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A ship detection model based on multi-distributions of SAR imagery

CHEN Peng™?, LIU Renyi?, HUANG Weigen?

1. College of Science, Zhejiang University, Zhejiang Hangzhou 310012, China;
2. State Key Laboratory of Satellite Ocean Environment Dynamics, Second Institute of Oceanography, Zhejiang Hangzhou 310012,

China

Abstract:

In this paper, we propose a new ship detection model based on SAR imagery. The model uses the Pearson distribu-

tion system to simulate the backscattering distribution of ocean surface on SAR imagery. In the Pearson distribution system, four
distributions including the Pearson distributions of type I (y), III, IV(Inverse y) and VI are employed. Using these four distribu-
tions, we build a CFAR equation. A distribution selection machine based on g plane is used to select which distribution is
adopted to specified SAR imagery. We can get four equations and the threshold of gray level. Then, using the threshold, the
model can find ships from SAR images. Some tests show this model working well.
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1 INTRODUCTION

CFAR technology is often used in Ship detection in SAR
imagery. From published literature we can find some distribu-
tions were used in the ship detection models, such as normal
distribution, K distribution, y distribution and etc. Eldhuset
(1988) used normal distribution to form a bi-window ship detec-
tion model. This model supposes that the return signal of sea
clutter obeys normal distribution and uses a fixed threshold to
separate the ship from sea clutter. K distribution was applied in
OMW in Canada (Vachon et al., 2000). Lombardo et al. (2001)
used y distribution in ship detection model. But after browsing
hundreds of SAR imagery we find that the sea clutter distribu-
tion is varies when the wind speed of sea surface changed in
different areas or different images.

We try to use a compound distribution to fit the sea clutter
distribution, then, using the compound distribution to build a
ship detection model. It is noticed that Ward (1981) had intro-
duced a compound distribution model for sea clutter. The model
is derived from the radar reflectivity of the resolution cell and
the radar point spread function. The distribution of the intensity
is obtained by

N
ORI
s I'(N)
where: N is the number of looks of the image, S depends on
the reflectivity and the radar point spread function, 77-) is the y
function.
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For S is not observable, Quelle et al. (1993) proposed a set
of distributions which contain U, J, and bell-shaped probability
density function, and a large variety of uni-model distributions
such as y, B of the first kind, g of the second kind, inverse y
distribution, etc. So, we can base the results of Delignon, and
build a new ship detection model.

2 SHIP DETECTION MODEL OF COMPOUND
DISTRIBUTION

The model consists of four parts: parameter estimation mod-
ule, distribution selected module, CFAR module and detection
module.

2.1 Parameter estimation module

The function of parameter estimation module is estimating
the skewness parameters, kurtosis parameters, and the moment
of intensity of SAR imagery. Skewness and kurtosis are used to
specify which distribution is selected, and the moment parame-
ters are used to estimate the shape parameter and the scale para-
meter.

Let’s use S, denote skewness parameter, 3, denote kurtosis
parameter and m, denote the y order moment of S. then the
estimated y order moment is as follows:

y_L(N)

y = mﬂy 2
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where: The yth moment of the intensity ., is estimated with
the intensity image, N is the number of looks of the image. £
and /3 are as follows:

B=—3 @)

Pr=— (4)

For all distributions, a,cy,c, are important to the shape pa-
rameter and the scale parameter, so these three parameters are
as follows:

a mgm, — 4m3m12 + 3m§m1

®)
2(2mgmy + mzml2 - 3m§)
2, M2
__Mgm, — 2mgmy” + m5my ©)
2(2mgmy + m2n112 - 3m§)
2 _o9m2
o, — _MaMy + Mym; 2msmy %

2(2mym + mzml2 - 3m22)

2.2 Distribution selected module

The function of distribution selected module is to specify
one distribution used in ship detection model by the skewness
parameter and kurtosis parameter. Each S distribution can be
represented by a separate subspace in the S (skewness) and 3
(kurtosis) plane (Fig.1)

In the plane, the position of 8,—f, appoints the distribution
of the associated distribution while the y distribution and the
inverse y distribution are represented by a line, and the g distri-
butions are represented by an area (Delignon, 1997). So, It can
be estimated that the S, £ parameters using Eq.(3) and Eq.(4).
Then we can choose the corresponding distribution in the asso-
ciated distribution.

1

Limit for all the distributions

Limit for the distributions of §

B,

Fig. 1 S distribution in the (3, /) plane (Delignon, 1997)

N: normal distribution I: # distribution of the first kind Il1: y distribution
s inverse y distribution  : B distribution of the second kind

2.3 CFAR module

The function of CFAR module is to calculate the CFAR
function and get the threshold of ship detection. For four dis-
tributions, we must form the following CFAR function.

X
CFAR =1- j f, (t)dt (8)
i=0
where CFAR is Constant False Alarm Rate and f(x) is one of
four distributions.
While the distribution is g law of the first kind, its expres-
sion (Delignon, 2002) is:

F(q) [ij(erN—l)/Z

r(N)B(p.ayx\ A

fl (X) — efNX/Zﬂ x

9)
Nx
W(—p—2q+N+1)/2,(N—P)/2[ﬂJ X € (0,+0)
Where: B(.) is g function, W(.) is the Whittaker function, p

and q are the shape parameters, S is the scaling parameter.
p=-241 g=2_1. (10)

G )
p=t (1)

While the distribution is y law, its expression is:
f ) ,H ﬂ\/; a+N-1
1(X)= x
(N (@)X 2
Ka—N (ﬂ\/;)

where: K(.) is the modified Bessel function of the second

(12)

x € (0,+0)

kind, « is the shape parameter, S is the scaling parameter.
a

a=——+1 (13)
G
1
p=— (14)
G
While the distribution is inverse y law, its expression is:
NB(Np)N

fi(x)=

= 0,+o0 15
B(N,a)(NBx+1)N*e X< 0) =

where « is the shape parameter, S is the scaling parameter.
a

a=-—+1 (16)
G

p=2 (17)
a

While the distribution is g law of the second kind, its ex-
pression is:

£ (X)_F(N+q)(Nx]N <
T rnB(payx| B 8)
Upigi-N+p (l\;(J X € (0,+00)

where: B(.) is g function, U(.) is the hypergeometric function,
p and q are the shape parameters, £Sis the scaling parameter.
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p=—i+1, q=i+1 (19)
)
-4 (20)
B c,
where, a,c;,c, are obtained by operating Eq.(5), Eqg.(6) and
Eq.(7).

The evaluation of precision of the distribution system was
done by Delignon (1997) using Kolmogorov-Smirnov test. The
test shows that distributions have a good fit to the histogram of
Seasat SAR imagery.

2.4 Detection module

The function of detection module is to separate the ship pix-
els from sea clutter in SAR imagery. After getting the shreshold
level by Eq.(8), ship detection is easy by image processing.
After being divided by the shreshold, some false alarm caused
by speckle noise are still retained, so we add a false alarm removing
step in the process (Chen, 2005).

(1) To set the min size of the ship according the image
resolution.

(2) For any candid of ship pixels, we add up all pixels of one
candid ship using the area growing method and get the pixel
numbers of each ship.

(3) If the pixel numbers of a candid ship is large than the
number we set, this candid ship is regarded as a true ship, or
else, is a false alarm.

3 SHIP DETECTION EXPERIMENT

For validating the ship detection model, we selected some
SAR images to test the model’s performance.

Test 1: Fig.2 is an ENVISAT ASAR image of Zhou Shan
area on 24, Sep.2008.

Ship detection model does some sampling randomly for the
SAR image, and the sample data is used to estimate the para-

Fig.2 ENVISAT ASAR image of Zhoushan, 24 Sep. 2008

meters. £,=1.02, 5,=4.08, from the (4, 5) plane, we can find
that the distribution is g distribution of the first kind. The para-
meter p=50, g=3, 4=60. Fig.3 is fitting result by the g distribu-
tion of the first kind. It can be found the line has a good fitness,
especially in the tail area. We also use the other distribution to
fit the histogram, Fig.4—Fig.6 is the fitting result, more errors
are shown in the last three figures.
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Fig. 3 Fitting result of the g distribution of the first kind
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Fig. 6 Fitting result of the g distribution of the second kind

In Test 1, we denote the CFAR as 1078, and the threshold
value is 201 after integral of the g distribution of the first kind.
As we do not have validating data of the ship on the SAR image,
the detection result is compared with the result of identification
by eyes and the two results are coincidental (Fig.7).

Test 2: Fig. 8 is ENVISAT ASAR image of Wide mode at
area of The Yangzi River Estuary on 16, May, 2005. The image
resolution is 75 meters. After calculating, f= 0.99, 5= 4.5,
from the £ plane, a=0.0005, £=0.1. Fig.9 is the fitting result of y
distribution. Though the sea back scattering is very low, the
fitting result is still good.

In Test 2, we denote the CFAR as 1078, and the threshold
value is 85. Fig.10 is the result of ship detection, red points are
ships, and all four ships are detected correctly.

Fig. 7 Ship detection result of Fig.2 by the model

Fig. 8 ENVISAT ASAR WS mode image of Yangzi River estuary, 16
May 2005

—— Histogram of Fig.8
—— y distribution

Probability

0 50 100 150 200 250 300
Gray level

Fig. 9 Fitting result of the y distribution

Fig. 10 Ship detection result of Fig.8 by the model
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Test 3: Fig.11 is Radarsat-1 image of F2 mode at area of
Zhou Shan in 29, Oct., 2005. The image resolution is 6.25 me-
ters. After calculating, = 0.9, 5= 4.8, from the Bplane, a=4.2,
$=0.05, drops in the area of inverse y distribution. Fig.12 is the
fitting result of inverse y distribution. The sea back scattering is
very low and centralized, the fitting result is also turning up
trumps.

In test 2, we denote the CFAR as 1078, and the threshold
value is 48. Fig.13 is the result of ship detection, red points are
ships, and all six ships are detected correctly.

Test 4: Fig.14 is ERS-2 image at the area of East China Sea
on 1, jun., 2006. The image resolution is 25 meters. After calcu-
lating, = 0.91, 3= 4.5, from the g plane, p=3.9, q=5.4, /=18,
drops in the area of g distribution of the second kind. Fig.15 is
the fitting result of g distribution of the second kind. For ERS is
VYV polarization , Sea back scattering peak value is deviation to Fig. 13 Ship detection result of Fig.11 by the model
left obviously, and the fitting result is perfect.

Fig. 14 ERS-2 SAR image of East Sea, 29 Jun. 2006
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161 Fig.16 is the result of ship detection, red points are ships,
Fig. 12  Fitting result of the inverse y distribution and both two ships are detected correctly.
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Fig. 16  Ship detection result of Fig.14 by the model

Four tests show that the model has a good adaptability for
different stars and resolutions .the model has some value to
further study.

4 CONCLUSION

On the basis of compound distribution system, we suggest a
new ship detection model. The model applies four distributions
including the g distribution of the first kind, y distribution, in-
verse y distribution and the g distribution of the second kind.
We used ENVISAT ASAR, Radarsat-1 and ERS-2 SAR images
to test the model, and the results show that the performance of

the model is well and further study should be done.
Acknowledgements: The authors thank the data support
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