The International Archives of the Photogrammetry, Remote Sensing and Spatial Information Sciences, Volume XL-1/W5, 2015
International Conference on Sensors & Models in Remote Sensing & Photogrammetry, 23-25 Nov 2015, Kish Island, Iran

Automatic ship detection in Single-Pol SAR Images using texture features in artificial neural networks
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ABSTRACT:

This paper presents a novel method for detecting ships from high-resolution synthetic aperture radar (SAR) images. This method
categorizes ship targets from single-pol SAR images using texture features in artificial neural networks. As such, the method tries to
overcome the lack of an operational solution that is able to reliably detect ships with one SAR channel. The method has the
following three main stages: 1) feature extraction; 2) feature selection; and 3) ship detection. The first part extracts different texture
features from SAR image. These textures include occurrence and co occurrence measures with different window sizes. Then, best
features are selected. Finally, the artificial neural network is used to extract ship pixels from sea ones. In post processing stage some
morphological filters are used to improve the result. The effectiveness of the proposed method is verified using Sentinel-1 data in
VV polarization. Experimental results indicate that the proposed algorithm can be implemented with time-saving, high precision ship
extraction, feature analysis, and detection. The results also show that using texture features the algorithm properly discriminates

speckle noise from ships.

1. INTRODUCTION

The interest in vessel monitoring and surveillance springs from
the need to enforce regulations and be warned of security
threats; it is for the most part authorities who have these needs.
Regulations are related to maritime safety, immigration,
protection of the environment and natural resources, tariffs and
duties, and public and workers’ health and well-being. Security
threats can be related to piracy, terrorism, organized crime, and
military and defence issues. SAR has the ability to penetrate
clouds and provide information on both day and night. SAR
imagery can potentially be used to detect a range of maritime
activity, including small vessels, large ocean-going ships and
even oil spills. SAR is a proven technology that can be used to
detect ships at sea which have no active transponders
(commonly referred to as dark targets). Another advantage of
using SAR is the large swath widths that these satellite based
sensors can cover (thousands of square kilometers can be
covered in a single pass) which reduces the monitoring cost per
square kilometers significantly when compared to manual
monitoring systems. Various methods have been proposed that
process SAR images to monitor these targets.

Maritime monitoring and surveillance using single- and linear
dual-pol SAR modes have been extensively studied using
RADARSAT-1, ERS-1/2, and ENVISAT ASAR data,
demonstrating very promising results for ship detection
(shirvani,2012) (see, for example (Vachon et al., 1997), (Touzi
et al., 2004a), (Liu etal., 2004), (Singh et al., 1986), (Wismann
etal., 1993) and (Fingas et al., 1997)).

To date, most detection algorithms try to ensure a constant
false-alarm rate (CFAR) (Crisp., 2004), (Brusch et al., 2011),
(Fei et al., 2012), (Novak et al., 1989) and (Novak et al., 1993),
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and for this purpose, the clutter distribution is always locally
estimated so that the decision threshold can be adaptively
determined according to a given probability of false alarms
(PFA). A large number of CFAR detectors have been proposed
with different local statistics of the background clutter (Crisp,
2004),( Pourmottaghi et al., 2012) and (Liu et al., 2011).

A conventional constant false alarm rate (CFAR) detector
searches ship targets adaptively in the whole imagery with a
sliding window, which consumes much time and cannot meet
the near real-time processing requirement ( Xiangwei at al.,
2012).

recent works ( Musman et al., 1996), (Osman et al., 2000), have
been focused to exploit the polarimetric properties of
polarimetric SAR (POLSAR). In that case, different procedures
based on coherent target decomposition (CTD) theorems are
designed in order to express the complex polarimetric scattering
behavior of ships in terms of specific combinations of elemental
mechanisms. Normally, such simple mechanisms have
associated a physical meaning where the main geometrical
properties of the observed target could be delineated with
(Cloude et al., 1996) In (Touzi et al., 2002) and (Touzi., 2004b)
a new method based on the symmetric scattering
characterization method CTD is defined, with the aim to exploit
the advantages of coherent and incoherent theorem
decompositions (Touzi et al., 2007).

Although the previous approaches provide encouraging results,
they demand restrictive system requirements in as much as full-
pol sensors are needed. Such capability is not operationally
available in most of the satellite sensors,1 and hence, their
exploitation in current ship monitoring services is limited (at
least at short term),(Margarit., 2011). With the aim to overcome
this drawback and to fill the gap in ship classification until new
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POLSAR sensors become available, this paper presents a new words, according to the probability of occurrence of
methodology specially conceived to work with single-pol gray levels in the image, the parameters are estimated.
images.
. Second order statistical descriptors based on co-
occurrence matrix: gray level co-occurrence matrix
2. MATERIALS AND METHODS method, is the most common method of texture

analysis, which not only considers the distribution of
gray levels, but also position of pixels relative to each
other (Haralick., 1973).

Selected texture features are shown in the figure.2 and 3.

A new method for ship detection using texture features in neural
networks is presented. First classification of SAR images using
neural networks is introduced. The texture features used here as
well as ship model in SAR images are then presented. The
proposed method for ship detection is finally explained in
details.

2.1 Classification of SAR images using neural networks

Classification can be interpreted as a transformation from
feature space to a nominal set. It means for each pixel it receives
an n-dimensional input vector and defines which class it
belongs to. Ship detection can be defined as a classification
problem in which all pixels are divided into ship and
background (sea and other objects). Neural networks are
computational systems that can be replaced with any non-linear
function. They receive an n-dimensional input vector by “n”
available neurons in their input layer and transform it to another
m-dimensional output vector at their output layer which consists Figure 2. Occurrence texture features respectively from left to
of “m” output neurons (figure.1). right: skewness, entropy, variance, mean and data range
To use neural networks as a classifier, input vector may be fed
through the neurons in the input layer, but class membership
must be presented in a numeric format. This could be done in a
binary expression in which being belonged to a class is shown
by number one and not being belonged by zero. For each class,
the network should be involved an output neuron at its output
layer. The back-propagation neural network (BNN) is one of the
most used networks. A BNN consists of a number of layers:
input layer, output layer and one or more hidden layers
connected to a feed forward way. Each layer consists of a
number of neurons. Every unit feeds only and all the units in the
next layer. (mokhtarzade., 2008)

Back propagation neural network
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. . . Figure 3. Co-occurrence texture features respectively from left
Figure 1. The structure of neural network for ship detection to right: correlation, second moment, entropy, dissimilarity,

. contrast, homogeneity, variance and mean
2.2 Texture Analysis

Texture is a property that can be defined as regular repetition of 2.3 Specification of the Used Data

an element or pattern on a surface. Statistical approaches are the The study area is located in the Persian Gulf in the south of
most common methods of texture extraction used in the ana_lysis Iran. The data used in this study is Sentinel-1 SAR image with a
of satellite images. (Mokhtarzade., 2008) the most widely resoytion of 5x20 m and VV polarization in IW GRDH mode
texture analysis methods are as follows: taken in June 17, 2015. Figure 4 shows the image of the study

area.
e  First order statistical descriptors (using a one-

dimensional histogram): first order statistical
descriptors, based on the image histogram, or in other
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Figure 4. The image of the study area

2.4 Ship Model in SAR Images

In SAR images, ships have higher radar cross section (RCS)
than the surrounding sea clutter. This is due to the effect of
multiple bounces of incoming radar waves from the ship’s
superstructure (Ai et al., 2010) As a result, with a proper
threshold, ships can be detected and separated from the sea
clutter.

However, the homogeneous regions in low to medium
resolution SAR images become uneven in high-resolution SAR
images (Wang et al., 2014). Sea waves, bright clutter, and even
system noise are distinct. Although land masking is finished
before ship detection, false alarms may occur at the water—land
interface, such as dock areas and off-shore fishing zones
(Wang.,2014). Sometimes, a single ship is detected multiple
times. This is due to some reasons, such as the presence of side
lobes in both the azimuth and the range directions, as well as
the presence of discrete scatters on a ship, causing the
appearance of numerous areas of bright and dark texture. Ship
detection with low false alarms in high resolution SAR images
faces more challenges than it does in low-resolution SAR
images of ships (Wang.,2014).

As the new generation of SAR sensors are free and the demand
for sea application in high-resolution scenes grows rapidly, a
fast algorithm needs to be designed to deal with the mass data
and to achieve wide area ocean surveillance.

2.5 Ship Detection method

Ship detection is the classification of image pixels into two
classes of ship and sea.

Figure 3 shows the ship detection algorithm. First, in pre-
processing step, land masking and radiometric correction are
necessary. This steps are done by sentinel toolbox. Feature
extraction then is done. In this step, ship features, including
occurrence and co-occurrence texture parameters are extracted
and introduced as input neurons to the neural network. A
hidden layer is used in structure of neural network.

The texture parameters were calculated using different window
sizes including 3x3, 5x5 and 7x7. Then the texture parameters
and the intensity were introduced into neural network as input
vector. Different input vectors and neural network structures
were used for ship detection. A back propagation neural
network with 13 input neurons and one hidden layer with 20
neurons were used. Finally in post processing step
morphological filters including erosion and dilation were used
to make the results more clear and remove noises. Figure 6 and
7 show the output of CFAR algorithm and our proposed
algorithm. In figure 6, green circles are the noises that in the

CFAR algorithm have been detected as ship by fault. There was
not any ground truth for accuracy assessment this stage was
done by visual and comparison between a manually—produced
map (figure 8) and the algorithm result. This algorithm is also
faster than CFAR.
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Figure 1. Flowchart of the proposed algorithm

Figre 3. Ship detection result after post processing
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3. CONCLUSION

This letter proposed a new ship detection method based on
texture features for SAR images. Optimized results were
observed with texture analysis in single-pol SAR images, such
as Sentinel-1. The proposed method could guarantee a high
estimation of target detection probability and a low estimation
of undetected target probability. The experimental results
showed that our method could quickly detect ships at the sea or
by the sea. The extracted features, including occurrence and co-
occurrence textures, could be an important foundation for ship
classification. Ship identification using texture features will be
investigated in the future works.
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