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Compact polarimetric (CP) synthetic aperture radar (SAR) has proven its potential in distinguishing oil slicks and look-alikes.
Polarimetric information can be retrieved directly from scattering vector or from reconstructed pseudo-Quad-Pol covariance
matrix of CP SAR data. In this paper, we analysed features from Circular Transmit and Linear Receive (CTLR) CP SAR data that
are derived by taking both of these two methods. K-means clustering followed by accuracy assessment was also implemented
for performance evaluation. Through experiments that were conducted based on L-band UAVSAR fully polarimetric data, it
was found that optimum extraction methods varied for different features. The histogram analysis and segmentation results also
demonstrated the comparable performance of CP SAR features in distinguishing different damping properties within oil slicks.This
study proposed a framework of statistically analyzing polarimetric SAR (Pol-SAR) features and provided guidelines for determining
optimum feature extraction methods from CP SAR data and for marine oil-spills detection and classification.

1. Introduction

As one of the major marine disasters, oil-spill pollution
largely threatens the marine environment. Early warning of
oil-spills by remote sensing is very crucial for the pollu-
tion evaluation, control, and clean-up operations. Synthetic
aperture radar has been widely used in marine applications
for its all-day, all-night, and weather-independent capabil-
ities [1]. It has become a cost-effective way to monitor oil
pollution in large areas [2]. SAR images of oil slicks have
been captured by a variety of SAR sensors, from previous
SIR-C, ERS-1/2, ENVISAT, ALOS-1, and RADARSAT-1 to
current RADARSAT-2 and TerraSAR-X [3–5]. There are
also some operational oil-spill monitoring systems, such as
CleanSeaNet satellite monitoring service developed by Euro-
pean Maritime Safety Agency (EMSA), ISTOP (Integrated
Satellite Tracking of Pollution) operated by Canadian Ice
Service, and semiautomatic SAR oil-spill detection system
developed by Kongsberg Satellite Services, Norway [6].

Currently amajor difficulty formarine oil slicks detection
is the discrimination between mineral oil and its look-
alikes (physical or chemical phenomena which cause dark
area in SAR images similarly to mineral oil slicks). As
compared with single polarimetric SAR, fully polarimetric
(FP) SAR has much stronger target classification capability
of distinguishing mineral oil and look-alikes [7, 8]. However,
FP SAR mode has only half the swath-width due to doubled
pulse repetition frequency (PRF) and requires much higher
data rate compared with single polarimetric SAR [9]. To
overcome this difficulty, compact polarimetric (CP) SAR
modes are proposed. CP SARmodes could acquire part of the
polarimetric information at reduced PRF and data rate while
maintaining the same swath-width as single polarimetric
SAR or double the swath-width at the same PRF as fully
polarimetric SAR [10]. As a result, CP SARmodes are suitable
for the task of broad-area marine surveillance.

Previously there were several studies conducted on CP
SAR based marine applications: Shirvany et al. studied ship
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and oil-spill detection based ondegree of polarization derived
from dual and CTLR compact polarimetric SAR data [11].
Xie et al. investigated maritime applications based on H-
decomposition on compact and Dual-Pol SAR data [12].
Collins et al. proposed an empirical model to estimate N in
variance of incidence angles by fitting the observed data with
negative exponent function for the reconstruction of pseudo-
Quad-Pol SAR data from CP SAR data and used it for ships
detection [13]. Li et al. improved Souyris’ iterative recon-
struction algorithm to derive pseudo-Quad-Pol covariance
matrix from CP SAR images of sea surface that is covered
by oil slicks [10]. Yin et al. proposed three novel CTLR CP
SAR based parameters that are suitable for maritime target
detection based on Bragg scattering model and tested their
capabilities in oil-spill classification [14]. Salberg et al. utilized
the structure of CTLR CP SAR mode to derive features
and evaluated their performance in oil-spills detection and
suppression of look-alikes [2]. Nunziata et al. proposed and
tested several new features that can be derived fromCTLRCP
SARdata and proved their capabilities in distinguishing slick-
free, weak damping slick-covered, and mineral oil-covered
sea surfaces [15].

Among all the CP SAR modes, CTLR (also known as
hybrid) compact polarimetric SAR mode has the advantages
of invariance with the target orientation, stability to the
affection of Faraday’s rotation [16], and comparable robust-
ness to the affection of systematic errors such as noise and
crosstalk [17]. Working in CTLR CP SAR mode, as a small,
low mass synthetic aperture radar that flew on the Indian
SpaceResearchOrganization’s Chandrayaan-1mission,Mini-
SAR aims to study the crater deposits in the permanently dark
areas of the lunar poles from lunar orbit [18]. Currently and in
the near future there are and will be several spaceborne SAR
sensors that are equipped with this mode, including RADAR
Imaging Satellite (RISAT) by India Space Agency, ALOS-2 by
Japanese Space Agency (JAXA), SAOCOMof Argentina, and
RADARSATConstellationMissions (RCM) byCanada Space
Agency.

In order to take advantage of CP SAR data, generally
two strategies have been taken by previous studies. One
is to reconstruct pseudo-Quad-Pol SAR matrix from CP
SAR data and then conduct Quad-Pol feature analysis [19,
20]. The other is directly extracting features from scattering
matrix or stokes vectors of CP SAR data. Recently the latter
method is relatively more frequently used [2, 11, 14, 15] while
there are also some studies on the improvement of CP SAR
reconstruction algorithms for marine applications [10, 13].

The advantage of analyzing CP SAR data based on
Quad-pol reconstruction is that all current polarimetric
SAR features can then be directly calculated from pseudo-
Quad-Pol SAR data. However, since CP SAR has insufficient
data dimension compared with Quad-Pol SAR mode, the
reconstruction algorithms inevitably relay on assumptions of
relationships between different polarimetric channels, which
may lead to biased estimation. Extracting Pol-SAR features
directly fromCP SAR features provides another way to utilize
CP SAR data, which can avoid errors to be introduced during
the process of reconstruction. Since the data of CP SAR
modes has different form and physical meanings compared

with those in Quad-Pol SAR mode, features extraction
algorithms should be adjusted according to their special
configuration.

In this paper, we will focus on the evaluation of CP SAR
features extracted by using both of these different strategies.
Several often used Pol-SAR features that can be derived
from both Quad-Pol and CTLR modes will be reviewed and
considered in the experiment. Parameters such as normal-
ized difference between the means and relative difference
were used to quantitatively analyse statistical behaviour
of these Pol-SAR features. Then 𝐾-means clustering was
implemented to demonstrate the performance of oil slicks
segmentation, followed by classification accuracy assessment
based on overall accuracy and Kappa coefficient.

2. Polarimetric SAR Features

In this section, the signal model of fully and CTLR CP SAR
mode will be briefly introduced, and then different strategies
that take advantage of CP SAR data will be reviewed.

2.1. Basic Representation of SARPolarimetry. Fully polarimet-
ric SAR systems could obtain the scattering matrix S of the
observed target, which describes the relationship of Jones
vectors between the scattered and incident electromagnetic
field, in the backscattered coordinate system:

E𝑆 = 𝑒
−𝑗𝑘𝑟

𝑟
SE𝑖, (1)

where 𝑘 is the wavenumber of the EM wave, 𝑟 is the distance,
and the 2 × 2 scattering matrix S on the traditional linearly
horizontal (ℎ) and vertical (V) bases can be described by

S = (

𝑆
ℎℎ

𝑆
ℎV

𝑆Vℎ 𝑆VV
) , (2)

where the subscript of 𝑆
𝑖𝑗
describes the transmitted and

received polarization, respectively.
For the monostatic case, the reciprocity usually holds,

whichmeans that the two cross-polarized terms are identical;
that is, 𝑆

ℎV = 𝑆Vℎ. And when the reciprocal property is held,
the scattering vector k can be defined as
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. (3)

Based on �⃗�3𝐵 the covariance matrix of fully polarimetric SAR
data can be derived by
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2.2. CTLR Compact Polarimetric SAR Data. In the CTLR CP
SAR mode, the radar transmits circularly polarized signal
and linearly receives both horizontal and vertical polar-
izations simultaneously. The 2D measurement vector �⃗� is
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the projection of the full backscattering matrix on the
transmit polarization state, and in CTLR mode it can be
defined as [1]

�⃗� = (𝐸𝐻 𝐸
𝑉)
𝑇
, (5)

where𝐸
𝐻
= (𝑆
𝐻𝐻

−𝑗𝑆
𝐻𝑉

)/√2 and𝐸
𝑉
= (𝑆
𝐻𝑉

−𝑗𝑆
𝑉𝑉

)/√2 and
SXY is the component of the scattering matrix of target, with
X denoting the received wave polarization and Y indicating
the transmitted wave polarization.

The covariance matrix of compact polarimetric SAR
modes, which is derived from their scattering vector, can be
defined by [1]

𝐶CP = 2 ⟨�⃗�CP�⃗�
∗

CP⟩ , (6)

where the superscript “∗” denotes the transpose conjugate
and⟨𝐴⟩ denotes the spatial average of 𝐴 over a window size,
for instance, 5×5. In this paper, themultilook complexQuad-
Pol SAR data was used to simulate the covariance matrix of
CTLR CP SAR mode:
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2.3. Feature Extraction from Quad-Pol and Reconstructed
Pseudo-Quad-Pol SARData. In order to extract Pol-SAR fea-
tures from CP SAR data through reconstruction of pseudo-
Quad-Pol data, we employed the iterative algorithmproposed
inDubois-Fernandez et al. [19].The algorithm is based on the
hypotheses that Pol-SAR data of different channels are related
and also it assumes that reciprocity and reflection symmetry
of geophysical SAR data are held. The algorithm can be basi-
cally divided into three steps, namely, initialization, iteration,
and reconstruction. The output of CP SAR reconstruction
algorithm is pseudo-Quad-Pol covariancematrix. Please note
that elements in 𝐶Rec are estimated values, through the
reconstruction algorithm:

𝐶Rec = (

⟨𝑆
𝐻𝐻

𝑆
∗

𝐻𝐻
⟩ 0 ⟨𝑆

𝐻𝐻
𝑆
∗

𝑉𝑉
⟩

0 2 ⟨𝑆
𝐻𝑉

𝑆
∗

𝐻𝑉
⟩ 0

⟨𝑆
𝑉𝑉

𝑆
∗

𝐻𝐻
⟩ 0 ⟨𝑆

𝑉𝑉
𝑆
∗

𝑉𝑉
⟩

) . (8)

Then the following Pol-SAR features can be extracted from
the reconstructed Quad-Pol covariance matrix 𝐶Rec the same
as those from Quad-Pol SAR data. The only difference
between features extracted from original and reconstructed
Quad-Pol covariance matrices is that for the reconstructed
Quad-Pol data, multilook cross products between co- and
cross-polarimetric channels are assumed to be zero, such as
⟨𝑆
𝐻𝐻

𝑆
∗

𝑉𝑉
⟩. This approximation can be made on scattering

coefficients of distributed targets.

(1)𝑉𝑉
2. The power information of SAR data has been widely

used for target detection and classification since the very
beginning of marine SAR applications. Generally speaking,
𝑉𝑉
2 is more suitable for oil-spills detection for its high SNR

and sensitivity to sea surface roughness while 𝐻𝑉
2 is more

suitable for tasks such as ships detection, for its sensitivity to
scattered signal from vertical structures. So, in the analysis of
this paper, 𝑉𝑉

2 is considered.

(2) Standard Deviation of Copolarized Phase Difference. It
was a large breakthrough to realize that phase information
within coherence polarimetric SAR data can be used to

boost the discrimination betweenmineral oil and look-alikes.
Migliaccio et al. used copolarized phase difference (CPD) to
characterize the scattering behavior of oil-spills and biogenic
look-alikes [4]. It was discovered that, for sea surface covered
by mineral oil, larger CPD standard deviation could be
observed while for biogenic slicks a lower CPD standard
deviation similar to that of clean sea surface is obtained. From
Quad-Pol SAR data, CPD can be derived by

CPD = arg (𝑆𝐻𝐻) − arg (𝑆𝑉𝑉) = arg (𝑆𝐻𝐻𝑆
∗

𝑉𝑉
) . (9)

(3) Correlation Coefficient. Correlation coefficient reflects the
averaged phase difference between scattering coefficients in
𝐻𝐻 and 𝑉𝑉 channels [2]:

Corr =
Re ⟨𝑆
𝐻𝐻
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. (10)

For clean sea surfacewhere Bragg scattering is dominant, 𝑆
𝐻𝐻

and 𝑆𝑉𝑉 are highly correlated, so Corr is close to 1, while for
mineral oil-covered area where strong damping property is
held, 𝑆𝐻𝐻 and 𝑆𝑉𝑉 are uncorrelated; then Corr is expected to
be much lower.

(4) Conformity Coefficient. Conformity coefficient was used
for the study of marine oil slicks detection from CTLR com-
pact polarimetric SAR data [21]. By assuming the reflection
symmetry, it can be also derived from Quad-pol SAR data by
[21]

Conf ≅
2 (Re (𝑆

𝐻𝐻
𝑆
∗

𝑉𝑉
) −
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2
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2
)

. (11)

It has been proved that for ocean Bragg scattering, SHV is
small, CPD is close to zero, and real part of 𝑆

𝐻𝐻
and 𝑆
𝑉𝑉

cross
products is larger than |𝑆

𝐻𝑉
|
2; as a result Conf is positive,
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while for non-Bragg scattering the situation is reverse: Conf
is negative.

(5) Coherency Coefficient. The magnitude of the coherency
coefficient is useful for oil-spills classification [2]. It can be
derived from coherency matrix of Quad-Pol SAR data:

Coh =

𝑇12


√𝑇11𝑇22
, (12)

where

𝑇 = 𝑘𝑘
∗𝑇 (13)

and k is the Pauli vector:

𝑘 =
1
√2

[𝑆𝐻𝐻 + 𝑆
𝑉𝑉

𝑆
𝐻𝐻

− 𝑆
𝑉𝑉

2𝑆
𝐻𝑉]
𝑇
. (14)

(6) Entropy. The polarimetric scattering property of targets
can be described by their polarimetric entropy, which is
derived from eigenvalue analysis on the coherency matrix
[22]. Entropy describes the randomness of the scattering
mechanism of ground target. For clean and biogenic slicks
covered sea surface, Bragg scattering mechanism is dom-
inant, so low scattering entropy is expected. While for
sea surface that is covered by mineral oil, the proportion
of volume scattering increases, and the entropy becomes
much higher. Polarimetric entropy can be derived from the
coherency matrix of Quad-Pol SAR data by [22]

𝐻 =

3
∑

𝑖=1
− 𝑃
𝑖
log3𝑃𝑖, (15)

where

𝑃
𝑖
=

𝜆𝑖

∑
𝑗
𝜆
𝑖

(16)

and 𝜆𝑖 (𝑖 = 1, 2, 3) is the eigenvalue of coherency matrix 𝑇.

2.4. Feature Extraction Directly from CTLR Compact Polari-
metric SAR Data. Based on slightly modified definitions and
some assumptions, the corresponding Pol-SAR features in
Section 2.3 can also be extracted directly from scattering
coefficient and coherency matrix of CTLR CP SAR data.

(1) |𝐸
𝑉
|
2 (Corresponding to 𝑉𝑉

2 in Quad-Pol Mode). Due to
the Bragg scatteringmechanism, in SAR images of sea surface
cross-polarized term is usually much larger than copolarized
terms, so 𝐸

𝐻
and 𝐸

𝑉
in CTLR mode are comparable to 𝑆

𝐻𝐻

and 𝑆𝑉𝑉 in Quad-Pol SARmode. In this study we chose |𝐸𝑉|
2

as the corresponding feature to 𝑉𝑉
2.

(2) Standard Deviation of Copolarized Phase Difference
(CPD). CPD can be approximately estimated from covariance
matrix of CTLR CP SAR data by

𝜙CPD = arg {−𝑖𝐸
𝐻
𝐸
∗

𝑉
} . (17)

Then its standard deviation within a certain spatial window
can be computed.

(3) Correlation Coefficient. Following the same rationale as
feature 1, correlation coefficient in CTLR CP SAR mode can
be defined as

Corr =
Re {−𝑖 ⟨𝐸𝐻𝐸

∗

𝑉
⟩}

√⟨
𝐸𝐻



2
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𝐸𝑉


2
⟩

. (18)

(4) Conformity Coefficient. Conformity coefficient was origi-
nally proposed to distinguish land surface scattering mecha-
nisms [21]. For CTLR CP SAR mode, it is expressed as [21]

Conf ≅
2 Im (⟨𝐸

𝐻
𝐸
∗

𝑉
⟩)

⟨𝐸
𝐻
𝐸
∗

𝐻
⟩ + ⟨𝐸

𝑉
𝐸
∗

𝑉
⟩
. (19)

(5) Coherency Coefficient. For CTLR CP SAR mode, the
coherency coefficient can be derived by [2]

Coh =

𝐷12


√𝐷11𝐷22
, (20)

where the coherency matrix D can be defined as

𝐷

= (

⟨𝐸
𝐻
+ 𝑖𝐸
𝑉
⟩
2
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2 ) .

(21)

(6) Entropy. Polarimetric entropy of CP SAR data can be
directly calculated by implementing eigenvalue decomposi-
tion to the covariance matrix 𝐶CP:

𝐻 =

2
∑

𝑖=1
− 𝑃𝑖 log3𝑃𝑖, (22)

where

𝑃
𝑖
=

𝜆𝑖

∑
𝑗
𝜆
𝑖

(23)

and 𝜆
𝑖 (𝑖 = 1, 2) is the eigenvalue of covariance matrix 𝐶CP.

Entropy that is derived directly fromCP SAR data has similar
property with that derived from Quad-Pol SAR data, in
describing the complexity of physical scattering mechanisms
of targets.

3. Comparisons of CP SAR Features for
Oil Slicks Discrimination

In this experiment, SAR data acquired by Uninhabited Aerial
Vehicle Synthetic Aperture Radar (UAVSAR) is used. It is a
reconfigurable, fully polarimetric L-band synthetic aperture
radar with a 22-kmwide ground swath at 22∘ to 65∘ incidence
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Figure 1: Pseudocolor image of the Quad-Pol SAR data (in dB),
with red for𝐻𝐻

2, green for𝐻𝑉
2, and blue for 𝑉𝑉

2 (UAVSAR data
courtesy NASA/JPL-Caltech).

angles. The experimental image was taken at Gulf of Mexico
on September 2, 2009, with flight number 32014-09066, in
which an oil slick is present. Multilook complex (MLC)
data were used for the analysis, with spatial resolution
around 5.5m. A segment was picked from the image for the
convenience of analysis and display. The size of the sample
was 1000 pixels in azimuth (vertical) and 500 pixels in range
(horizontal) direction. Within the study area, three kinds of
typical sea surface are picked out for analysis, namely, strong
damping area, weak damping area, and clean sea surface.The
pseudocolor image of the studied sample area is shown in
Figure 1.

In this study, Pol-SAR features that are derived directly
from CP SAR data and via Quad-Pol reconstruction algo-
rithm proposed by Dubois-Fernandez et al. [19], together
with those derived from original Quad-Pol SAR data, are
compared. Figure 2 shows the flowchart of the whole exper-
iment: MLC data are used as the input in form of covari-
ance matrix. Then, based on the Quad-Pol SAR data, three
different ways are used to extract polarimetric SAR features,
for discriminating damping status. (1) Pol-SAR features were
directly computed from coherence matrix 𝑇 and covariance
matrixC of Quad-Pol SAR data; (2) Quad-Pol reconstruction
was implemented on simulated covariance matrix of CTLR
compact polarimetric SAR data; then Pol-SAR features were
extracted from the reconstructed pseudo-Quad-Pol covari-
ancematrix; (3) CP SAR features were extracted directly from
the stokes matrix g, covariance matrix CCP, and coherence
matrix D of the simulated CTLR CP SAR data without the
process of reconstruction. Then all the Pol-SAR features
that are derived from different methods were compared and
analyzed.

Figure 3 shows the six Pol-SAR features that are derived
via different methods. From visual inspection, it can be
observed that these corresponding features are very close to
each other, except that some noises can be observed from
the right part of CP SAR reconstructed features. It was also
observed that, in this analyzed case, conformity coefficient
holds the strongest capability of distinguishing strong and
weak damping sea surface, since it has the largest within-slick
contrast. This finding is in correspondence with the analysis
results of [23]. Figure 4 is the histograms of these Pol-SAR
features. The difference between the distributions of Quad-
Pol SAR features and CP SAR features derived by different
methods is generally very small, except that slightly larger
difference between CPD derived by different means can be
observed.

To statistically analyze the difference between polarimet-
ric characteristics, in distinguishing strong damping, weak
damping, and clean sea surface, several statistical differences
can be used.

(1) Normalized Distance between Means (𝑑𝑛𝑜𝑟𝑚). Consider

𝑑norm =

𝜇1 − 𝜇2


𝜎1 + 𝜎2
, (24)

where 𝜇 and 𝜎 are mean value and standard deviation,
respectively, and subscripts 1 and 2 stand for two different
sample areas, for example, weak damping (WD), strong
damping (SD), and clean sea surface (sea).

(2) Modified Distance between Samples. Consider

𝐽
𝑑
=

𝐶

∑

𝑖=1
𝑃
𝑖
[

[

(𝑚
𝑖
− 𝑚)

2

((1/𝑁
𝑖
)∑
𝑥𝑖∈𝑊𝑖

(𝑥
𝑖
− 𝑚
𝑖
)
2
)

]

]

, (25)

where 𝐶 are different classes, for example, for oil 𝑖 = 1, sea
𝑖 = 2;𝑚

𝑖
is mean value of class 𝑖;𝑚 is mean value of all classes;

and 𝑃
𝑖
is prior possibility of each class, set to 0.5 in this case.

(3) Bhattacharyya Distance. Consider

𝐵
𝑑 = − ln(

𝑛

∑

𝑖=1
(𝑝1 (𝑖) , 𝑝2 (𝑖))

1/2
×Δ) , (26)

where 𝑝
1
(𝑖) and 𝑝

2
(𝑖) stand for possibilities of features from

oil and sea sample in 𝑖th interval, 𝑛 stands for the number of
intervals used to count possibility function, which is 1000 for
this experiment, and Δ stands for the length of the interval.

Experiments have proved that, in measuring statistical
difference between Pol-SAR features of sea surfaces under
different damping status, these threemeasurements have very
similar performance. An example is provided in Figure 5,
in which three statistical distances represented very similar
trend in measuring the statistical distances between weak
damping area and clean sea surface. As a result, in this
study, we mainly considered the first feature 𝑑norm to keep
the analysis concise. 𝑑norm is the statistical distance that is
closely related to the performance of minimum distance
based classifier.
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(b) CP SAR reconstructed features
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(c) CP SAR directly derived features
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Figure 5: Statistical differences of Pol-SAR features between weak damping and clean sea surface measured by different means. ND:
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Table 1: 𝑑norm of Pol-SAR features between clean sea surface and weak damping and strong damping areas.

Characteristics 𝑑WD-Sea 𝑑SD-Sea

QP CP Rec. CP Direct QP CP Rec. CP Direct
Corr Co. 1.0864 0.9774 1.0459 2.4303 2.0582 2.2730
Std. CPD 2.2471 1.9823 1.9761 2.4984 2.4409 2.4394
Conf Co. 0.0894 0.0385 0.0954 1.6407 1.2837 1.5191
Coh Co. 1.3477 1.1519 1.1924 2.2048 1.8323 2.0127
𝑉𝑉
2
|𝐸
𝑉
|
2 2.1294 2.1374 2.1124 2.7468 2.7590 2.7330

Entropy 1.3759 1.2513 1.2088 2.8360 2.6281 2.5658

Normalized distances calculated from Quad-Pol and CP
SAR features are listed in Table 1. They are calculated by (24)
from three sample areas of different damping status. It can
be observed that, for all these features, normalized distance
between strong damping area and clean sea surface (𝑑SD-Sea)
is larger than that between weak damping area and clean
sea surface (𝑑WD-Sea). This is in accordance with physical
interpretation: stronger damping properties cause Pol-SAR
features in this area to have larger deviation than those in
clean sea surface.

From Table 1 it also can be found that, in terms of
segmenting oil slicks from oil-free sea background, 𝑉𝑉

2 is
the most effective feature. Since the normalized difference of
𝑉𝑉
2 between strong damping area and clean sea surface is

the largest, it was one of the most previously used features
in traditional single polarimetric SAR based applications.
However, in terms of distinguishing weak damping from
strong damping properties, other polarimetric SAR features
work far better than 𝑉𝑉

2, among them the conformity
coefficient works the best, manifesting the fact that for this
dataset it has the largest capability in distinguishing different
damping status. It should be noted that the feature CPD does

not work well on this dataset, but it could be a very good
damping status indicator on SAR data of shorter wavelength,
for example, 𝐶 and𝑋 bands [4].

Polarimetric SAR features considered in the analysis
stand for different physical meanings and they could all help
in the oil slicks classification. More analysis and comparisons
of these Pol-SAR features in distinguishing different damping
status can be found in previous studies [2, 23, 24]. In this
paper, however, we mainly focus on analyzing the differences
of Pol-SAR features that are derived by two different methods
from CP SAR data, namely, directly and through pseudo-
Quad-Pol reconstruction.

To further evaluate the performance of CP SAR feature
extraction methods, relative difference between 𝑑norm that is
extracted from Quad-Pol and CP SAR data was calculated:

Rd =
(𝑑norm QP − 𝑑norm CP)

𝑑norm QP
, (27)

where 𝑑norm QP stands for 𝑑WD-Sea and 𝑑SD-Sea that are calcu-
lated by Quad-Pol data (QP column in Table 1) and 𝑑norm CP
stands for those features that are calculated from CP SAR
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Figure 6:𝐾-means segmentation of Pol-SAR features that are derived by taking three different methods. The results of different features are
listed in the same sequence as in Figure 3.

data, either with or without CP SAR reconstruction (CP Rec.
or CP Direct column in Table 1).

The smaller the relative difference, the closer the CP
SAR feature to its corresponding original Quad-Pol one and
the better the polarimetric information was preserved by
taking thismethod. In Table 2 RdWD-sea stands for the relative
distance that is calculated between the normalized difference
of Pol-SAR features in weak damping and clean sea surface
(column 𝑑WD-Sea in Table 1) and similarly for RdSD-sea. From
Table 2 it is observed that in calculating features such as 𝑉𝑉

2

(|𝐸
𝑉
|
2) and entropy, reconstruction based method resulted

in smaller Rd compared with the method that extracts Pol-
SAR features directly.Whereas for features such as correlation
coefficient, conformity coefficient, and coherency coefficient,
extracting Pol-SAR features directly can achieve lower Rd.

For standard deviation of CPD, performances by taking these
two methods are very close.

4. Experiments on Oil Slicks Segmentation

In this section, conventional 𝐾-means clustering was used
to partition previously derived Pol-SAR features into three
classes. 𝐾-means clustering is an unsupervised partitioning
method that ensures that members’ objects belonging to each
class have the smallest distance to its centroid.

Figure 6 shows the results of the𝐾-means clustering.The
segmentation results are consistent with previous analysis:
Conf Co. could reflect the details of damping properties
to the largest extent, followed by Corr Co. and other Pol-
SAR features. Based on single polarimetric feature 𝑉𝑉

2,



12 Journal of Sensors

Table 2: Relative difference Rd between 𝑑norm estimated from Quad-Pol, CP reconstruction, and CP Direct methods.

Features RdWD-sea RdSD-sea
QP versus CP Rec. QP versus CP Direct QP versus CP Rec. QP versus CP Direct

Corr Co. −0.10033137 −0.037279087 −0.15310867 −0.06472452

Std. CPD −0.117840773 −0.120599884 −0.023014729 −0.023602305

Conf Co. −0.56935123 0.067114094 −0.217590053 −0.074114707

Coh Co. −0.145284559 −0.115233361 −0.168949565 −0.087128084

𝑉𝑉
2
|𝐸
𝑉
|
2

0.003756927 −0.00798347 0.004441532 −0.005024028

Entropy −0.090558907 −0.12144778 −0.073307475 −0.095275035

Table 3: Accuracy assessment of CP SAR features based segmenta-
tion results that take Quad-Pol SAR results for ground truth.

Features Overall accuracy Kappa coefficient
CP Rec. CP Direct CP Rec. CP Direct

Corr Co. 84.50% 85.401% 0.7763 0.7613
Std. CPD 85.17% 90.58% 0.8207 0.8517
Conf Co. 77.55% 92.88% 0.6582 0.8914
Coh Co. 82.27% 82.78% 0.7271 0.7329
𝑉𝑉

2
|𝐸
𝑉
|
2 98.63% 96.54% 0.9791 0.9473

Entropy 88.95% 86.29% 0.8318 0.7917

large homogenous segmentation area was obtained, which
manifests its limitation in distinguishing different damping
status of oil slicks and other marine phenomena.

Taking the segmentation result derived from Quad-Pol
SAR features as ground truth, the CP SAR features based
segmentation results can be quantitatively evaluated by over-
all accuracy and Kappa coefficient. Both of these parameters
measure the performance of CP SAR derived features. In
Table 3, the results of accuracy assessment are consistent with
Rd listed in Table 2. The highest segmentation accuracy was
achieved by𝑉𝑉

2 derived from pseudo-Quad-Pol reconstruc-
tion with overall accuracy of 98.63% and Kappa coefficient of
0.9791. Among all these features, the segmentation accuracy
of conformity coefficient has the largest difference between
different CP SAR feature extraction methods. Coincidently
in Table 2, Rd of conformity coefficient derived by different
methods also holds the largest difference. Although accuracy
parameters in Table 3 are computed from the whole image
while Rd is only estimated from selected three typical sample
areas, they are highly consistent with each other.

5. Summary

In this paper, the performance of CTLR compact polarimetric
SAR features in distinguishing different damping status of oil
slicks is evaluated. Six categories of mainly used Pol-SAR fea-
tures were considered in the analysis.They were derived from
original Quad-Pol SAR data, from reconstructed pseudo-
Quad-Pol SAR data, and directly from CP SAR mode data,
respectively.

To statistically analyze the behavior of these polarimetric
SAR features, normalized difference between the means is

considered (Table 1). Then relative difference Rd is com-
puted to measure their capabilities of distinguishing different
damping status (Table 2). From the analysis it was found that
optimum feature extractionmethods fromCP SAR varied for
different features. Table 2 demonstrated that for 𝑉𝑉

2 (|𝐸
𝑉
|
2)

and entropy, Souyris’ reconstruction algorithm based feature
extraction works better. Whereas for correlation coefficient,
conformity coefficient, and coherency coefficient, directly
extracting Pol-SAR features could maintain the polarimetric
information to a larger extent.

Probable explanations for these findings are as follows:
polarimetric entropy of Quad-Pol and CP SAR data is cal-
culated based on different numbers of eigenvalues. Besides,
𝑉𝑉
2 and |𝐸𝑉|

2 of Quad-Pol and CTLR CP SAR data con-
tain different scattering coefficient elements. As the result,
these two features derived from Quad-Pol reconstruction
are more similar to those derived from original Quad-
Pol SAR data, for their closer data structure. For features
such as correlation coefficient, conformity coefficient, and
coherency coefficient, they are closely related to relative phase
between polarimetric channels and sensitive to the errors
induced during the process of Quad-Pol reconstruction.
As the result, extracting those features directly from CP
SAR modes may achieve higher accuracy compared with
calculating them from reconstructed pseudo-Quad-Pol SAR
data, since extracting features directly could avoid adding
noise and bias to the sample data.

𝐾-means clustering was implemented to all of these
Pol-SAR features to examine their capabilities in distin-
guishing different damping properties.Through classification
accuracy assessment based on overall accuracy and Kappa
coefficient, the performance of different feature extraction
methods can be further compared (see Table 3). The result is
also consistent with previous analysis result (Table 2).

Although the analysis was carried on limited data sam-
ples, some basic characteristics of features derived from CP
SAR modes can be obtained. CTLR CP SAR mode proved
again its potential in obtaining damping status of oil slicks
and sea surfaces. The performance of CP SAR features in oil
slicks classification is comparable to that obtained in Quad-
Pol SAR modes. Due to some limitations, the analysis in this
paper was conducted only on MLC data of UAVSAR, which
is processed from SLC data by JPL with a multilook of 12
pixels in azimuth direction and 3 pixels in range direction.
It has to be noted that, in the generation of MLC data,
symmetry assumption is assumed, and its actual affection on



Journal of Sensors 13

reconstruction and feature extraction should be evaluated in
future study.

To derive general rules for feature extraction, more data
samples under various damping status and sea conditions
have to be considered. However this paper proposed a
framework of selecting optimum CP SAR features based
on statistical analysis on typical data samples. In the near
future, there will be plenty of SAR satellites offering compact
polarimetric SAR modes, which will provide polarimetric
observation of sea surface with larger coverage area. We
are confident that this technique will be further developed
and make more contribution to operational marine oil-spills
monitoring.
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