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Abstract—Polarimetric decompositions are used to separate
scatterers and identify their physical parameters by analyzing
backscattering, coherence, or covariance matrices. Each cell within
polarimetric synthetic aperture radar data is seen as a coherent
or incoherent combination of different scattering mechanisms.
However, targets are not perfectly characterized by these matrices
due to the presence of noise components. The main objective of
this study is to remedy the latest issue through proper noise effect
elimination. Hence, we propose the reestimation of the coherence
matrix, by incorporating a processing phase that searches for the
number of elementary scattering mechanisms in each cell. This
first step is based on the eigenvalues, which exploit the advantage
of polarization basis independent of the eigenvectors. In the sec-
ond step, a reduced space is defined by the eigenvectors selected,
according to the cases of the first step, as those contributing to the
construction of the target, excluding those judged to contribute to
noise. The characteristic vector and the coherence matrix of the
average target are then reconstructed in this new space in three
different ways: summation of the elementary coherence matrices,
applying Bernoulli’s probability law, and orthogonal projection
on the reduced space. Finally, the Freeman–Durden polarimetric
decomposition and theH–αWishart classification are used to show
the effectiveness of the process in terms of dominant scattering
mechanism identification. Their application on simulated data and
on fully polarized RadarSat-2 images of the city of Algiers attests
to the performance of the proposed methodology to improve the
identification of dominant scattering mechanisms.

Index Terms—H–α plane, polarimetric decomposition, polari-
metric parameters, polarimetric synthetic aperture radar
(PolSAR), spectral decomposition.

I. INTRODUCTION

SYNTHETIC aperture radar (SAR) constitutes a powerful
measuring tool due to its all-weather all-time imaging capa-

bility, allowing a better comprehension of our surroundings [1].
Polarimetric SAR (PolSAR) data are analyzed in order to under-
stand the scattering mechanisms better and extract the physical
characteristics and the targets’ structure. The radar signal can
be perceived as a coherent or incoherent addition of elementary
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scatterers within a resolution cell. The resulting target is then said
to be coherent or incoherent and is represented by a scattering
matrix for the first case and by a coherence or covariance matrix
for the second [2].

Several works have been carried out with the aim of separating
these scatterers and identifying the dominant scattering mecha-
nism using polarimetric decompositions on averaged covariance
or coherence matrices. The polarization bases of those matrices,
obtained by employing different canonical components or eigen-
vectors, provide different outcomes and make the decomposition
nonunique. Among the possible solutions, eigenvectors have
the advantage of being base independent, making their based
decomposition unique. It assumes the presence of three uncor-
related and at best statistically independent elementary targets,
each represented by one of the eigenvectors and its probability of
presence and contribution in the pixel by its corresponding nor-
malized eigenvalue. This technique aims to extract uncorrelated
or statically independent targets and represent the original data
as a linear combination of these sources. The issue is that the
elementary extracted scatterers do not always have geometrical
interpretation, unlike the decomposition based on a physical
model [2], [3]. The interested readers may refer to [4], [5], [6],
[7], and [8] for more details.

In this context, Cloude and Pottier [9] used roll-invariant
parameters based on eigenvalues and eigenvectors of the mean
coherence matrix to give an interpretation of the dominant scat-
tering mechanism. They reconstruct an average target, consid-
ered as a pure target and represented by a mean unit target vector,
with the assumption that there is always a dominant average
scattering mechanism. As a final step, the authors classify the
related scattering mechanisms identified as the dominant ones
using the defined H–α plane. On the other side, the Huynen
decomposition introduced the concept of the single target plus
noise model, which is inspired by the decomposition theorem.
The latter consists of a backscattered wave to a fully polarized
wave corresponding to a pure target and a randomly polarized
or completely depolarized wave representing a noise term [10],
[11], [12]. The noise part in this case is extracted by the
roll-invariant property. However, this decomposition has the
disadvantage of being limited to targets presenting negatively
correlated horizontal and vertical copolarized channels [3]. This
assumption may not hold for all types of targets or under all
conditions. An extension of this decomposition has been estab-
lished by Cloude and Pottier [11], Holm and Barnes [13], and
Yang et al. [14].
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Similarly, Cloude [15] used the largest eigenvalue to identify
the dominant scattering mechanism, and the results led to the
ones proposed by Huynen [16]. Correspondingly, the authors
in [13] and [17] raised the nonuniqueness property of the de-
composition and used the three eigenvalues. Each one offers a
different decomposition of the coherence matrix to an equivalent
single target and a noise term. The decomposition with the first
eigenvector meets Huynen’s and Cloude’s decompositions [10].
Then, Holm and Barnes [13] proposed a hybrid approach,
combining an eigenvalue analysis, providing invariance under
unitary transformations, with the concept of the single target
plus noise model of the Huynen approach. The coherence matrix
is decomposed into three components: a pure target that is an
average target representation, a variance of the target from its
average representation, and a noise term.

All the abovementioned methods do not take into considera-
tion the number of scattering mechanisms forming the resolution
cell. Therefore, the primary objective of our study is to intro-
duce a new way of determining the mean target and noise in
fully polarized SAR imagery by first identifying the number of
elementary scattering mechanisms present in the resolution cell.
Our operational motivation is to improve the interpretation and
extraction of physical characteristics and structures from SAR
data. To reach the desired outcome, the four-step process we
followed can be summarized as follows.

1) Principal component analysis has been used since it gives
roll-invariant and orthogonal components that represent
the elementary scattering mechanisms of a more general
complex target.

2) Parameters based on these eigenvalues are then calculated
to distinguish the components that contribute to the pure
target from the ones related to the noise contribution.

3) The characteristic vector of the mean target or its co-
herence matrix is reconstructed on a reduced space con-
structed by the eigenvectors selected in the previous step,
in three ways, namely, by assuming a Bernoulli’s distribu-
tion on the reduced space, by carrying out an orthogonal
projection (OP), and by carrying out a summation of
elementary matrices.

4) A Freeman–Durden decomposition is performed, an RGB
representation is displayed, and the dominant scattering
mechanism is identified using the H–α plane for each
reconstructed matrix.

The rest of this article is structured as follows. The basics of
PolSAR concept are briefly introduced in Section II followed
by a short description of the mathematical development behind
the H–α plane concept. Section III is devoted to the represen-
tation of our proposed method. In Section IV, the experimental
results obtained by applying our method are reported, and a
fruitful discussion on its performance in comparison with some
state-of-the-art methods is presented as well. Finally, Section V
concludes this article.

II. BACKGROUND

A. Basics of PolSAR

Quad-Pol SAR systems transmit horizontally (H) and ver-
tically (V ) polarized electromagnetic waves, which can be

approximated by a plane wave. Once they reach and then in-
teract with the target, the sensor receives their echoes in both
polarizations (H and V ) [18]. The scattering matrix, also known
as Sinclair matrix, describes the scattering properties of a target
in terms of how it affects the polarization states. It is a 2× 2
complex matrix whose elements depend mainly on the carrier
frequency, the incident angles along with the targets’ geometry,
and materials. It can be expressed as [3]

S =

[
SHH SHV

SV H SV V

]
. (1)

STR represents the complex scattering coefficient for the signal
transmitted in T polarization and received in R polarization.
The diffusion matrix can be vectorized in different ways, in
order to simplify mathematical data processing and enhance its
interpretation. The most common forms are lexicographic (kL)
and Pauli-based (kp) representations.

When the transmitting and receiving antennas are colocated,
in the case of spaceborne sensors operating in monostatic mode,
the reciprocity property can be verified by stating that SHV =
SV H . Thus, the scattering matrix is symmetric, and the scattering
vector representations can be simplified as follows [3]:

kL =

⎡
⎢⎣ SHH√

2SHV

SV V

⎤
⎥⎦ (2)

and

kp = 1/
√
2

⎡
⎢⎣SHH + SV V

SHH − SV V

2SHV

⎤
⎥⎦ . (3)

The scattering matrix is not sufficient to analyze and identify
the noncoherent targets, resulting from incoherent additions of
elementary scatterers within a resolution cell [2]. Indeed, the ex-
tended targets, the targets located in a dynamic environment and
subject to spatiotemporal variations, require second-order mo-
ments in coherence or covariance matrices to be described [12],
[19]. Furthermore, the averaging process in spot or multilook
filtering, necessary to reduce the randomness of polarimetric
variables, leads to the concept of distributed target [20].

The coherence matrix T is built from the Pauli vector, while
the covariance matrix C is built from the lexicographic vector
according to

T = 〈kpkp
H〉 (4)

C = 〈kLkL
H〉 (5)

where (·)H and 〈·〉 represent the conjugate transpose and tem-
poral or spatial averaging, respectively.

The coherence matrix can be written according to the covari-
ance matrix through the following linear transformation [3]:

T = ECET . (6)
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In the monostatic case, E is written as follows:

E = 1/
√
2

⎡
⎢⎣1 0 1

1 0 −1

0
√
2 0

⎤
⎥⎦ . (7)

Under the assumption of homogeneity, the coherence matrix
can be estimated by the maximum likelihood estimator, also
referred to as a multilook filter, as follows:

T =
1

n

n∑
i=1

kp(i)kp
H
(i) (8)

wheren is the number of looks andkp(i) denotes the ith one-look
sample vector.

Note that, in practical applications, the coherent average of
the two cross-polarized channels is used in place of the single
channels [3], leading to a three-channel PolSAR image. How-
ever, this approximation can be done only if reciprocity arises
[21], [22].

B. H–A–α Decomposition and H–α Plane

Cloude and Pottier [9] proposed a method for extracting the
mean target using eigenvectors because of their basis invariant
property. The coherence matrix was used to describe a nonco-
herent target. The aim is to be able to write this matrix as the
outer product of a single target k0 with [3]

T3 =
3∑

i=1

λiviv
T
i = k0k0

H
. (9)

The ith eigenvector of the averaged coherence T3 matrix has
been parameterized for a medium without azimuthal symmetry
as follows:

vi = exp(jφi)

⎡
⎢⎣ cos (αi)

sin (αi) cos (βi) exp (jδi)

sin (αi) sin (βi) exp (jγi)

⎤
⎥⎦ . (10)

Considering a statistical model as a three-symbol Bernoulli
process, the characteristic vector of the mean target, v0, is
described by the unit vector of the same form as (10), with the
mean values of the various parameters defined as

α =

3∑
i=1

piαi; β =

3∑
i=1

piβi; γ =

3∑
i=1

piγi; δ =

3∑
i=1

piδi

with pi =
λi

3∑
i=1

λi

. (11)

The mean target is then defined by

k0 =
√

λv0 with λ =

3∑
i=1

piλi. (12)

Once a model of the average target had been defined, an H–α
plane was introduced to identify the dominant scattering mecha-
nism (see Fig. 1). In fact, three roll-invariant parameters, i.e., en-
tropy, anisotropy, and mean alpha angle, were used. The entropy

Fig. 1. H–α plane [3].

H measures the randomness of the scattering [7] and describes
the purity of the scattering [23]. H = 1 (λ1 = λ2 = λ3 = 1/3)
corresponds to a random scattering mechanism, andH = 0 (sin-
gle eigenvalue case) corresponds to a unique scattering mecha-
nism, while the alpha angle (0◦ ≤ α ≤ 90◦) constitutes the main
parameter for identifying the type of the dominant scattering
mechanism [3], [23]. Moreover,α ≈ 0◦ denotes dominant Bragg
scattering (odd bounce scattering), while α ≈ π/4 indicates the
presence of dipole structure (dominant volume scattering) and
α ≈ π/2 indicates the presence of dihedral structures (dominant
double bounce scattering).

To overcome the misclassification occurring due to the same
H for different eigenvalues, the anisotropyA parameter has been
introduced. Their respective formulas are

H =

3∑
i=1

−pi log3(pi) and A =
λ2 − λ3

λ2 + λ3
. (13)

Comprised between 0 and 1,Ameasures the relative importance
of the second and third eigenvalues of the coherence matrix [3],
[7]. This parameter can be employed as a source of discrimina-
tion only when H > 0.7. This is due to the fact that for lower
entropies, the SAR system noise highly affects the values of the
second and third eigenvalues [19].

Furthermore, different descriptors corresponding to the dif-
ferent combinations between H and A images have been pro-
posed to distinguish between different types of scattering pro-
cesses. The single scattering mechanism is represented by P1 =
(1−H)(1−A), the random scatterers by P2 = H(1−A), the
scatterers with two scattering mechanisms with one dominant
and a second with medium probability by P3 = (1−H)A,
and the scatterers with two scattering mechanisms with same
probabilities by P4 = HA [24].

In [25] and [26], the classification of dominant scattering
mechanisms in PolSAR images is formulated as a multiple-
hypothesis test solved through the use of model-order selection
rules. Moreover, Biondi et al. [27] classified dominant polar-
izations in PolSAR images, extending the dominant eigenvalue
classification scheme proposed in [25] by integrating reduced-
size classifiers based on model-order selection rules [28].
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III. PROPOSED METHOD

The multidimensional covariance matrix is considered the
best descriptor in the data science framework. Similarly, in
PolSAR, it constitutes a power-domain representation of the
scattering properties. Its estimation, however, can be challeng-
ing, particularly in the case of heterogeneous areas, where a
variety of scatterers having distinct material properties, ele-
vations, and orientations are present. Two different strategies
can be performed to estimate the covariance matrix: the local
and nonlocal approaches [29]. While the former exploits the
information contained only on the neighbors located close to
the pixel of interest, the latter exploits the information available
on all the pixels with a certain degree of similarity.

From a mathematical perspective, the Pauli vector, whose
components represent the surface, dihedral and volume
backscattering, is used to process the coherence matrix. The use
of the coherence matrix instead of the covariance matrix helps to
better distinguish the three basic elementary scattering mecha-
nisms, knowing that its diagonal elements represent their power
and that the off-diagonal elements represent their covariances.

The coherence and covariance are both positive-semidefinite
Hermitian matrices (namely, C∗

ji = Cji and Tij = T∗
ji), and

their real nonnegative eigenvalues are the same, but their eigen-
vectors are different. The coherence matrix expression formula
is given by

T =

3∑
i=1

λiviv
H
i = VΛVH (14)

where V and Λ account for the eigenvectors’ matrix whose
column vectors are orthogonal to each other (i.e., vH

i vj = 0
when i 	= j) and the eigenvalues’ matrix whose diagonal ele-
ments are the corresponding eigenvalues λi in ascending order
(λ1 ≥ λ2 ≥ λ3 ≥ 0), respectively.

By taking advantage of the spectral decomposition unique-
ness, we propose to calculate two metrics based on the eigenval-
ues of the coherence matrix known by its mathematical orthog-
onality. In fact, their behavior can be analyzed in an attempt to
control the pertinent properties to be preserved. Then, a cutoff
threshold Th relative to the purity of the pixels is applied in order
to distinguish and identify the case scenarios: single scattering
mechanisms, scatterers having mixed mechanisms, and random
scatterers. The determination of the threshold is related to the
cumulative percentage of variance to be outpaced. Depending
on the data’s particularity and the application’s requirements,
practical cutoff levels are mainly in the range of 70–95% of the
total variation cumulative percentage [30]. The proposed metrics
can be formulated as follows:

metrick =

k∑
i=1

λi

λ1 + λ2 + λ3
. (15)

Note that k can be equal to 1 or 2, and that metrick > Th should
be satisfied.

The role of Th consists of determining the suitable amount
of valuable information without serious loss. According to
the literature, only subjective methods are disposable, and no

evaluation technique exists [31]. In these circumstances, a test-
ing procedure was established, and the most appropriate value
was selected. It corresponds to the mean ratio of the pixels
where the average value of the three eigenvalues was greater
than 75% of its average over the whole image. In our study, this
value was found to be 0.92. In the following, scattering events’
identification can be carried out as follows.

1) If the number of retained components is equal to 1 (k = 1),
it means that the target–wave interaction within the reso-
lution cell shows the same behavior ⇒ single scattering
mechanism.

2) In case the maintained elements are 2 (k = 2), the objects
within the pixel of interest are exhibiting two distinct
behaviors ⇒ mixed scattering mechanism.

3) The remaining case scenario involves targets with arbi-
trary behaviors ⇒ random scattering mechanism.

Once the identification phase has been completed, the next
step is to reconstruct the mean target vector or coherence matrix
from the selected k components. To this end, we have pro-
posed three distinct ways: elementary summation (ES), modified
Bernoulli (MB), and OP. The first one consists of reconstruct-
ing the average coherence matrix by summing the elementary
matrices as follows:

T̃ES =

k∑
i=1

λiviv
H
i . (16)

The second way consists of considering a statistical model
similar to the Bernoulli process with the identified number of
scattering mechanisms k instead. The characteristic vector of
the mean target kMB is then described by

kMB =
√

λvMB with λ =

k∑
i=1

piλi. (17)

Notice that vMB is a unit vector of the same form as that in
(10), with average values of the different parameters of (11) with
a difference in the number of summed components, namely k
instead of 3. The calculation of the mean values becomes in this
case

α =

k∑
i=1

piαi, β =

k∑
i=1

piβi, γ =

k∑
i=1

piγi, δ =

k∑
i=1

piδi

with pi =
λi

k∑
i=1

λi

. (18)

This mean vector is then used to reconstruct the coherence
matrix.

T̃MB = kMBk
H
MB (19)

The third way consists of reconstructing another characteristic
vector by OP of the Pauli vector on the reduced plane constructed
by the retained eigenvectors. The OP of the vectorkp onto an or-
thonormal basisU = [v1, . . . ,vk], where eachvi, i = 1, . . . , k,
is a base vector given by the formula:

projU(kp) = U(UHU)−1UHkp. (20)
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Fig. 2. Block diagram of the proposed method.

If projected onto the eigenvector basis of the coherence ma-
trix, which is a Hermitian matrix, the eigenvectors are orthogonal
and thus satisfy the following condition:

U−1 = UH . (21)

The projection is then written as

kOP = projU(kp) = UUHkp (22)

and

T̃OP = kOPk
H
OP. (23)

This OP preserves distances and angles. On the reduced space,
U is a 3 × k matrix, so UUH is a 3 × 3 one.

To sum up, the fundamental steps followed during our pro-
posed processing are summarized in the flowchart of Fig. 2.
In fact, after a calibration of the polarimetric data and speckle
filtering phase, we procured a local spectral decomposition of the
coherence matrix, in order to calculate the proposed metrics from
the trace of the eigenvalues’ matrix, as described above. After
an adequate identification, we reconstruct the coherence matrix
according to three distinct ways (ES, MB, and OP) in an effort
to identify the number of elementary scattering mechanisms
present in a single cell relative to the purity threshold established.
The validation by Freeman–Durden decomposition and H–α
space constitutes the final step. The latter can be achieved by a
Wishart classification, where each single pixel is assigned to the
class whose center minimizes the Wishart distance calculated
between the reconstructed coherence matrix T̃ and the latest
class center Ti, i = 1, . . . , 8. Note that, for the eight possible

classes, Ti is computed using the subsequent formula

Ti =

Ni∑
j=1

T̂SCM(j) (24)

where Ni and T̂SCM(j) account for the number of pixels as-
signed to the class i and the coherence matrix of the jth resolu-
tion cell on the class in question, respectively.

IV. RESULTS AND DISCUSSION

In this section, the performance of the proposed strategies
for dominant scattering mechanism identification is assessed. In
particular, to evaluate the effectiveness of various techniques,
both simulated and real PolSAR data are considered.

A. Simulated Data

To quantitatively evaluate the effectiveness of the pro-
posed framework, a simulating scenario is herein consid-
ered. It consists in generating the coherence matrix of mixed
scattering mechanisms, by combining different contributions
as, av , and adb representing the Bragg surface, oriented dipole,
and dihedral scatterings. They are expected to be classified,
respectively, as class 3, class 2, and class 1 in theH–α plane, and
represented by the Yamaguchi models in [7] asTs, Tv , and Tdb,
ensuring a dominant mechanism, as follows:

T = asTs + adbTdb + avTv. (25)

In the following, each of the three methods is applied for
the reestimation of the coherence matrix, and the dominant
scattering mechanism detection procedure is used to reveal them.
More precisely, the canonical scattering mechanisms (compris-
ing dihedral, oriented dipole, and Bragg surface) are generated
according to [7]

Ts =

⎡
⎢⎣1 β 0

β |β|2 0

0 0 0

⎤
⎥⎦ , Tdb =

⎡
⎢⎣|α|

2 α 0

α∗ 1 0

0 0 0

⎤
⎥⎦

Tv = 1/4

⎡
⎢⎣2 1 1

1 0.5 1

2 1 2

⎤
⎥⎦ (26)

with |α| < 1 and |β| < 1 (in our simulations, we set α and β
equal to 0.2). In the subsequent analysis, the Bragg surface scat-
tering is set as the dominant one, with different percentages that
vary from 50% to 80% (precisely, 103 values for the dominant
scattering mechanism are used). For each parameter setting,
simulations are repeated following the classic Monte Carlo
approach, performing105 independent trials. The coherence ma-
trix is hence generated at each trial sharing the above-described
mixed scattering mechanisms, randomly combining the other
two nondominant mechanisms.

Table I reports the number of times (expressed in percent-
ages) the dominant mechanism is correctly classified, when the
dominant Bragg surface is equal to 50%, 60%, 70%, and 80%.
The displayed results show the outcome of each variant of the
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TABLE I
PERCENTAGE OF DETECTED DOMINANT BRAGG SURFACE SCATTERING

MECHANISM

Fig. 3. H–α plane. (a) T. (b) TES. (c) TOP. (d) TMB.

proposed framework with respect to the classic counterpart. By
inspection, it is evident that the proposed scheme overcomes
the competitor, with the MB reaching the best detection per-
formance. In addition, it is not surprising that increasing the
percentage of the dominant mechanism produces a consequent
increase in the performance of each analyzed method.

For a detailed visualization of the findings, the overall H–
α plane for the simulated environment is plotted in Fig. 3. In
the overall study, the dominant Bragg scattering mechanisms
were extracted and identified by the ES, OP, and MB methods at
the percentages of 85.15%, 84.68%, and 98.43%, respectively.
Differently, the classic mixed scattering coherence matrix only
reaches 35.35%. It is worth underlining that for the ES and OP
algorithms, the dominant mechanism in the misclassified data
has been interpreted mainly as class 6. This can be explained
by observing that it is essentially a random surface, which can
be seen as a mixture of surface and double bounce effects. As
a matter of fact, the rougher the surface, the higher the entropy.
The graphs show that, even though the OP map spans six classes,

Fig. 4. (a) Optical image of the scene from Google Earth. (b) RGB coherence
matrix’s eigenvalues (blue and red boxes limit the areas of interest).

the percentage of values within classes 1, 2, and 4 is less than
1%, rendering it negligible.

B. Real Data

Our study was carried out on data acquired over an Algerian
area, covering lands that have distinct surface characteristics
and maintain numerous types of use. For visual comparison
purposes, we displayed in Fig. 4(a) an optical image of the
scene obtained from Google Earth. At first hand, it shows that
part of the Mediterranean Sea, seaside, international airport,
urban zones, and agricultural fields are covered. Ultimately, the
PolSAR data used consist of a fully polarized RadarSat-2 image
whose coherence matrix’s eigenvalues are displayed in the RGB
image of Fig. 4(b). The blue and red boxes limit the areas of
interest selected for further analysis and evaluation. The sensor
parameters are reported in Table II.

To study the improvement that our proposed method ensures,
we laid out the intermediate attainments before the final out-
come. For that, results of both metrics and number of scattering
mechanisms will be displayed for the entire scene. However,
the polarimetric decomposition and Wishart H–α classification
algorithm will be applied on the delimited zones [see Fig. 4(b)],
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TABLE II
RADARSAT-2 PARAMETERS

Fig. 5. Proposed (a) metric1 and (b) metric2 of the scene.

for a better display and result analysis. The first area [see the blue
box in Fig. 4(b)] covers the airport, the main freeway, as well
as some sown and unsown farmland. The second one contains
mainly the port, the sea, and urban structures [see the red box in
Fig. 4(b)].

The first work portion consists of metrics’ estimation, as
designated in the block diagram of Fig. 2. The metrics were
calculated for each resolution cell according to (15), and their
values are displayed in Fig. 5. The first metric1 measures the
importance of the first eigenvalue compared to the two others,
while the second metric2 expresses the ratio of the first and
second eigenvalues.

Fig. 6. Number of scattering mechanisms determined by (a) the method
proposed in [3] with four-band RGB representation inspired by Yamaguchi [7]
and (b) the proposed method.

The second portion covers the threshold determination. Once
this step is performed, the number of scattering mechanisms can
be estimated. Fig. 6(b) shows the obtained results. As shown by
its color bar, there are three possibilities. The red and green
colors account for single and double dominant mechanisms,
while the blue represents random scattering cases. To have
a better vision, we generated in Fig. 6(a) an RGB image of
the classic method proposed by Lee and Pottier [3]. Note that
this four-band RGB representation is inspired by Yamaguchi
characterization [7] (as illustrated by its color map on the
right-hand side). Actually, red and blue appear for one dominant
and random scattering correspondingly, although yellow and
green depict the case of two mechanisms with and without one
dominant, respectively. It can be seen from visual comparison
that the proposed method has an easier identification compared
to the state of the art. In general, it can be perceived from Fig. 6
that a few resolution cells have only one dominant scatterer since
most of them possess more than one.

The third part of our proposed method concerns the rees-
timation of the coherence matrix according to the number of
scattering mechanisms determined. In this phase, three ways
have been used to achieve the task ES, MB, and OP, as explained
in Section III. Then, we performed polarimetric decomposition.
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In Figs. 7 and 8, we displayed the RGB composite from
the Freeman–Durden decomposition, over the first and second
zoomed-in areas, of the original data and the reconstructed data
in the previous phase. It can be seen that the three variants of the
proposed method provide well-distinguished resolution cells, a
better contrast, and a variety of colors.

In fact, the reconstructed vectors obtained by ES, MB, and
OP [see Fig. 7(b)–(d)] show more pixels colored in blue in
recently sown agricultural land and bare land represented by
Bragg surfaces. They also manifest pixels in green in forested
areas. The results of the second variant (ES) show the brightest
colors, a purer blue on bare soil, a more intense pinkish-red on
built-up areas, and a lighter green on areas with dense trees.

In the second area displayed in Fig. 8, the Freeman–Durden
decomposition findings show that metal containers appear yel-
low with the original dataset. The latter is a result of a red
and green composition, representing double bounce and volume
scattering. With the proposed method, these objects become
redder, which means that a double bounce mechanism is high-
lighted, while the volumetric one is more or less filtered from
one reestimation way to another. The ES variant is the one
that has extracted the most double bounce. In addition, built-up
areas are best highlighted by it, since they appear in magenta
(a mixture of red and blue). This illustrates the presence of two
scattering mechanisms: the double bounce of built-up areas and
the surfaces between built-up areas.

The last part of this process focuses on identifying the scatter-
ing mechanisms using the H–α Wishart classifier. The obtained
results are displayed in Figs. 9 and 10. It can be observed in
both the cases that several pixels originally categorized as class
6 [see Figs. 9(a) and 10(a)] are classified as class 3 with the
reconstructed datasets according to the proposed method [see
Figs. 9(b)–(d) and 10(b)–(d)]. Indeed, zooming in on unseeded
or recently seeded farmland, identified by a polygon in Fig. 7, we
found out that 12%, 14%, and 36% more in the area were identi-
fied as Bragg surface with ES, OP, and MB, respectively, instead
of a rough surface with random behavior by the classical method.
A similar discrepancy occurred with pixels initially assigned to
classes 7 and 8 converted to classes 4 and 5, respectively. To elu-
cidate and analyze these noticeable variations, we investigate the
underlying causes contributing to the alteration in classification
outcomes through the H–α plane reported in Fig. 1.

To dig deeper into details, Fig. 11 reports the H–α Wishart
classification of the urban area delineated with a labeled polygon
in Fig. 9. From a first visual inspection, it is evident that the MB
method provides a clusterization of the pixels’ area into only
three classes (viz., classes 1–3), whereas the others essentially
distribute the pixels to the first six classes. Moreover, the class
histogram of the four variants with reference to the H–α clas-
sification of Fig. 11 is depicted in Fig. 12. All three methods
reported more pixels in the low-entropy classes 1–3 and fewer
in the other high-entropy classes compared to the classic version.

As before, Fig. 13 shows the class histogram of the four
classifiers with reference to the H–α Wishart classification of
the whole second zoomed-in area [see the red box in Fig. 4(b)].
The figure shows that the three proposed variants estimated

Fig. 7. Freeman–Durden decomposition applied to the first zoomed-in area
[blue box in Fig. 4(b)] using (a) the original dataset, and the reconstructed
dataset by the proposed method according to (b) ES, (c) MB, and (d) OP.
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Fig. 8. Freeman–Durden decomposition applied to the second zoomed-in [red
box in Fig. 4(b)] area using (a) the original dataset, and the reconstructed dataset
by the proposed method according to (b) ES, (c) MB, and (d) OP.

Fig. 9. H–α Wishart classification applied to the first zoomed-in area [blue
box in Fig. 4(b)] using (a) the original dataset, and the reconstructed dataset by
the proposed method according to (b) ES, (c) MB, and (d) OP.
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Fig. 10. H–αWishart classification applied to the second zoomed-in area [red
box in Fig. 4(b)] using (a) the original dataset, and the reconstructed dataset by
the proposed method according to (b) ES, (c) MB, and (d) OP.

Fig. 11. (a) Google Earth optical image and (b) RGB SAR composite of the
urban area denoted by a polygon in Fig. 9.H–αWishart classification generated
using the coherence matrix: (c) T, (d) TES, (e) TMB, and (f) TOP.

Fig. 12. Class histogram of the four classifiers applied to the urban area
delimited by a polygon in Fig. 11.
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Fig. 13. Class histogram of the four classifiers with reference to the H–α
Wishart classification of the second zoomed-in area of Fig. 10.

almost the same area in the surface scattering mechanism. In
fact, areas originally classified as random scattering mechanisms
(class 6), delineated by a polygon in Fig. 10(a)–(d), are being
reclassified as surface scattering (class 3) once the proposed
method is applied. This is due to the effect of the polluting oil
from ships in the seawater at the port, which led to a random
attitude classified as class 6 using the original data. Thanks to
the proposed approach, the randomness has been eliminated,
bringing out the real dominant scattering mechanism.

The behavior can be explained by the fact that the entropy
of the newly estimated matrices according to our proposed
variants is lower than that of the original data. The latter is
the consequence of reducing the scattering randomness in each
resolution cell after the extraction of the dominant scattering
mechanism and the elimination of the secondary ones.

To further investigate this effect, we plotted in Fig. 14 the
confusion matrix between the result of the classification of
the original data, taken as a reference, and each of the three
classification results of the matrices generated by the proposed
variants. It can be perceived that in urban zones, the initial
categorization yields to class 4 since the entropy is medium
with multiple scattering suggesting dense filling of localized
scattering centers. However, after reestimation of the coherence
matrix, the entropy value decreased and the scattering turned
into a double bounce, which corresponds without fault to class 1.
Similarly, in isolated vegetated sectors, early grouping suggests
class 5 seeing that medium entropy and vegetation scattering
are the showcase. Nevertheless, the proposed method application
improved the entropy while maintaining the same scattering. The
latter become close to class 2, which describes better needle-like
aspect of those targets. Finally, agricultural land with light
vegetation or bare soil is better delimited after this reestimation.
Initially classified pixels in class 6 have been reclassified as
Bragg surface in class 3. It can be noted that some isolated trees,
which should be classified as class 2 according to theH–α plane,
have been lost.

The extraction of the dominant mechanism eliminated the
effect of propagation of roughness and highlighted the surface
aspect of the region. The reason for that deviation between the
classifiers is that the dominant scattering mechanism can be

Fig. 14. Confusion matrix between the original method and the proposed
method according to (a) ES, (b) MB, and (c) OP approaches.

confused and masked by the others in the traditional method.
The rectification carried out with our proposed method acknowl-
edges the positive impact that thresholding ahead of reconstruct-
ing the coherence matrix can have over identifying the dominant
scattering mechanisms.
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We can conclude that the coherence matrix reestimation
method generalizes the details, so the contrast appears better,
and the colors are more intense. The buildings are pinker (shade
of red), the surface scattering areas are darker blue, and the
volume scattering pixels are greener. However, this method may
result in the loss of details, such as a few isolated trees on bare
land.

V. CONCLUSION

The identification of the number of scattering mechanisms is
a delicate task in PolSAR data analysis due to the nonuniqueness
of the available developed state-of-the-art polarimetric decom-
positions. In this article, we propose to estimate the dominant
scattering mechanisms based on the spectral decomposition of
the coherence matrix. With the assumption of dominant mecha-
nism presence, the proposed method decomposes the matrix into
orthogonal uncorrelated subelements. It is then reconstructed
by projection onto the elements deemed to make up the mean
target, and the remainder is considered as noise. Three distinct
ways have been considered: ES, MB, and OP. An H–α Wishart
classification is then applied to give physical meaning to the
dominant scattering mechanisms. Unlike the classical method,
where the process is considered as Bernoulli for the estimation
of the mean target, and the three eigenvalues and eigenvectors
are taken in the model of the mean target, our proposed method
decides first which values contribute to the target composition
and which ones constitute noise. Its application on a fully
polarized SAR image acquired by the RadarSat-2 sensor over
the city of Algiers showed its robustness and performance in
identifying dominant scattering mechanisms according to their
original class.
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