurate estimation of geophysical parameters in rugged
terrain areas (Lee et al., 2000). The method of Lee and Schuler
was successfully validated for L- and P-band polarimetric SAR
data but is less effective at C-band or higher frequency SAR
data (Schuler et al., 2002; Lee et al., 2002a).
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Received wave intensity parameters

The received power can be expressed as a function of the
total intensity R, and the degree of polarization p of the
backscattered wave as

Pr = pRy cos’ @ + %a - (44)

where d is the angular distance on the Poincaré sphere between
the polarization state of the scattered wave and the received
wave (Ko, 1962). The received power is maximum when the
received antenna polarization is matched to the scattered wave
©=0and P, = (1 + p)Ry/2). The received power is minimum
when the received antenna polarization is orthogonal to the
polarization of the scattered wave (0 = m and P, = (1 —
P)R/2). Antenna-backscattered wave matching (or cross-
matching) served as the basis for the development of the
multinock logic-product suppression filter (Poelman and Guy,
1984) and the three-stage optimization technique derived in
Kostinski and Boerner (1986).

Evans et al. (1988) used the extrema of the received wave
intensity to separate cover types. Van Zyl et al. (1987a) used the
ratio of the extrema of the received power, referred as to the
coefficient of variation, as an indicator of spatial target
heterogeneity and to assess the complexity of target scattering
mechanisms (Evans et al., 1988). Various combinations of the
extrema of the received of power, named the fractional
polarization, were used and validated with the same potential
by Zebker et al. (1987).

The received intensity extrema can be derived by
systematically varying the polarization angles (y,, x,) of the
transmitted wave polarization. A less expansive computing
time solution might be used in the particular case of
transmitting and receiving antennas of the same polarization.
Based on the Mueller matrix approach, Van Zyl et al. (1987b)
have shown that this problem is equivalent to solving a six-
order polynomial equation that can be solved numerically.
Tragl (1990) used the covariance matrix approach to show that
the received mean power in the copolarized radar channel is
bounded by the largest and the smallest eigenvalues of the
Hermitian positive semi-definite covariance matrix [C] of
Equation (36).

Received intensity contrast optimization

For a completely polarized wave, the solution obtained in the
section titled “Contrast optimization of a completely polarized
wave” can be used under the assumption that the transmitting
and receiving antennas are of the same polarization. More
general algorithms were derived in the case of partially
polarized waves (Ionnidis and Hammers, 1979; Swartz et al.,
1988). The received powers in the contrast ratio were expressed
(Swartz et al., 1988) as a function of the target covariance
matrices [C,] and [Cg], using Equation (36). The contrast
extrema are obtained by solving the generalized eigenvector
equation (Swartz et al., 1988)
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[CAl% = A[Cpl% (45)

An analytical solution was derived in Swartz et al. (1988) for
the simplified problem of contrast optimization of azimuthally
symmetric targets.

Coherent and incoherent target
decomposition

The objective of target decomposition theory is to express
the average scattering mechanism as the sum of independent
elements to associate a physical mechanism with each
component (Huynen, 1965; Cloude and Pottier, 1996). Two
theories of target decomposition can be distinguished: coherent
target decomposition (CTD) and incoherent target
decomposition (ICTD). CTD was developed to characterize
completely polarized scattered waves for which the fully
polarimetric information is contained in the scattering matrix.
Many CTD methods were published (Huynen, 1965; Krogager,
1990; Cameron et al., 1996; Touzi and Charbonneau, 2002;
Corr and Rodrigues, 2002). In the following section, the
Kennaugh—Huynen CTD (Kennaugh, 1951; Huynen, 1965), the
Cameron CTD (Cameron et al., 1996), and the symmetric
scattering characterization method (SSCM) (Touzi and
Charbonneau, 2002) developed for optimization of target
coherent symmetric scattering are presented. ITCD is
summarized in a later section of the paper.

Coherent target decomposition

Kennaugh—Huynen coherent decomposition

Target radar return depends on the illumination angle, named
aspect angle in Huynen (1970), and the so-called target
orientation angle as presented in Figure 3 (Huynen, 1970). The
orientation angle y, is referred to as the target axis orientation
angle because it determines the target orientation with
reference to the line of sight (LOS) direction. Subtracting the
effect of the geometrical motion parameter y, on the target
scattering should lead to a presentation of the scattering matrix

under an orientation invariant form that fully characterizes
TARGET
Ve
TARGET AXIS

l— DIRECTION

/ .
A PATTERN ANGLE ~

ROLL ANGLE

N ASPECT
/ DIRECTION

ORIENTATION
ANGLE

RADAR ANTENNA

Figure 3. Target aspect direction and orientation angle (Huynen,
1970).

target parameters (Kennaugh, 1951; Huynen, 1965). The
properties of the scattering matrix that are independent of
special matrix representations are generally studied by solving
the eigenvalue problem (the characteristic decomposition)
(Wiener, 1930). Solutions to the eigenvalue problem are
expressed by eigenvalues and eigenvectors, and it is expected
that the properties of these may be associated with the physical
properties of radar targets.

The scattering matrix [S] can be diagonalized if [S] is
symmetric and nonsingular. [S] has two complex eigenvalues,
A, and A,, which correspond to two eigenvectors that are not
generally orthogonal. To represent the information in an
orthonormal basis, the characteristic decomposition might be
completed in the power form using the Graves power matrix
[G] of Equation (21). Diagonalization of the Hermitian positive
semi-definite matrix [G] leads to a decomposition in an
orthonormal eigenvector basis, with positive real eigenvalues
W, and W, that are the magnitude square of the [S] eigenvalues:
u; = IAJ%. Unfortunately, the [G] diagonalization process leads
to an incoherent target scattering decomposition, since the
diagonalized power matrix obtained has real (non-complex)
eigenvalues [, and W,.

To fully exploit the information provided by coherent
scattering, the characteristic decomposition should be applied
on the [S] matrix using a non-conventional diagonalization
procedure that leads to a diagonalization of the matrix in an
orthonormal vector basis. The theorem of Takagi (1927) was
used for this purpose in Kennaugh (1951) and Huynen (1970),
and the so-called con-diagonalization was applied to the [S]
matrix for a coherent target decomposition in an orthonormal
vector basis. Under the condition that [S] is a symmetric
matrix, S can be unitarily con-diagonalized;®> [S] can be
transformed into a diagonal form by a unitary transformation in
the con-eigenvectors also known as Kennaugh’s pseudo-
eigenvalues equation (Takagi, 1927; Kennaugh, 1951; Huynen,
1970; Hong and Horn, 1988; Liineburg, 2002):

[S]¥ = A% (46)

The con-eigenvectors are “true” eigenvectors of the eigenvector
equation expressed in terms of the Graves matrix [G]:

[GIx =ux (47)

[G] eigenvalues that might be derived from Equation (47) are
identical to the magnitude square of [S] con-eigenvalues; |; =
Ikil2 for i =1, 2 (Kennaugh, 1951; Huynen, 1970; Kostinski and
Boerner, 1986). It is worth noting that the con-diagonalization
might lead to a degenerated case, which should be considered
with care, when the con-eigenvalues A, and A, coincide (Hong
and Horn, 1988; Liineburg, 1995a; 2002).

Kennaugh (1951) and later Huynen (1965; 1970) used
Takagi’s con-diagonalization as the basis of the so-called
Kennaugh—Huynen CTD. This CTD permits the representation

3>The prefix con means conjugation (Hong and Horn, 1988; Liineburg, 2002).
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of the scattering matrix [S] in term of parameters that are
independent of the target orientation angle. Under the
reciprocity assumption, the scattering matrix can be con-
diagonalized in the orthonormal con-eigenvectors basis as
(Kennaugh, 1951; Huynen, 1970)

[ST = [ROy)ITr(t,)]-[Syl-[Tr(t,)[R(=y,)] (48)

where [R(y,)] is the rotation transformation matrix of angle y,,
[Sq] is a diagonal matrix with the [S] con-eigenvalues A; and A,
as diagonal elements, and [Tr] is given by

cos Ty, j n
[Tr]= } (49)

—jsintT, cos T,

The con-eigenvectors are orthogonal and given by (Kennaugh,
1951; Huynen, 1970)

m(y,, T, = [ROy,)]- (cos Ty, j sin T,,)
it (Y, Ty,) = my, +1/2,-1,) (50)
= [R(y,)]- (-J sin T,,, cos T,,)

The pseudo-eigenvector 772, which corresponds to the maximum
return A% (i.e., I\l > IA,)), is named the “maximum
polarization” (Kennaugh, 1951; Huynen, 1970). y, and T, are
the orientation and ellipticity angles, respectively, of the
maximum polarization. \, is as such the rotation angle (a pure
geometrical parameter) to be applied to subtract the effect of
the orientation angle on the target scattering. \, is equivalent to
the orientation angle of Equation (42) used by Lee et al.
(2002a) and Schuler et al. (2002) for azimuth slope
measurement. The helicity angle 1,, (Huynen, 1970) is used to
assess target symmetry (Kennaugh, 1951; Huynen, 1970).

The con-diagonalization leads to complex con-eigenvalues
noted as A, = m exp 2j(v+p) and A, = m tan 2(y) exp —2j(vV—p).
The characteristic angle y (0 <y <45° so that IA,| has the largest
value) is also known as the polarizability angle (Huynen,
1970). The relative phase v (—45° <v <45°) is referred to as the
target skip angle, since its values have some relationship to
depolarization because of the number of bounces of the
reflected signal (Huynen, 1970). The absolute phase of the
target is p. All of these independent parameters, known as the
Huynen parameters, permit a full target characterization and
were used as the basis of the polarization invariant Huynen fork
introduced in Huynen (1970).

SSCM for characterization of symmetric target scattering

Symmetric scattering decomposition
Kennaugh (1951) and Huynen (1965) associated importance
with a class of targets termed symmetric. A symmetric target is
a target having an axis of symmetry in the plane orthogonal to
the radar LOS (Kennaugh, 1951; Huynen, 1965). Symmetric
targets have a scattering matrix that can be diagonalized by a
rigid rotation about the LOS, as seen from Equation (50) with
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T, = 0 (Kennaugh, 1951; Huynen, 1965). Liineburg (1995b) has
shown that the symmetric scatter matrix [S] can be
diagonalized by a rigid rotation if [S] is normal; [S][S]'T =
[S]"T[S]. Cameron et al. (1996) developed an algorithm that
maximizes the symmetrical component of coherent scattering,
which is then expressed as the sum of independent elements so
as to associate a physical mechanism with each component. For
operational use of their CTD, Cameron et al. (1996) introduced
a classification method that has been widely used for
characterization and identification of point targets such as ships
(Yeremy et al., 2001) and small planes (Rais and Mansfield,
1999). Unfortunately, it was shown in Touzi and Charbonneau
(2002) that the coarse classification of Cameron et al. (1996)
might be misleading because of the significant radiometric
dispersion that is tolerated (up to =8 dB) and the absence of
criteria that avoid the application of the CTD method in areas of
noncoherent scattering. A new method, named the symmetric
scattering characterization method (SSCM), was introduced in
Touzi and Charbonneau (2002) for a high-resolution
characterization of target symmetric scattering under coherent
conditions. The SSCM is summarized in the following.

Maximization of symmetric scattering: Cameron’s CTD
Under target and SAR system reciprocity assumptions, the

target scattering matrix is expressed in terms of the Pauli
matrices 6; as (Cameron et al., 1996)

[SI =0 - [6] +B - [04] + 7 - [0,] S

where the Pauli spin matrices are

1 fro
=70 1} (52)
1|1 o
O _ﬁ_O _J (53)
G, = L[o (54)
P21 0

Scattering is symmetric if there exists an angle of rotation y,,
referred to as the target orientation angle (Huynen, 1970;
Cameron et al., 1996), which cancels the projection of [S] of
Equation (51) on the nonsymmetric Pauli direction &, (where
0, is the vectorial form of the Pauli matrix [o,]). This leads to
the following expression for the symmetric part, gsym, as a
function of the angle 6 = -2y, (Cameron et al., 1996; Touzi and
Charbonneau, 2002):

S¢ym =00 +€-[cos 60 +sin 0 0,] (55)

The symmetric component Ssym of the total scattering S (the
vector form of [S]) reaches its maximum for the angle 6, which
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satisfies the following relationship for  # y (Cameron et al.,
1996; Touzi and Charbonneau, 2002):

Z _— 6

After diagonalization, the largest symmetric component St

can be expressed in the trihedral-dihedral basis, (G, ), as

SSI;I?I); = (X(_j'o + 66'1 (57)

where € is given: € = (B cos 0 + 7y sin 0).

Target Poincaré sphere

The target Poincaré sphere was introduced in Touzi and
Charbonneau (2002) for the high-resolution mapping of
symmetric scattering. Per analogy with the wave Poincaré sphere
of the earlier section titled “Stokes vector”, the normalized
diagonalized symmetric scattering A = 55‘3;‘;‘ / S‘S“y‘ﬁ‘ll is
expressed as a function of the target Poincaré sphere angles
and ¥, as

A = [I cos(2x.) cos(2y,) cos(2x.) sin(2y.) sin(2).)] (58)

where . and ). are derived as a function of the target
parameters o and € of Equation (57). To remove the rotation
phase ambiguity (Huynen, 1970; Cameron et al., 1996), only
half of the sphere is used, with y, varying within the interval [0,
1/2] (Touzi and Charbonneau, 2002). Each coherent symmetric
scatterer is uniquely mapped as a point of latitude 2y, and
longitude 2y. on the surface of the target Poincaré sphere
presented in Figure 4. The normalized scattering vectors of the
quarter-wave devices are on the north and south poles. The

Trihedral Dihedral
10 [ 10
[o 1 0-1
Cylinder, Narrow
v, =18 Dihedral
%,=0° v, =72

Figure 4. Target Poincaré sphere (Touzi and Charbonneau, 2002).
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normalized scattering vectors of the trihedral &, diplane &,
dipole S, cylinder S,,, and narrow diplane S, are on the
equator.

A partially coherent symmetric scatterer is represented as a
point inside the sphere at a distance from the sphere centre
determined by the degree of coherence, pg,, which was
defined by Touzi and Charbonneau (2002) as

cy?

J<loP —le2>)2 +4l< o€ >
Psym = D 5 (59)
<lod” + lel* >

The degree of coherence py,, was shown to be an efficient tool
for the assessment of distributed target scattering coherence
(Touzi and Charbonneau, 2002); py,, permits the separation of
coherent scattering targets from targets of partially coherent
scattering, prior to the application of the SSCM, which should
be limited to the characterization of coherent scattering (Touzi
and Charbonneau, 2002).

SSCM scheme for optimum characterization of symmetric

scattering

The SSCM includes the following steps (Touzi and
Charbonneau, 2002): (i) calculation of the parameters o and € of
the maximum symmetric component, using the CTD of
Cameron et al. (1996); (ii) classification of distributed target
scattering into coherent and noncoherent classes using pgyp,
information; (iii) classification of point target scattering into
coherent and noncoherent classes using the Rician threshold
(Touzi and Charbonneau, 2002); and (iv) computation and
analysis of the target Poincaré sphere parameters within the
coherent class.

The SSCM was applied successfully in Touzi and
Charbonneau (2003) and Touzi et al. (2004a; 2004c) for ship
identification and ship motion angle measurement. The use of
the scatterer coordinates on the target Poincaré sphere enabled
the selection of potential symmetric targets on the ship that can
be assigned as the ship’s signature and permit a pitch angle
measurement within 0.2° accuracy (with reference to the
ground measurements).

Incoherent target decomposition

The aforementioned CTD methods can only be applied to
coherent scattering. Generally, the scattered wave is partially
polarized and the user might be interested in the extraction of
geophysical parameters from an area that exhibits significant
natural variability in the scattering properties (Van Zyl, 1992).
A unique decomposition of the target-averaged Stokes or
covariance matrix into a sum of matrices representing single
scatterers should lead to a more accurate interpretation of the
scattering processes and make easier the extraction of
geophysical parameters from the measured radar data (Cloude
and Pottier, 1996; Van Zyl, 1992).

One of the first examples of such a target decomposition
technique was provided by Chandrasekhar (1960). Considering
the case of lateral scattering of light of small anisotropic
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particles, Chandrasekhar decomposed the total average phase
matrix into the sum of a Mueller matrix that represents the sum
of a dipole scattering Mueller matrix and a Mueller matrix that
represents pure random scattering. As such, his target
decomposition followed the same principle that breaks the
Stokes vector of a partially polarized wave into the sum of a
Stokes vector representing a fully polarized wave and a Stokes
vector representing a completely unpolarized wave
(Chandrasekhar, 1960; Van Zyl, 1992). Huynen (1970) also
introduced a target decomposition theorem in which he
decomposed an average Mueller matrix into the sum of a
Mueller matrix for a single scatterer and a noise or N-target
Mueller matrix. Unlike Chandrasekhar’s decomposition,
however, Huynen’s N-target is not polarization independent
and has been shown to be just one of an infinite set of such
residue matrices, meaning that Huynen decomposition is not
unique (Cloude, 1992; Van Zyl, 1992; Cloude and Pottier,
1996).

The use of the characteristic decomposition of target
covariance (Equation (29)) and coherency (Equation (30))
matrix for incoherent target decomposition was introduced by
Cloude (1986). This was an extension of Wiener’s (1930)
characteristic decomposition of the wave coherency matrix to
the target coherency matrix. Wiener used the characteristic
decomposition of wave covariance matrix for an in-depth
analysis of the eigenvalue spectrum of optic waves. Cloude’s
decomposition was shown to be unique and, in the monostatic
case, breaks the average covariance matrix up to the weighted
sum of three covariance matrices representing three different
single scatterers. Cloude applied his decomposition on the
target coherency matrix in the basis formed by the Pauli spin
matrices and concluded that decomposition can be done using
any four complex matrices that satisfy the constraint of
completeness and normalization (Cloude, 1986; Cloude and
Pottier, 1996; 1997a). Van Zyl (1992) extended Cloude’s work
and applied the decomposition to the target covariance matrix
as the sum of statistical uncorrelated single scattering
represented by the orthonormal covariance eigenvectors. Van
Zyl validated the great potential of the incoherent target
decomposition for analysis and interpretation of forest
scattering using AirSAR data.

The characteristic decomposition of the target covariance
and coherency matrices leads to the same eigenvalues that are
positive and real (Cloude and Pottier, 1996). Both characteristic
decompositions yield orthonormal eigenvectors, which are
used to analyze the eigenvector spectrum (Wiener, 1930;
Gamo, 1964; Cloude, 1986; Cloude and Pottier, 1996; 1997a).
The largest eigenvalue indicates the dominant scattering, and
the importance of one scattering compared to the others is
measured with the target entropy, defined by Von Neumann
(1955) as

n
H =Y —-P log,P, (60)
i=1
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where P; is the normalized eigenvalue P, = A; / 22:1 Ay, and n

is the number of eigenvalues (Gamo, 1964; Mandel, 1963;
Cloude, 1986; Cloude and Pottier, 1996). As pointed out in
Gamo (1964), Cloude (1985), and Cloude and Pottier (1996;
1997a), target entropy is a measure of target disorder, with H =
1 for a completely random target for which all eigenvalues A;
are equal, and H = 0 for a simple target (single scatterer). Target
entropy is used to assess the dominance of a scattering vector
(Cloude and Pottier, 1996; 1997a). If the entropy is low, then
the system is considered weakly depolarizing and the dominant
target scattering component is the eigenvector corresponding to
the largest eigenvalue. If the entropy is high, the target is
depolarizing and the full eigenvalue spectrum should be
considered (Cloude and Pottier, 1996).

Under a reciprocal assumption, Cloude and Pottier (1996;
1997a) introduced the following parameterization of the
eigenvector of the 3 x 3 target coherency matrix [T] in the
target k (Equation (31)) basis:

é = [cos o, sin o cos B exp(jd), sin a sin B exp(jy)]T (61)

where o is referred to as the scattering type (equivalent to the
Kennaugh—Huynen depolarization angle in the case of pure
scattering H = 0) and varies between 0° and 90° (0° for a
trihedral, 45° for a dipole, and 90° for a dihedral); and B
corresponds to the rotation of the scatterer axis about the LOS
and is equivalent to the Kennaugh orientation angle in the case
of pure scattering H = 0. The pair o/H has been used as the basis
for the development of new classification methods introduced
for analysis of polarimetric data (Lee et al., 1999a; Ferro-Famil
et al., 2001). To remove the entropy ambiguity that might
happen for scattering mechanisms with different eigenvalue
distributions but with similar intermediate entropy values, the
anisotropy A was introduced (Cloude, 1997; Cloude and
Pottier, 1997b). This permits the development of a more
effective classification (Pottier and Lee, 1999) based on o/ H/A.
The characteristic decomposition target covariance or
coherency Hermitian positive semi-definite matrices permits an
incoherent target decomposition, since it leads to a
diagonalized matrix with positive real (noncomplex)
eigenvalues (i.e., decomposition into a statistically independent
set of target vectors with no phase information (Wiener, 1930;
Tsang et al., 1985)). This confirms Wiener’s (1930) definition of
characteristic decomposition: ‘“Hermitian matrix transformed
into a diagonal matrix representing a set of completely
incoherent phenomena in the orthonormal set of eigenvectors”.
In addition, the incoherent target decomposition can only be
applied at low resolution scale. For an unbiased estimation of
the ITCD Cloude and Pottier’s parameters, the covariance and
coherency matrices should be estimated over a sufficiently
large window in which the scene and speckle signals are locally
stationary and ergodic (Touzi et al., 1999). Consequently, high-
resolution coherent Kennaugh—-Huynen or SSCM target
decomposition should be applied prior to the incoherent target
decomposition. Incoherent target decomposition is then applied
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in areas of noncoherent scattering, in which coherent target
decomposition is meaningless (Touzi and Charbonneau, 2002).
The tools introduced in Touzi and Charbonneau (2002) can be
used for segmentation of the scene under study into a coherent
class and an incoherent class, in which the CTD and the ICTD
can be applied separately.

Speckle filtering of polarimetric SAR
images
Speckle statistics

One-look polarimetric data are generally provided under the
scattering matrix format. The complex signal backscattered
from each resolution cell is characterized by the p-tuple
scattering matrix vector ¥ of Equation (28), where p = 4 for the
general case and p = 3 for a reciprocal medium (Syy = Syp)-
The statistics of X were derived for the special case of a circular
complex Gaussian process (Goodman, 1963; 1975). The
probability density function (pdf) of ¥ was expressed as a
function of its covariance matrix 3 = E(¥-¥'1) as

1
P13

p(EIS) = cexp(=XT [ %) (62)

Multilook data might be characterized by the covariance
sample [C] of Equation (29), as seen in the section titled
“Target covariance and target coherency matrices”. The
statistics of [C] were derived in Goodman (1963) under the
assumption of a zero mean p-variate complex circular Gaussian
process. Its pdf is the Wishart distribution (Wishart, 1928)
given by Goodman (1963):

[ .1Qk-r
nPPDIL) L T(L - p+1) -1 3IF

p(Cl2) =

x exp(=L - Tr{ 2] - [C]) (63)

where Tr(2) denotes the trace of the matrix 2, and I[C]l is the
determinant of [C].

It is worth noting that the statistics of Equations (62) and (63)
were derived under the condition that the speckle p-tuple vector
X =(Xp,..00X ,,)T is a zero mean complex circular Gaussian
process. This supposes the following (Goodman, 1963; 1975):
(i) each channel polarization, x; for k = 1, p, is a zero mean
complex circular Gaussian process channel, an assumption that
is valid for a fully developed speckle (Tur et al., 1982;
Goodman, 1975; Touzi, 2002); and (ii) the p channels are
jointly circular complex Gaussian processes, meaning that the p
zero mean complex circular Gaussian process should, in
addition, be jointly Gaussian and satisfy the following
conditions:

E(I 1) = EQQQ) (64)
E(L, Q) = —E(Ql)
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where [, and Q, are the real and imaginary parts, respectively,
of x; for k =1, p.

Therefore, the speckle models of Equations (62) and (63) can
only be applied in areas in which the previous conditions for a
circular complex Gaussian process are satisfied. In particular,
the conditions of Equation (64) that need a large sample size to
be realized (Touzi et al., 1999) should be validated. This might
limit the use of these models, and mainly the multilook Wishart
model, to coarse-resolution SAR applications.

Speckle-scene model

Complex multiplicative speckle model

Fully developed speckle might be modeled as a
multiplicative stationary independent zero mean complex
circular Gaussian process that models the scene reflectivity
(Raney, 1980; Touzi, 2002). Under the assumption that the
bandwidth of the signal is small compared with that of the SAR
linear filter, the complex voltage at the output of the system
might be expressed as the product of the complex scene signal
and speckle complex voltage as

0 = ngs (65)

where n, is the speckle process at the input of the SAR system
convoluted by the SAR impulse function (Saleh and Rabbani,
1980). If the pixels impulse response correlation is removed
(Kuan et al., 1985), n_ is a white process, and Equation (65)
represents the so-called complex multiplicative speckle model
(Touzi, 2002). Note that the speckle-scene signal product of
Equation (65) is expressed in terms of a zero mean complex
circular Gaussian speckle signal and the scene complex
reflectivity, whereas the conventional “intensity” multiplicative
model (Lee, 1980; Touzi, 2002) expresses the observed
intensity signal as the product of the intensity of the speckle
circular Gaussian process with the scene intensity signal.

The complex multiplicative model of Equation (65) can be
extended to the vectorial form, as done in Goze and Lopes
(1993) and Touzi and Lopes (1994). The measured scattering
vector O = (Oyy, Oyys Oyps Oyy)' is expressed as the product
of the scene reflectivity vector S = (Sy, Sivs Sy Syy)T and a
diagonal matrix [N] as

O=[N]-§ (66)

with  [N] = Diag(ii,), where i, = (g, gysMyvisyy)
represents the four-channel complex speckle realization vector
(Goze and Lopes, 1993; Touzi and Lopes, 1994). The fact that
speckle is independent from the scene reflectivity signal
permits derivation of the equivalent expression that relates the
observed and scene reflectivity covariance matrices,
Wyl =< 00"> and [We]=< SS'T>, as a function of the
speckle covariance matrix [W,] = < 7., > (Goze and Lopes,
1993; Touzi and Lopes, 1994). This relation was expressed in
terms of the vectorial form W, Wy, and W, of the covariance
matrices as
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W, = [Diag(W,)]- Wy (67)

where [Diag(Wn)] is a p x p diagonal matrix whose diagonal is
equal to Wn (Touzi and Lopes, 1994). This model, referred to as
the polarimetric multiplicative model, was used in Touzi and
Lopes (1994) as the basis for the development of a polarimetric
filter that is applied to the observed covariance matrix, and as
such to the Mueller or Kennaugh matrices. The polarimetric
multiplicative model (Equation (67)) also permits justifying in
Touzi and Lopes that polarimetric speckle filtering should be
completed in terms of speckle and observed signal covariance
matrices, and not in terms of scattering matrices like that of
Novak and Burl (1990), for preservation of the full polarimetric
information.

Product model

The product model, referred to as the doubly stochastic
model (Lewinski, 1983; Touzi, 2002), is currently used in
conventional one-channel SAR imagery to represent
nonstationary observed scene signals. Conditional speckle
intensity is spatially averaged according to a speckle mean
intensity pdf so as to provide an unconditional distribution of
the observed intensity that is stationary in the mean. The same
technique was applied in polarimetry in terms of observed,
scene, and speckle covariance matrices (Yueh et al., 1989;
1991). Under the assumption that texture is independent of the
channel polarization and that speckle is fully developed, Yueh
et al. (1991) derived the following relationship for the observed
covariance matrix (Joughin et al., 1994; Lopes and Sery, 1997;
Oliver and Quegan, 1998):

[(Wol = w[Wy] = w-[W,] (68)

where w is the texture parameter defined in Novak and Burl
(1990) and Yueh et al. (1991) as the ratio of the number m of
scatterers per resolution cell to the average number of scatterers
<m>. [W,], which was referred to as the covariance matrix for a
homogeneous medium (Yueh et al., 1991; Joughin et al., 1994;
Lopes and Sery, 1997), is in fact identical to the covariance
matrix [W,] of the zero mean complex circular Gaussian
speckle process, as noted in Equation (68). The unconditional
multivariate pdf of O can then be written in terms of doubly
stochastic model as

PO) = [ By(Olw - [W,DP,w(0)dwi0), (69)

where PN(6)|W -[W,]D is a multivariate Gaussian pdf of
Equation (62) for (6) with speckle covariance matrix w-[W,]
(Novak and Burl, 1990; Yueh et al., 1991; Joughin et al., 1994).
The scalar product representation of Equation (68) separates
the texture parameter w from the Wishart-distributed speckle
covariance, and as result makes easier the derivation of
observed statistics as a function of the texture a priori model P,,.
If the scene texture w is gamma distributed, the integration of
Equation (69) gives rise to a multivariate K distribution for the
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observed intensity vector (6) (Novak and Burl, 1990; Yueh et
al., 1991).

For a multilook image, Equation (69) might be expressed in
terms of covariance matrices, and the multivariate pdf of [W ]
can then be written in terms of a doubly stochastic model as

PAWoD) = [ Pegun[Wollw - [W, DR, (w(0)dw(® (70)

where Pc,, is the Wishart distribution of Equation (63)
(Joughin et al., 1994; Lee et al., 1994d; Lopes and Sery, 1997;
Oliver and Quegan, 1998). Equation (69) was used in Lee et al.
(1994d), Lopes and Sery (1997), and Oliver and Quegan (1998)
to derive the multivariate K distribution of the observed
covariance matrix for a gamma-distributed scene as a function
of the number of looks of the image under study.

The product model of Equations (69) and (70) assumes that
texture is independent of the polarization channel. Most of the
authors have admitted that such an assumption is valid (Lopes
and Sery, 1997; Oliver and Quegan, 1998). Sheen and Johnson
(1992) and Joughin et al. (1994) showed experimentally, using
polarimetric SAR data, that such a statement might not be true.
Experimental tests completed within forested areas using
polarimetric Convair-580 SAR data demonstrated the
vulnerability of the product model (Beaulieu and Touzi, 1993;
2004). Analysis of the coefficient of variation on the HH, HV,
and VV images revealed significant variations (5%—6%) of the
texture measure with the polarization. The relatively high
resolution (64 cm in azimuth per 5 m in range) of the Convair-
580 SAR permits the demonstration that texture may depend on
the polarization, as should be expected.

In summary, texture might be polarization dependent, and
the validity of the product model should be assessed before the
application of any speckle filtering or classification algorithm
based on this model.

Principle of polarimetric speckle filtering

Speckle filtering remains mainly an estimation problem
whose objective is to retrieve the scene reflectivity from the
observed speckled SAR measurement. Such an estimation
problem should be completed under stationarity and ergodicity
signal conditions so as to provide a meaningful and accurate
estimate of the scene signal (Touzi, 2002). Touzi and Lopes
(1994) were the first to show that speckle filtering should not be
conducted in terms of a scattering matrix. Speckle filtering
should be solved in terms of a covariance matrix, which is then
used to deduce the Kennaugh or Mueller matrix (Touzi and
Lopes, 1994). The unspeckled scene signal covariance should
be extracted from the covariance of the observed signal
estimated within a moving window in which the scene and
speckle signals are stationary and ergodic (Touzi, 2002). The
wave backscattered from the area covered by the processing
window is generally a partially polarized wave and, as such,
should be represented by the Kennaugh or Mueller matrix that
is deduced from the filtered covariance matrix.
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This principle of speckle filtering introduced in Touzi and
Lopes (1994) enables certain filters to be eliminated, such as
the Novak filter (Novak and Burl, 1990), which combines all
scattering vector correlation information into a single quantity,
the scattering matrix. This matrix is not adequate for
representation of the filtered scene received wave, which
should be partially polarized because of the spatial scene signal
variations within the processing window (i.e., target coherence
larger that measurement time, as seen in the section titled “One-
look and multilook SAR data processing”). The Novak
prewhitening filter might be used to facilitate image
interpretation, but results obtained should be considered with
caution because of the eventual loss of polarimetric information.

Product or multiplicative speckle model

Product model filtering

Lopes and Sery (1997) developed a filter based on the
product model of Equations (68) and (70). Under the
assumption that texture is gamma distributed, a maximum a
posteriori (MAP) algorithm is derived for estimation of the
local texture coefficient w. An iterative method is used to
compute both the texture coefficient and speckle covariance
estimate for a given processing window. Speckle was assumed
to be nonstationary, in contrast to the filters in this section
(Touzi and Lopes, 1994; Lee et al., 1999b). Unfortunately, this
filter is of limited application because it has to be limited to
areas in which the product model is valid and the scene signal is
gamma distributed. This means that the filter can only be
applied within areas in which texture is independent of
polarization (i.e., product model’s assumption), and the texture
coefficient w is gamma distributed. In addition, the results
obtained with this filter should be used with caution because of
the eventual presence of a bias related to the MAP estimate
(Lopes and Sery, 1997; Touzi, 2002). This remark can also be
said about the Schou and Skriver (2001) polarimetric annealing
method filter, which should also be limited to homogeneous
areas and textured areas with texture independent of
polarization. Like the one-channel annealing MAP filter
(McConnell et al., 1995; Oliver and Quegan, 1998), this two-
level estimation filter suffers from a bias that depends on
texture, as noted in Schou and Skriver. This bias, which is
obtained at the first iteration of the annealing process, is due to
the small number of independent samples being used to
estimate second-level statistics (Touzi, 2002). Such a bias is not
introduced by the one-level minimum mean square error
(MMSE) filters (Touzi, 2002), which additionally are not
limited by product model validity constraints.

Multiplicative speckle model filtering

All the polarimetric filters developed under speckle
stationarity assumption are an extension of the Lee MMSE
scalar filter (Lee, 1980) introduced in 1980 for one-channel
polarization images. Lee et al. (1991) introduced a vectorial
MMSE filter for speckle reduction of multipolarized SAR
images. Using a tridimensional “intensity” multiplicative
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model, Lee et al. derived the vectorial MMSE filter that
provides an estimation of the intensity vector (ISyyl’, 1Syl
ISyyI?) from the observed measured intensity. Goze and Lopes
(1993) extended the study of Lee et al. to derive a nine-
vectorial MMSE filter for one look image, which provides in
addition to the three-channel unspeckled intensities the three
double products of the complex scattering vector. Touzi and
Lopes (1994) extended the Goze and Lopes one-look MMSE
filter to multilook SAR data. The linear MMSE scene signal
covariance vector was derived, under the target reciprocity
assumption, as

X = EX) + [Cov(X)E((VID[Cov(Y)]™" - [Y — E(VD)EX)I(71)

where Cov denotes the covariance matrix, Y is the 16-
dimensional real vector equivalent to the 10-dimensional
complex observed covariance vector WO, X is the 16-
dimensional real vector equivalent to the 10-dimensional
complex scene vector WS, and [V] is the 16 x 16 real matrix
representation of the 10 x 10 complex speckle covariance
matrix [Diag(W}J] (Touzi and Lopes, 1994). The scene
parameters involved in Equation (71) were derived from
observed averaged local statistics. The multiplicative model of
Equation (66) was used under the assumption that speckle noise
(Touzi, 2002) is stationary and completely polarized. Such an
assumption significantly simplifies filter processing, since
speckle statistics that are constant on the scene need to be
estimated only once. In addition, the speckle information
related to the illuminated scenes, such as the degree of
polarization of the scattered wave, is preserved on the filtered
image (Touzi and Lopes, 1994; Touzi, 2002).

Unfortunately, even though the Touzi and Lopes (1994) filter
appears solid in theory, it suffers in practice from some
implementation problems, which are related to the difficulty in
filtering the cross-product terms. These problems are currently
being solved, and the results will be discussed in a future
publication. Lee et al. (1999b) and Lee and Grues (2000)
circumvented this problem in the so-called POLSAR filter by a
simplification of the multidimensional MMSE to one
dimension. The same linear MMSE derived for conventional
one-channel SAR images (Lee, 1980) is used, and the scalar
estimate is replaced by the covariance matrix as (Lee et al.,
1999b; Lee and Grues, 2000)

Wy = EWy) +b-[W, — EW,)] (72)

The weighting coefficient b is computed using the span image
and is applied to all the elements of the covariance matrix
according to Equation (72). For optimum application of the
stationary MMSE filter within nonstationary conditions (Touzi,
2002), POLSAR is combined with edge detectors that are
applied on the span image (Lee et al., 1999b).

The Lee POLSAR is currently the most used filter for
speckle reduction of polarimetric SAR data. Recently, Lee et al.
(2003) introduced an improved version of POLSAR that takes
into account the scattering information provided by the
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polarimetric information. Freeman and Durden (1998) target
decomposition is first applied to segment the scene in three
scattering categories: double bounce, surface, and volume
scattering. A POLSAR estimate is then computed using only
pixels that belong to the same scattering class. Combining
scattering information with statistical information is a very
interesting idea that should guide the future development of
polarimetric speckle filters.

Classification of polarimetric SAR images

Since 1987, polarimetric SAR data classification has been an
active field of research, and various methods for supervised and
unsupervised classification have been published (Kong et al.,
1987; Lim et al., 1989; Kong, 1990; Van Zyl, 1989; 1992;
Rignot et al., 1992; Touzi et al., 1992a; Pottier and Cloude,
1995; Cloude and Pottier, 1997a; Freeman and Durden, 1998;
Lee et al., 1999a; 2001; Lombardo and Oliver, 2002; Pottier
and Lee, 1999; Ferro-Famil et al., 2001).

Supervised classification

Supervised classifications use training sets for each class that
are selected based on ground-truth maps. Kong et al. (1987)
were the first to introduce a supervised classification method
for polarimetric images. They showed that polarimetric SAR
data with the full amplitude and phase information of the
scattered wave provide improved -classification accuracy
compared with any subset of the polarimetric data. The
multivariate complex Gaussian distribution (Equation (62)) of
the three complex polarimetric components, HH, HV, and VV,
is used to derive the classification distance measure that
optimizes the Bayes likelihood ratio test on one-look SAR data.
The distance measure for the mth class ®,, is given by

d%o,) = ¥TC, %+ InC,| — In[P®,)] (73)

where [C,,] is the covariance matrix of the class ®,, IC,,| is the
determinant of [C,], and P(w,,) is the a priori probability of
class ®,, (Kong et al., 1987; Lim et al., 1989). The feature
vector X is assigned to class ®,, if d(¥, ®,,) < d(¥, o) for all j #
m.

The probability of error for a two-class problem was
calculated (Kong et al., 1987) using the expression derived by
Fukunaga and Krile (1969) for multivariate Gaussian
distributions. The pdf of various single measurements and their
classification distance measure, as well as the corresponding
probability of classification errors, were also derived. Monte
Carlo simulations and polarimetric radar measurements (at
35 GHz) of forest and grass fields permit demonstrating that the
fully polarimetric data yield a smaller probability of error than any
of the errors obtained using the single features [HHI, [HVI, IVVI,
[HH/V VI, IHVI/IHHI, and ¢yy — ¢yv- This leads to the conclusion
that full polarimetric results are optimal and provide better
classification performance than single-feature measurements
(Kong et al., 1987). This result was confirmed by Lim et al.
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(1989) using L-band AirSAR data, and the normalized Bayes
classifier (Yueh et al., 1989; Lim et al., 1989) was applied to
circumvent possible absolute calibration problems. These
supervised classifications are generally applied under the
assumption of equal a priori probabilities for all classes.
Improvement of the normalized Bayes classifier (Yueh et al.,
1989; Lim et al., 1989) performance was completed in Van Zyl
(1992) using a classification with various a priori class
probabilities. Van Zyl classification uses an iterative process
for an optimum matching of the various a priori probabilities of
the scene classes.

The aforementioned maximum likelihood (ML) (Kong et al.,
1987) and normalized ML (Yueh et al., 1989; Lim et al., 1989)
classifiers, however, are only limited to one-look polarimetric
SAR data. Using the covariance Wishart distribution of
Equation (63), Lee et al. (1994b) extended the ML classifier of
Kong et al. (1987) to multilook data. The classification distance
is given for an L-look image by

d(Cl, ®,,) = L[nIC,| + Tr([C,,I"'[CD] - In[P(®,)] (74)

where [C] is the observed covariance matrix sample of
Equation (29), [C,,] is the covariance matrix of the class ®,,
and P(®,,) is the a priori probability of class ®,, (Lee et al.,
1994b). The feature covariance [C] is assigned to the class ®,, if
the distance is the smallest. A special case of the L-look ML
classification distance of Equation (74) is the Kong et al. (1987)
one-look classification distance of Equation (73).

It is worth noting that the a priori class probability P(®,,)
becomes less significant with an increase in the number of
looks, according to Equation (74). Under the assumption that
P(w,,) is the same for all the classes, the distance measure
becomes independent of the number of looks L. Lee et al.
(1999a; 2001) and Lee and Grues (2000) used this argument to
apply the distance measure after application of POLSAR
speckle filtering. This would assume that the filtered image
includes a constant number of looks (independent samples) per
pixel in the whole image. Such an assumption might not hold at
the proximity of edges, where a smaller window is used using
edge-detection techniques for an accurate filter parameter
estimation (Lee et al., 1999b), and the classification of these
pixels should be considered with care.

The use of additional scene a priori information in the
context of a MAP classifier should improve the classification,
as shown in Rignot et al. (1992) for the one-look ML classifier.
Rignot et al. showed that the results obtained using a MAP
classifier improves classification accuracy by 10%-20%
compared with the ML classifier, which assumes equal a priori
probabilities for the classes and no spatial correlation between
the polarimetric measurements.

Unsupervised classification

Unsupervised classification classifies the image automatically
by finding clusters based on a certain criterion. The tight
relation between natural media physical properties and their

399



Vol. 30, No. 3, June/juin 2004

polarimetric features leads to highly descriptive classification
results that can be interpreted by analyzing underlying
scattering mechanisms (Van Zyl, 1989; Touzi et al., 1992a;
Cloude and Pottier, 1997a; Freeman and Durden, 1998; Lee et
al., 1999b; 2001; Pottier et al., 1999; Ferro-Famil et al., 2001).

Van Zyl (1989) was the first to introduce an unsupervised
classification based on polarization properties of each pixel of
the image being analyzed. The relationship between the
orientation angle and handedness of the transmit polarization to
the corresponding parameters of the received wave is assessed
for each pixel and is then assigned to one of the three simple
classes: odd number of reflections class, even number of
reflections class, and diffuse scattering. Illustration of this
classification is presented in Evans et al. (1988) and Van Zyl
(1989) using the San Francisco AirSAR image.

Touzi et al. (1992a) introduced an unsupervised classification
based on the bidimensional scattered wave information provided
by the maximum degree of polarization p,,,, and the dynamic
range of variation of the degree of polarization 8p = py,.x — Prmin-
The maximum degree of polarization p,,, was used to
characterize the type of scattering mechanism, whereas Jdp
provided information related to the complexity of the scattering
(Touzi et al., 1992a). An illustration of the method using the
San Francisco AirSAR image demonstrated a high potential of
the bidimensional scattering classification (Touzi et al., 1992a).

Cloude and Pottier (1997b; 1997a) and Pottier and Cloude
(1995) introduced an unsupervised classification based on
Cloude’s target decomposition theory (Cloude, 1985; Cloude
and Pottier, 1996). The incoherent target decomposition
permits the derivation of a two-dimensional H/o classification
plane, where all random scattering mechanisms can be
represented (Pottier et al., 1999). The H/o plane is subdivided
into eight basic zones characteristic of different scattering
behaviors, and the different class boundaries have been
determined so as to discriminate surface scattering, volume
diffusion, and double-bounce scattering along the o axis and
low, medium, and high degrees of randomness along the
entropy axis (Cloude and Pottier, 1997a; Pottier et al., 1999).
The two-dimensional H/oo classification was improved in
Cloude and Pottier (1997b) and Pottier et al. (1999) using the
additional information provided by the anisotropy A (Cloude,
1997; Cloude and Pottier, 1997b), which is particularly useful
for discriminating scattering mechanisms with different
eigenvalue distributions but with similar intermediate entropy
values (Cloude, 1986; Cloude and Pottier, 1997b; Pottier et al.,
1999).

Freeman and Durden (1998) introduced an unsupervised
classification based on a three-component scattering model
they developed. The components of the scattering matrix are
analyzed to assign each pixel to one of three scattering
categories: first-order bragg surface, double-bounce scattering,
and volume scattering. The method, which was validated
successfully using AirSAR data (Freeman and Durden, 1998),
was recently integrated in speckle filtering (Lee et al., 2003)
and classification (Lee et al., 2002b; 2004) algorithms,
resulting in improved performances.
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Combination of supervised and unsupervised
classifications

Combination of the unsupervised and supervised
classification techniques appears to be very promising, as
shown in Lee et al. (1999a; 2002b). Lee et al. (1999a)
introduced a combination of the H/o classification with their
supervised Wishart ML classifier (Lee et al., 1994b) of
Equation (74). The H/o classification is first applied to form
training sets as input for the ML classifier of Equation (74). The
classified results are then used as training sets for the next
iteration using the ML classifier method. Significant
improvement in each iteration has been observed. The iteration
ends when the number of pixels switching classes becomes
smaller than a predetermined number, or when other
termination criteria are met. This method was successfully
applied for ice classification in Scheuchl et al. (2003). Lee et al.
(2002b) also introduced a combination of the Freeman and
Durden (1998) unsupervised classification with the Wishart
ML classifier of Equation (74), which leads to interesting
results (Lee et al., 2002b; 2003).

All of the aforementioned methods currently used for
classification of polarimetric SAR images are based on
multivariate complex Gaussian or Wishart models. Such
distributions may not be suitable for textured areas, and the
classification based on these models might be less effective
when texture is present. Texture models such as the multivariate
K-distribution model, which was derived using the product
model for a gamma-distributed scene (Lee et al., 1994d; Lopes
and Sery, 1997), as discussed in the section titled “Product
model”, might be integrated in the classification process for
better performance. The integration of the K model in the ML
likelihood segmentation technique of Beaulieu and Touzi
(2004) improves the results compared with those from the
Wishart and Gaussian model based segmentation, as shown in
Beaulieu and Touzi.

Conclusion

With all the upcoming satellite polarimetric SARs, such as
RADARSAT-2, ALOS-PALSAR, and TerraSARs, radar
polarimetry will start a new era with a wider set of available
polarimetric SAR data in X-, C-, and L-bands. The potential of
polarization information for target characterization depends
strongly on the tools used for information extraction. The
parameters of scattered and received partially polarized waves
that were mainly used in the 1990s (Evans et al., 1988;
Kostinski and Boerner, 1988; Van Zyl et al., 1987b; Touzi et al.,
1992a) should still be investigated as potential sources of
information, in addition to the parameters issued from
incoherent target decomposition theory (Cloude and Pottier,
1997a). High-resolution SAR coherent target decomposition
should be applied prior to incoherent target decomposition
within areas in which the coherent nature of the scattering is
validated (Touzi and Charbonneau, 2002). The large window
size required for an accurate estimation of target covariance and
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coherency matrices might limit the incoherent target
decomposition to coarse-resolution applications. Speckle-
scene modeling needs more investigation. The product model
currently in use is only limited to texture that is independent of
polarization, and a more general model that takes into account
polarization texture dependence is needed. This would permit
the development of more effective tools for polarimetric speckle
filtering and image classification and segmentation. Further
theoretical and experimental investigations using airborne and
satellite  polarimetric SAR data and scatterometer
measurements are needed for a better comprehension of the
physical meaning of the various target and backscattered wave
parameters. This would suppose that the polarimetric satellite
SAR data, which will soon be extensively available, are well
calibrated for meaningful polarization information extraction.
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