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Abstract
In this paper we have proposed a model-based decomposition for sea ice scenes consisting of the extended X-Bragg
model and a volume component consisting of randomly oriented scattering elements with a free shape parameter. We
have applied a heuristically derived algorithm for retrieving the parameter models from observations. The accuracy of
the retrieved model parameters are evaluated using a simulated test image.

1

Introduction

Sea ice is an inhomogeneous medium composed of several constituents; an ice background, brine inclusions, air
bubbles, and solid salt [1]. Experimental observations of
electromagnetic backscatter from sea ice show clear evidence of depolarization. This may be related to multiple
scattering effects in rough and heavily deformed ice, or
volume scattering from brine channels or impurities below the ice surface. The relative contributions of rough
surface scattering, specular reflections, volume scattering and multiple scattering processes depend on thickness, degree of deformation, size of deformed structures,
amount of snow on the ice, salinity and compactness of
the ice fragments [2]. In this paper, we will investigate
an alternative decomposition model, which only includes
surface and volume scattering components.

2

Non-negative eigenvalue decomposition

the Freeman Durden decomposition [4], but guarantees
positive power of the decomposed coherency matrices.
The decomposition assumes the multilooked coherency
matrix as the summed contribution of three scattering
mechanisms: surface, double-bounce, and volume scattering, i.e.
T = Fs Ts + Fd Td + Fv Tv ,

The components are found by first considering the volume matrix modelled as:


1+ρ
0
0
1 
0
1−ρ
0 .
(4)
TV =
3−ρ
0
0
1−ρ
This assumes randomly oriented scattering elements described by a shape parameter ρ. The shape parameter
takes values between ρ = 1/3, corresponding to cylindrically shaped scatterers, to ρ = 1, corresponding to
spherically shaped scatterers. The volume contribution
is subtracted from the full coherency matrix:
Tr = T − Fv Tv

We will use the three-component non-negative eigenvalue decomposition (NNED) as a reference decomposition and include a brief description of this method in
this section. In the 3-dimensional Pauli representation,
the scattering vector is, under the reciprocity assumption,
defined as
1
kP = √ [SHH + SV V , SHH − SV V , 2SHV ], (1)
2
where the square-root factor is used to keep the total
backscattered power constant. In the corresponding multilook PolSAR image, each pixel is represented by a 3×3
coherency matrix T , which is a nonnegative definite,
Hermitian matrix. If we addtiontially assume reflection
symmetry, the coherence matrix will be of the form


T11 T12
0
∗
T22
0 
T =  T12
(2)
0
0 T33
The non-negative eigenvalue decomposition has been
successfully applied to analyze polarimetric data of forest [3]. The decomposition produces similar results as
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(3)

(5)

where Fv is chosen such that the eigenvalues of the remaining Tr are minimized yet kept positive. The single
and double bounce contributions are then found by an
eigenvalue decompositions:
Tr = λ1 T1 + λ2 T2 + λ3 T3

(6)

where the first and second components are assumed to
represent either double or single bounce scattering. They
are distinguished by their respective copolarized phase
difference: if it is less than π/2 the component is assumed to be single bounce and otherwise double bounce.
Figure (1) shows an example of the NNED of an AIRSAR sea ice scene from the Beaufort Sea in C- and Lband.

3

An alternative model

The above discussed decomposition decomposes the
measured coherency matrix into a surface component,
which we will assume as Bragg scattering component
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Figure 1: Upper: Example of NNED decomposition an AIRSAR sea ice scene from the Beaufort Sea. The colorcoding display fraction of contributions from surface (blue), double-bounce (red) and volume (red) scattering. The
areas of highest surface backscatter are first-year ice, whereas the green areas are multi-year ice. The shape parameter
is here set to ρ = 13 . Lower: same as upper panel, with ρ = 23
.
Ts , a smooth dihedral reflection component, Td , and
volume component of randomly oriented scattering elements, Tv . The challenging part is the volume component. Tv is dependent on how the shape of the scattering
elements are modeled, and on their orientation distribution [5]. Various alternative volume scattering models
have been proposed in the literature (see. e.g. [6, 5, 7].
For sea ice backscattering it is anticipated that depolarization can be caused by surface effects related to rough
and highly deformed ice, as well as by volume type scattering from brine inclusions and inhomogenities inside
the ice column. From previous analysis of polarimetric decomposition of sea ice scenes, we have seen that
the power of the double bounce component often is an
order of magnitude below the contribution from surface
and volume scattering, and that high double bounce is
restricted to isolated features. This is clearly the case in
Figure (1),upper panel, where the red is not discernible
in the color image. The component histograms also show
that the relative power of the double bounce is very low
compared to the surface and volume components. We
will therefore in this paper disregard double bounce scattering, and explore a model for the scattering coherence
matrix, which only has two terms, i.e.
T = Fs Ts + Fv Tv ,

(7)

and where the surface component also can contribute to
depolarization. A previously introduced surface scattering model, which has this property, is the extended Bragg
model, or the X-Bragg model, described by Hainsek et
al. in [5]. In the X-Bragg model the coherence matrix is
given in the form of


1
γ∗
0
1
 γ f1 (δ)
0 ,
TXB =
(8)
1 + |β|2
0
0
f2 (δ)
where γ = β ∗ sinc(2δ), f1 (δ) = 12 |β|2 (1 + sinc(4δ)),
and f2 (δ) = 21 |β|2 (1 − sinc(4δ)). This model assumes
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a reflection symmetric depolarizer, where the Bragg coherency matrix is rotated in the plane perpendicular to
the scattering plane, and the TXB is obtained as an average over the surface orientation angle distribution, assuming a uniform probability density function. The angle δ is here a measure of the width of this distribution,
and should account for the amount of deformation of the
scattering surface. A smooth surface, on the scale of the
radar wavelength, should have δ close to zero, whereas
a deformed ice surface should have a large δ. The β parameter is given as:
β=
where
Rhh

Rhh − Rvv
,
Rhh + Rvv

(9)

p
ε − sin2 θ
p s
,
=
cos θ + εs − sin2 θ
cos θ −

and
Rvv =

(εs − 1)(sin2 θ − εs (1 + sin2 θ))
p
,
(cos θ + εs − sin2 θ)

and θ is the incidence angle of the radar wave.
Combined with the X-Bragg surface scattering model,
we will assume the volume scattering coherence matrix
to be given in Eq.(4). The volume model assume randomly oriented scattering elements described by a shape
parameter ρ. The shape parameter takes values between
ρ = 1/3, corresponding to cylindrically shaped scatterers, to ρ = 1, corresponding to spherically shaped
scatterers. It is noted that model we impose on the
T-matrix has two contributions to the cross-polarzation
power term, i.e T33 . In total the model has 5 unknowns,
Fv , Fs , β, δ, ρ, but only 4 independent equations to solve
for the parameters. In previous applications of the XBragg model, authors have assumed one parameter fixed,
and the solved for the others. We will propose an alternative solution, as described below.
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3.1

Model parameter equations

The system of equations is under-determined. Hence, in
order to obtain a solution for all the parameters we need
to make some constraining assumptions. If we for example assume that the δ-parameter is given, the value of the
other parameters can be determined by solving the equations using the individual matrix elements. The solutions
are listed below:
ˆ = |T (2, 2) − T (3, 3)| ,
|β|
cos2δ |T (1, 2)|

(10)

∠ β̂ = ∠ T (1, 2),

(11)

F̂s =

|T (1, 2)|(1 + |β̂|2 )
|β̂| sinc(2δ)

,

(12)

F̂v = 1 − F̂s ,
ρ̂ =

(3 ∗ S + (2 − |β̂|2 ) F̂v )
(S + (2 + |β̂|2 )F̂v )

(13)
,

(14)

where S = |β̂|2 (T (1, 1) − (T (2, 2) + T (3, 3)), and
T (i, j) refers to the (i, j)-th term of a measured coherence matrix.

4

Experimental analysis

In many decomposition methods, one has to assume a
value for one parameter, in order to retrieve the others.
Guessing a value is not always straight forward, and an
erroneous guess for an assumed fixed parameter may lead
to large errors in the subsequent solutions for the others. Fig.(1) shows two NNED-decompositions of a sea
ice scene with two different guesses for the the shape
parameter, ρ = 1/3 in the upper panel, and ρ = 2/3
in the lower case. The result shows that the value of ρ
greatly affects the relative distribution among the scattering components. In the latter case, the volume component seems to be highly over-estimated. The parameters
of the model in Eq.(8) carries geophysical information,
which, if provided with a reliable inversion algorithm,
would give important information about the sea ice conditions. From β we would get the dielectric constant, and
from δ we would get information about roughness.
As noted in Section (3.1), the decomposition model in
Eq.(8) is under-determined. We need to solve for 5 parameters, but have only 4 equations. Due to the ’speckly’
nature of polarimetric SAR data, the parameter solutions
will vary from pixel to pixel. As an initial heuristic
approach to circumvent the problem of having too few
equations, we do the following: We apply an averaging procedure, where within a large window around each
pixel, we use Eqs. (10)-(14) to calculate a squared error,
between the mean matrix T̄ and the model, as function
of δ, and search for the δ-value that minimizes this error. The error-function will not have a unique minimum,
but have a bounded, flat bottom region in the δ-space.
The annealing properties of the minimization algorithm
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appear to find a reasonable estimated value for δ̂, as indicated in Fig.(2). The other parameters are then solved by
using δ̂ in Eqs. (10)-(14).
To test the ability of this method to recover the correct
model parameters from the decomposition of an image,
we have constructed the test image illustrated in Fig.(2),
upper panel. The five striped images show from left to
right: The discrete variation pattern associated with Fs ,
Fv , δ, ρ, and B = |β|2 . The color bar on the right-hand
side of each sub-image displays the values of each parameter. As seen, Fs increases in 6 steps from left to
right, and Fv decreases always such that Fs + Fv = 1. δ
decreases in 3 steps from top to bottom, whereas ρ alternates between a medium value and a high value. B has
2 values, a low to the left and a higher to the right.. The
parameters have been chosen to cover ranges considered
realistic for a sea ice scene.
The lower panel of Fig.(2) show the estimated parameters. The coloring has been chosen identical to the test
image, to indicate where the algorithm gives correct values, and where it goes wrong. As can be seen, the algorithm does a fairly good recovery of the model parameters. We note that there are some variations due to
speckle. We also note that δ is noise when the surface
component is low, as should be expected, and that the ρparameter is noisy when the volume component is low,
which is also reasonable.
We also applied the proposed method to decompose the
AIRSAR sea ice scene from the Beaufort Sea Fig.(1).
The results for Fs , Fv , and δ are shown in Fig.(2). As
can be clearly seen, the result is not correct for Fs and
Fv in comparison to the NNED. The surface component
seems too low for the first year ice in the right-hand side
of the image (see reference method Fig.(1), upper panel),
and here the volume component is way to high. On the
other hand, the δ component is showing a realistic pattern.

5

Conclusion

We have proposed a two-component model for decomposing polarimetric sea ice scenes into a surface component and a volume component. For the surface component we use the extended X-Bragg model, which allows to take roughness into account, and for the volume
component, we assume randomly oriented scattering elements with a free shape parameter. We have also proposed a heuristic algorithm for retrieving the model parameter from data. Using a simulated test image, we have
investigate the accuracy able of the retrieved parameters.
Whereas the results for the test image seems satisfactory,
the results for a real sea ice scene seems to be wrong.
The relative balance between surface and volume scattering is not realistic. This indicates that the proposed
model has shortages that needs to be studied more carefully. Future research will address both the feasibility of
the model, and look at methods to find unique solutions
for the parameters.
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Figure 2: Upper: Test image which shows from left to right a discrete pattern of variation in the model parameters
Fs , Fv , δ, ρ, and B = |β|2 . Lower: Recovered model parameters using a heuristic error-minimization algorithm.

Figure 3: Decomposition of an AIRSAR sea ice scene from the Beaufort Sea using the proposed method.
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