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Abstract—Ship detection using polarimetric synthetic radar
(PolSAR) imagery attracts lots of attention in recent years. Most
notably, the detector polarimetric notch filter (PNF) has been
demonstrated to be effective for ship detection in PoISAR imagery,
which gives excellent performances. In this work a mathematical
form of one new PNF (NPNF) based on physical mechanisms of
targets and clutter is further developed for partial targets. The
different mechanisms have been revealed based on the projection
matrix. The experimental results including simulated data and
measured data demonstrate that the NPNF exhibits a better
performance than the original PNF.

Index Terms—Polarimetry, Ship Detection, Synthetic Aperture
Radar, Polarimetric Notch Filter

I. INTRODUCTION

Synthetic aperture radar (SAR) is a common tool for ship
detection. SAR has the ability to monitor ships during both day
and night and under cloud cover [1]. A common way to perform
detection is setting a statistical test on the intensity of the SAR
image. This generally separated the brighter ships from the
darker sea clutter. The tests are generally focused on the clutter
distribution and the probability of false alarm (Pfa). In
particular, the threshold is selected to keep the Pfa constant [i.c.,
the constant false-alarm rate (CFAR)] [1]-[4]. Considering the
benefits of polarimetry in detecting and classifying targets in
SAR images, it is not a surprise that many ship detectors use
polarimetric SAR (PolSAR) to improve the performances of
detecting small targets[1]-[6]. A relatively complete survey of
techniques can be found in [5]. In summary, the detectors using
polarization can be divided into five categories generally based
on pixel detection: a) independent polarization channel
composition, b) polarization optimization techniques, c)
polarimetric scattering mechanism, d) ship wake detection and
e) data driven or machine learning. And recently the patch
detectors are presented to improve the detection performance,
such as super-pixels segmentation based detectors. Recent
advancements can be found in [6]. Among all the pixel based
detectors the polarimetric notch filter (PNF) has been used for
ship detection in polarimetric synthetic aperture radar (PoISAR)
images and gives an excellent performance [1]. Its final
expression is the following [1][2]
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where RedR is the reduction ratio, tis the partial target feature
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and |||| denotes the Euclid norm. H
stands for conjugate transpose and y is the polarimetric

coherence operator.
In [1], it has been proven that a statistical detector set on Eq
(1) has identical performance of a detector testing the following

equation
2

2

where P, represents the power component of the target of
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interest. This is because there is a deterministic 1 to 1
transformation that leads Eq (2) to Eq (1).

In single target case (a single target is defined as a
deterministic target), tis the polarimetric scattering vector,

T

which is generally denoted as kz[Shh \/ES,W SW] S,
represents the complex scattering coefficient with x as the
transmitting and y is the receiving polarization (h-linear

horizontal, v-linear vertical). T stands for transpose.
In the partial targets case (each pixel of such distributed
targets may have a specific polarimetric behavior), tis the

vector formed by the vectorization of the covariance matrix. t
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(1<i,j<d,d =3). L isthe average number of looks. Here the
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Euclid norm is defined as ||t|| = [Zéjti |2j .
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II. NEW FORM OF THE POLARIMETRIC NOTCH FILTER

In the original version, the feature scattering factor is formed
by the vectorization of the covariance matrix for partial targets
[1][2]. The vectorization leads to a signal processing definition
of power (squared length of the vector) and implies that the
importance of each elements of the covariance matrix is
identical when discriminating targets and clutter. In this
different version, we propose to evaluate power with a
definition that is closer to the physical scattered power from the
target (i.e. Trace of the covariance matrix). To do this a new
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formulation of the PNF is proposed, where we move away from
the original partial target formalism and consider targets in the
scene as single targets. The target power in Eq (2) can be
substituted in the single target case as follows

P =K"k—K" (K K, Jk=k"k—-K"C k=k" (I-C,, |k
3)

is the

normalized polarimetric covariance matrix. In partial targets
case, by adding an averaging to reduce speckle, Eq (3) can be
extended to

P, :%ikf' (1-C. ) =u([1-C. Jc) @

where C is the measured covariance matrix. C can be
estimated by the average of real data divided by the equivalent
number of looks L . The normalized covariance matrix is
obtained from the large and pure clutter region by

C..=(k.K.,)=C,, /t(C
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where I is the identity matrix, and ém

). tr(-) is the trace operator and

sea
(D) is the average operator. Please note, the average is not

applied to the full operator, but only the F, component inside

the PNF equation. It is therefore a new form of the detector
which cannot be directly derived from the first one in Eq (3)
without adding this step in Eq (4). This also means that the
detection performance of a statistical test based on the new
form is not bound to be the same as the original PNF.
Additionally, we do not need to consider the full form y of

the NPNF defined in Eq (1) where the coherence evaluation is
performed and we can stick with Eq (4). For consistency, in the
following comparisons we will also use the expression of the
PNF based on P in Eq (2).

Finally, we want to double check that the two detectors
provide independent information. For doing this, we simply
plot the NPF against the NPNF over the entire AIRSAR dataset.
The result plotted in Fig 1 show that the two are independent.
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Fig 1 The relation curve of PNF and NPNF

Interesting (I—(Ajm) is an orthogonal projection matrix.

From a mathematical point of view, we can see that the PNF for
partial targets is a 6-dimensional projection, while the NPNF
splits the space to three 3-dimensional sub-spaces and then sum

the sub-space projection energy. Therefore they both consider
the full space of polarimetric target, but the difference is in the
weighting of the off diagonal elements. Appendix shows the
extended mathematical expression with all coefficients.
Another important point is to check that the NPNF is
non-negative. Since (Ajm is the d x d positive semidefinite
Hermite matrix (d is the dimension of the scattering vector),
we can obtain the following equation according to the
eigenvalue decomposition theorem:
S
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where 1>¢ >¢,2---2¢,20 , ¢,(j=L2,-d) is the

eigenvalue of C_, and U is a unitary matrix. I-C_,_ is positive

semidefinite because ém is a normalized matrix and the sum
of its eigenvalues is equal to 1. Therefore each of the diagonal
elements in Eq (5) is bound to be non-negative.

It can be found that both I —ém and C are positive

semidefinite. There exists a matrix trace inequalities for
product of positive semidefinite matrices [7]

0 <tr(AB) < tr(A)tr(B) (6)
This ensures the result in Eq (4) to be nonnegative. It should
also be noted that Eq (4) can used for both the data formats of
the single look complex (SLC) and multilook complex (MLC).

III. VALIDATION

In this section, simulated and real data are used to validate
the performance of the NPNF. We also compare the results with
the original PNF method. The flowchart of the NPNF detector
is presented in Fig 2.
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Fig 2 Flowchart of the NPNF detector
The solid parallelograms represent the input. The solid
rectangular boxes show the operation and procedure the boxcar
filter is used to estimate the polarimetric covariance matrices
for both clutter and targets to be detected. The “Pfa” is the
probability of false alarm, and the “ROC” is the Receiver



Operating Characteristics. The dotted rectangular box is
optional, which can be operated to accelerate the detection
speed or to assess the performances of different detectors.

A) Simulated Data Validation: We used Wishart distribution
to characterize the statistical variation of covariance matrix of
clutter. We understand that this is restrictive since the sea has
been proven to have a substantial texture component; however
this allows us to do some benchmarking based on some Monte
Carlo (MC) simulations. The targets are generally not
distributed as Wishart, and we assume they obey GO-Wishart
distribution, where the texture obeys unitary inverse gamma
distribution [4]. The asymptotic covariance matrices used in the
MC were selected from real AIRSAR data (which are described
in details in Section B).
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Fig 3 Comparisons in the case of Wishart model for clutter and
GO0-Wishart for targets with different TCRs

The synthetic MC data set consists of N =1,000,000
covariance matrix samples drawn from a complex, circular, and
zero-mean Wishart distribution. In GO-Wishart model the
unitary textual variables of clutter are generated according to
the shape parameter A=2 , while the shape parameters is 4 for
targets. The number of looks was set to L =9 .The ROC
curves are shown in Fig 3. In the following figures, “TCR” is
the target to clutter ratio, and “Pd” is the probability of
detection. The target to clutter ratio (TCR) is defined as [7]

TCR=tr(X, -X.)/tr(X,) 7

where X, X are the estimated polarimetric covariance

matrices of targets and clutter respectively.

But if the statistical characteristics are very heterogeneous
for the clutter and ships, there is little difference between PNF
and NPNF and the detection performance descends. The results
are presented in Fig 4 and Fig 5, which are in agreement with
those for the Wishart case. We see that the performance of
NPNF is better when the TCR gets larger.
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Fig 4 Comparisons in the case of a K-Wishart model for clutter
and a GO-Wishart model for targets (TCR=1)
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Fig 5 Comparisons in the case of a GO-Wishart model for

clutter and a GO-Wishart model for targets (TCR=1)

B) Measured Data Validation: Two polarimetric SAR
datasets are used. One real data is a 9-look NASA/JPL
AIRSAR polarimetric dataset that covers the Japanese inland
sea named Kojimawan near Tamano City [9]. The dataset is
fully polarimetric and acquired on October 4, 2000 by the
AIRSAR instrument during the PACRIM-2 mission. The same
region of interest (ROI) is selected as that in [9] where the
ground truth is known. The ROI is presented in Fig 6, where
there are 22 ships identified by S1~S22.

To assess the performance of the CFAR detectors we
consider: 1) the false alarm rate maintenance, 2) the figure of
merit (FOM) and 3) the ROC curves. The CFAR loss C, isa

function dependent on the threshold and indicates the



corresponding error between the actual PFA Fﬁ, and PFA I?;a
estimated by the model, which is defined as [4]

20 log[P% J
fa

The FOM is a more suitable index for performance evaluation.
FOM is defined as in [9]
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(9)

where N, is the number of detected targets, N 1 1s the number

of false alarms, N, is the total number of targets actually

present.

The ROC is plotted to assess the detection performance of
the different detectors. A big difference in the estimation of
FOM is that we consider each pixel of the vessel as a target
pixel. Since we don’t have a very large amount of ships, to
make the curves smoother, we picked most of the ship pixels as
targets from visual inspection, which is also adopted in [10].
Therefore the ROC curves are estimates of the performance in
delineating ships additionally to detecting them.

A CFAR framework called fast block CFAR is used [11].
The region of interest (ROI) is divided into equally sized blocks
and then the brightest pixels are removed before estimation.

S11 QTDEISIZ

S13
S10

(a) PNF

(b) NPNF
Fig 7 the results of different polarimetric detectors

Here the block size is 256 x 256, and the threshold to remove

ships is 0.15 dealing with the PNF output. Though there are still
some ship pixels used to estimate the clutter statistics, they can
be ignored for they are extremely fewer compared with the sea
clutter pixels. The detection results are presented in Fig 7,
where a red rectangle means an omitted target, a yellow
rectangle means a false target, and a green rectangle means one
true ship. The CFAR loss and the FOM are shown in table 1
when the actual PFA is set le-5, and the generalized gamma
distribution (GI'D) is used to model the PNF and the NPNF.
The parameter estimation is based on log-cumulants [4][11].
The ROC curves are also shown in Fig 8. The result from the
ROC curves is in agreement with that from the FOM. The
NPNF gives better performance according to both the FOM and
ROC curves.

TABLE | PERFORMANCES OF BOTH DETECTORS IN AIRSAR IMAGERY

ROI

Metod Ny Ny | €| FoM(%)
PNF 20 2 9.54 83.33
NPNF 21 2 9.54 2750
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Fig 8 The ROC curves of the detection results in AIRSAR data

The second dataset is a UAVSAR L-Band fully polarimetric




image. Its corresponding Pauli RGB image is shown in Fig. 9,
where 71 ships are totally presented. More details on this
dataset can be found in [10]. In [10], the PNF reaches the best
detection performance based on the ROC assessment. The
performance comparison by ROC curves for the UAVSAR
image is shown in Fig 10 and other detection results are omitted
due to page limitation. The obtained results are consistent with
those carried out on simulation data. The reason why the
detection performances of PNF and NPNF are different may be
that the cross components may contain more noisy information
and therefore when the TCR is low, neglecting them in the
formalism of the PNF may improve the performance.
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Fig 9 The ground-true data of the ROI provided by UAVSAR
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Fig 10 The ROC curves of the detection results in UAVSAR
imagery

IV. CONCLUSION
Instead of using the vectorization of the covariance matrix, a
new form of the PNF (NPNF) has been proposed based on the
single target vectors. The experiments demonstrated that NPNF
can provide better performance than the existing PNF.

APPENDIX

To describe the difference between the two forms of the PNF,
the expanded expressions are presented here. The covariance
matrices are denoted as follows:

C=(¢;),  Cow=(Cury), 1<ij<d  (AD)

d is the dimension of the matrix, which equals 3 generally. The
final forms of the PNF and NPNF are presented.
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where Re(-) means the real part of a complex value. We can see

there is no obvious relation between the NPNF and the original
PNF.
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