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ABSTRACT

Target detection of marine feature is a major tdpic
the security and monitoring of coastlines. Syntheti
Aperture Radar (SAR) has been shown to be
particularly useful for this application becausédtsfall-
weather and night capability.

In this paper a new ship and iceberg detection
methodology is described that makes novel use @f th
polarimetric representation of targets containe AR
data. This polarimetric representation can
characterized by a vector with an algebraic forsmalin
a multi-dimensional complex space. The algorithm
proposed is based on a perturbation analysis in the
target space recently developed and published by th
authors [1-3], which was focused on land basedetarg
detection. In this new work, the general targeedietr

is optimised for detection of marine features Igteps

or icebergs. The algorithm can be considered ta be
negative filter focused on sea. Consequently, fadl t
features which have a polarimetric behaviour défer
from the sea are detected and considered as targets

Testing with RADARSAT-2 full polarimetric data
shows significant agreement with the expected ionat
of ships, boats and buoys, moreover the detecdems

to be independent on the sea state. Further vilidat
exercises are planned where SAR data will be aeduir
over regions containing ships with GPS location
trackers.

be

1. INTRODUCTION

The aim of the work described in this paper hasnbe
the development of an innovative ship detectoredas
on synthetic aperture radar (SAR) polarimetry amg t
methodology pioneered in [1-3], namely perturbation
analysis. Ship detection is a key topic for the
surveillance of coastal areas. In particular, SA&Spnts
an advantageous technology, since the observadians
independent on weather conditon and solar
illumination. Specifically, targets are detected by
exploiting the difference between the polarimetric
characteristics of sea clutter and the targetsiefrést,
ships.

In the literature, several papers have describegd sh
detection using radar polarimetry [4-7], howevee th
technique proposed here is entirely innovative esiitic
makes use of a methodology introduced by the asithor
in [1-3]. The proposed detector will be referredama
notch filter since the detector rejects the taggdécted

(in our case the sea) and detects anything diffédrem
sea. It acts in a similar manner to that of a ndiledr,
with the null corresponding to the sea return, hawe
the space where the filter is applied is now the
polarization space and not that of the frequendye T
algorithm is based on a physical rather than éstital
technique. In the following a brief introduction to
polarimetry is presented.

A single target can be characterized using a unique
scattering matrix or equivalently a scattering vect

k= %Trace([S]Y )=[k K ko k] (0

where [ is the scattering matrix an¥ is a complete
set of 2x2 basis matrices under a Hermitian inner
product [8-10]. In the case of a reciprocal mediamal
monostatic sensok is three-dimensional and complex.
Finally, the scattering mechanism is

w= /K. @

The targets observed by a SAR system are not mbehli
single targets, but a combination of different ckge
which we refer to as partial target [9, 11-13]. In order
to characterize a partial target the second orna¢isscs
are required. In this context the target coheranayrix
can be estimated as

(k) (ki) (k)
[c]= (k™) = (k) (Jef) (ki) -
(k) (k) (k)

where(,) is the finite averaging operator. In general, the
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scattering vector in a generic basiskis- [ki,kz,k3]T,
with K, Kk, and K, being complex numbers. If two

different scattering mechanismgy, and w, are
considered, the polarimetric coherence is [9]:
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2. SINGLE TARGET DETECTOR

A single target detector based on equation 4 haady
been developed and published by the authors if.[1-3

(4)

It is always possible to characterize a (normalized
single target with a scattering mechanigm which is
a vector in a 3-dimensional complex space [14, Ib].

the literature it has been demonstrated that agehanh
basis does not modify the nature of the target

represented. This operation can be accomplished by

multiplying by a unitary matrix [16]. In particulathe

W ' ([Pw, (8)
R Nl = e
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Where the first component is the target of inteeesd
the second and third ones are the clutter. Finalig,

detector is constructed setting a thresholdggn

It is interesting to note that the numeratoeq8can be
expressed starting fromA] as:

(Cme )" (A )) = (A T = (P, (10)

basis can be selected in order to have the tarfjet o Therefore, the coherence calculated €9.8 can be

interest . overlapping with one of the axes. Hence, in

this new basiswy :[J,O,O]T. Subsequently, a second

scattering mechanisrw,, is generated keeping it close

(in the geometrical space) o, . This operation can be

accomplished by the use of a target parameterizatio
(i.e. Huynen [13, 17, 18] or tha/ b angle [9, 19]).
The parameters characterising the target are Blight
modified in order to build the perturbed targetedde
note, the parameterisations work on a defined lfagis
Pauli or Lexicographic) consequently the change of
basis which transforms one axes onto the target baus
performed after the realisation of the perturbedda

After the perturbation process, the perturbed tangé
be expressed withy, = [a,b,c]T, wherea, b andc are
complex numbers. By definition,u, » n,, hence

|d»1, |of»0 and |d»0. Then, the polarimetric

coherence between these two targets is calculatd w
eg.4 It can be demonstrated [1-3, 20] that the colmren
is high when the target of interest is dominanttha
averaging window. Moreover, it is shown that the
detection can suffer from a bias when the target an
clutter are correlated, for this reason we needs® a
modified coherence estimator whefg] [is substituted
by a diagonal P] matrix formed by the diagonal terms

e [P]= diag(<\k1\2>,< k2\2>,< 2>) (5)

The matrix P] can be seen as being obtained with the
averaged Hermitian product between two diagonal

matrices A, containing the components of the
scattering vectorfA| = diag(k;, k,, k,) (6)
Hence,

[P1=(AIT[A])- (7)

The coherence calculated with thg fatrix is:

interpreted as the normalised and weighted inner
product between scattering mechanism for target and
perturbed target. The weights are defined by the
observables. In [1-3], the technique for the optatibn

of the parameters and the threshold selection is
presented.

3. PARTIAL TARGET DETECTOR

The aim of this section is to develop a partiabear
detector using the same methodology (i.e. pertiohat
analysis) of the single target detector. Firspranflism
similar to that used for the single target is conged
which will work for partial targets. Aeature partial
scattering vectors introduced:

t= Trace([C]Y ) = [tl’tzvtsvtmts’te]T =

= . s )t i ) e

where Y is a complete set of 6x6 basis matrices under
a Hermitian inner product. lies in a subspace dof®

and it has the first three elements real positive the
second three complex (please note, not the ergaees

of C°® represents physically feasible targets).
Considering we are using the entire informationtkep
the coherence matrix, we can describe completely a
distributed target. Therefore, we can express Hrégh

target (to be detected) with a vectdr and the

(11)

perturbed one witht,. The latter is obtained by

perturbingt; adding a random vector whilst ensuring

that the resulting target is physically feasibldem a
change of basis is performed which makes the taret
interest lie only on 1 component. Hence,

t. =[ 100000]" andt, =[a,b,c,d,e f,g] . This is
again obtained using a unitary matrix. In order to
calculate the weighted inner product betweign and
t,, a matrix B] is constructed with a basis at®
obtained by a Gram-Schmidt ortho-normalization weher



the first axis is represented by the vector. If u, =t ,
u,, u,, u,, U; and u, represent the ortho-normal

basis, the 4] matrix for partial targets can be calculated
as:

[A] dlag( t,u, t,ug t,u, t,ug t,u, t). (12)

The detector is then built as:

()" (Aee) =t (AT A =€ [P0 (13

where
[P]=diag(R, R, R P, R.R)- (14)
£ [PIt,
Plt Plt
( [PIt, 7 [PIt ) s
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In order to have unbiased results the best chadce i
b=C=\d\ =H =‘f‘. If we define the clutter as
P=R+R+P+R+P, and target ask =P, the
detector can be simplified in

1 _ 1

g: > =
142 R \/1+ RRIC
a P P

The final detector is obtained setting a threslooid) .
Hy:9(RR) T
Hy:g(R . R)<T
where H, and H, are respectively the hypotheses with
without target.

(16)

(17)

4. NOTCH FILTER FOR MARINE
APPLICATIONS

The partial detector presented in the previousiaect
was employed (in papers to be presented in IGARES’1
and EUSAR’10) to build up a classification algonith
Here, the application under consideration is the
detection of marine targets in a background congbose
exclusively by sea. To achieve this goal, the detec
must be modified in the form of a notch filter.

Sea clutter is polarimetricaly well characterizedléss

the backscattering is close to the noise floor). A
conventional model used to describe the sea is the
Bragg surface. The idea is to build a filter aldedject

the sea return and extract the remaining features.
Clearly, the latter are not just ships but coulsoabe
icebergs (depending on the geographic locationilor
spills (which are target of interest as well). Baling

the new formulation (the features’ partial scattgri
vector), the sea clutter can be completely chariaet

with a vector in a six dimensional complex spake,, .

This can be obtained using a Bragg model, or by
practically extracting it from representative exaespof

a dataset (i.e. by selecting a region of relatively
homogeneous sea).

The main difference with a standard detection (asy.
described in Section 2) is that a target layingthe
subspace of interest can not be represented by sole

one vectort; , but by a set of vectors. In particular, one
single vector represents a space of dimension istwh
the subspace of interest is multi-dimensional (ur o
case 5 dimensions). In order to represent the et o
vectors we need to define a projection matrix foe t
subspace of interest i€°. This matrix will generally

be of rank 5 (the orthogonal complement of the sea
subspace). This matrix can be nan{@@]. In the basis

where the sea clutter is only in the first compdrtée
projection matrix could simply be

[Pr.] = diag( 011111), (18)
which is clearly of rank 5. Subsequently we pertilmbd
elements of the diagonal (EP[F] in order to obtain a
target slightly outside the subspace considered:

[Pr.] =diag(a,b,c.d,e, f), (19)
where the addition of thea component (i.e. first

component) locates the projected vector outside the
subspace of interest. Without lost of generality caa

defineb=c=d=e=f and a<<h. Any vectorh., laying
in the subspace of the target of interest, canbbaired
as

[Pr]x=b, (20)

where z(z[xl,xz, X5 Xy )(5,x6]T is a generic vector of

C® in the subspace of the physical feasible targets.
With the same procedure we can calculate any vector
lying in the subspace of the perturbed targets

[Pr.]x=b, (21)
The detector can be written as
g = [Pe]" X TTPI[PE]x 22)

After few passages we arrive to the expression:
o Pl Py + [Py + [ P+ xR+ x| R
physical feasible targets, in particular we canseho

1
gn
J L
(23)
:%[mm]T (24)

eI ™ trIlPe ][] "X TTPIlPE )
xR
The x vector can be any vector in the subspace of the
which makes the detector equal to



1 (25)

9= ;
J“a R

B R+R+R+RR
After the change of basis performed at the begmnin

the target of interest is expressed as
BR=R+R+P+R+P, and the sea clutter is
P,.,=P,. Substituting these values ieq.25 the

detector becomes:

go L _ 1 (26)
) ‘af P PSea
1+ 19 Tsea 1+ RR—=¢2
b R '

From the practical point of view, we can estimdie t
power of the sea clutter as

* 2
PSea = <‘I ! XESeJ > ! (27)
and the total power of the feature vector as
* 2
Po= (74 ) (28)

Therefore, the power of the “non-sea” targets is
P. =P, - Py, After the substitution oP. and P, in

Sea’ Sea

eq.26 the detector is completed by setting a threstwld
G-

ot ~

5. ADAPTIVE NOTCH FILTER

In the previous section a notch filter was devetbpe
order to reject the return coming from the seadstédct

all the shapes which are polarimetricaly differeom a
Bragg surface. As explained in [1-3] the detector
developed is based exclusively on the polarimetric
behavior of the target, neglecting its brightnessth
brightness we mean the amount of power backscdttere
and described by the averaged span of the scafterin
matrix. In fact the detector is built using the grirhetric
coherence (normalized and weighted inner product),
hence if the entire scattering matrix is multiplibg a
factor this will simplify during the normalization,
making the result independent of the factor. This
property is particularly advantageous in a polatiioe
detector, since the independence with respect ¢o th
brightness allows the detection of weak targetschvhi
will be missed using a threshold on the amplitufithe
return. However, such improvement in standard
detection could lead to some inconvenient effemtstfe
notch filter.

Even though the sea has a relatively well charaetegr
polarimetric behavior (once the parameters of treggB
model are defined), the amount of backscatterimgbea
different depending on the ocean’s roughness, wisich
related to the prevailing wind speed. While the
backscattering from the sea is dependent on fatikers
weather, the ship return remains relatively stable.

Therefore, the balance between sea and targenristur
modified with a consequent need for changing of the
detector parameters. In the case of standard (tehno
filter) detection, this does not constitute a pesblsince
we do not have priori information about the nature of
the clutter (which is sea) and an increase of efutt
return simply means the presence of a differeigietan

the cell (hence no detection must be achievedihén
notch filter case, we reverse the detection process
that what was the target becomes clutter, hence to
perform the detection we need to take into accdsnt
backscattering variation.

The problem can be solved by tuning the detector
according to the sea state. This can be easilyeaeti

by changing theRR (reduction ratio) parameters in the
detector. A lowelRRis preferable when the sea state is
rough since it reduces more strongly the increasem
clutter. On the other hand, a higheR can be used
when the sea is calm when the ship should be letight
than the clutter (as for a standard detection).

We want to make the selection BR automatic and
hence independent to the subjective interpretaifche
operator. First of all we need a reference statetdhe
detection in absence of sea clutter (completelyncal
state). For this purpose we can use $iINR (Signal to
Noise Ratio) of the sensor employed. By definittha
sea return increases exclusively the clutter coraptan
(i.e. the rest of the target space is orthogonahéosea
component). What we want to do is to keep the
threshold constant and rescale /i

1 1 (29)

P, R

\/1+ RR, B \/1+ RR p
RR = RR% (30)

where RR, is theRRselected for “only noise” casé®,

is the power of the clutterP, the power of the sea
clutter, P, the power of the target orthogonal to the sea
clutter (target to detect) anRR the RRto set for the
detection. Ineq.3Q RR, and P, are assessed in the
“‘only noise” case, andP, in the operative case. The
only unknown ineq.30is RR which can consequently
be retrieved.

The last problem to solve is the calculation of the
reference value for the sea clutter povier A possible

solution could be to estimate it in an area whheesea
seems to be quite stable. However, the sea state ca
change significantly from one area of the image to
another (e.g. it is function of the incidence ahgle
Hence, we need to estimate the amount of sea pgwer

more locally. Unfortunately, the estimation can bet



done in the same window used for the coherence
calculation since if the target has componenthiénsea
subspace the detection will be biased. For thisaeaa
special window is used as showrFigure 1.

Figure 1. Window used to calculate the sea clutter
power

This is subdivided in 9 sections, each containifglb
pixels.

In any section the result is used only if it consai
mainly sea. The decision rule is based on the ratio

between the sea powd®, (i.e. the power contained in
the sea subspace) and the rest of the power
Prest = R’ = Fot - Ps (31)

If the sea power is at least double of the other
components, we can consider it as a sea area antiais
section to estimateP,. Otherwise the section is

discarded.

Hyiseas 2
Prest (32)
H,: e < 2

rest
In case of hypothesi#i, the section is used, otherwise

it is discarded.

In case there is not any section containing ondy (&&
components in the sea subspa@).30 keeps on
working sinceP, =P, andRR = RR,.

6. TESTING

In order to test the potential of the notch filtdr,is
applied on fully polarimetric SAR data. We decided
use C-band RADARSAT-2 because of the reported high
quality of the data. Idigure 2, the detection over the
area of the Vancouver harbor is presented (FinedQua
Pol; 2008-04-15) Figure 2.a depicts the Pauli RGB
image as comparison, while Znb the mask obtained by
the notch filter is depicted. Firstly, it can beesethat
the land is clearly detected since it is polarimnaty
different from the sea. In the regions of watefedént
targets can be detected. In general, we expectraleve
ships in this sea window since the channel is coniyno
busy. Some of the detected points are strong entaugh
be also easily visible on the RGB image, but otlaees
not clearly extractable from the simple survey loé t
RGB image.

(@)

(b)
Figure 2. Notch filter on RADARSAT2 (Vancouver); (a2) RGBIPaage; (b) detection with the notch filter



(@) (b)
Figure 3. Notch filter on RADARSAT?2 (San Francisco); (a) R&ili image; (b) detection with the notch filter.

(a) (b)
Figure 4. Notch filter on RADARSAT2 (Vancouver); (a) RGBIPaage; (b) detection with the notch filter.

Figure 3 shows another example of detection again with sparkling regions in the RGB image. These could be
RADARSAT-2 in the area of San Francisco (Fine Quad confused with non-sea features in a superficialialis
Pol; 2008-04-09). The detection on this new dateset analysis. However, there are so many sparklestlilegt
performed using the same processing (in particiar should constitute a fleet of small ships. Only by
estimation of RR of the previous dataset. This is averaging and weighting the components, we cartreje
another region where we expect a large numberipésh  those points. The interesting difference betweea th
and buoys. Most of the targets seem to be brightigim detections irFigure 2 and3 is that in the former the sea
to be visible on the RGB image, however the detesto state is rougher than the latter. In both the cdbkes
able to reject areas where noise effect creates red detection algorithm provides feasible results. &ea



note, exactly the same algorithm was performedath b [3]
data with no manual changes in the detector pasmet

(only the automatic change BR). Hence, the detection

can be theoretically performed with any sea sexen

though a very calm state could lead to a sea [4]
backscattered signal below the noise floor. Clearly

the later occurrence (i.e. very calm state), a Emp
threshold on the HV image would be robust enough fo
ship detection. [5]

Finally, Figure 4 illustrates the last detection exercise.
The sensor is RADARSAT-2 and the area is still the
Vancouver harbor. However, this dataset is acquined

a different time respect the one presente&igure 2.

We decided to present this example because here the
weather conditions are considerably different friima
previous one, with much lower wind speed, leading t
lower backscattering for the water region. From the
RGB image it is possible to identify sea regionshwi
low backscattering due to absence of wind (i.eclbla
spots and channels in the image). It is interestingpte

that the detector is able to deal with these areas
removing them from the detection mask. In factcase

of absence of sea return the algorithm performs its [8]
check on the noise level, if the target is domiramthe
noise it is detect, otherwise it is discarded.

(6]

[7]

9]

7. CONCLUSIONS

A notch filter for partial targets was developedrsng

from the single target detector [1-3] using peratidn

analysis. The detector aims to highlight the fesgur  [11]
which are polarimetricaly different from the seattdr.

The algorithm has been tested using satellite data
(RADARSAT-2 acquired over Vancouver and San
Francisco) showing the capability of the detector t [12]
detect non-sea features independent of the sea #tat

the future work we will try to validate the detectn

(10]

regions for which we have ground truth of knowrpshi [13]
positions.
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