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Sommaire

Le but principal de cette these est de developper des algorithmes efficaces et de concevoir

un systeme pour la detection de bateaux dans les images Radar a Ouverture Synthetique

(ROS.) Dans notre cas, la detection de bateaux implique en premier lieu la detection de cibles

de points dans les images ROS. Ensuite, la detection d'un bateau proprement dit depend

des proprietes physiques du bateau lui-meme, tel que sa taille, sa forme, sa structure, son

orientation relative a la direction de regard du radar et les conditions generales de 1 etat de

la mer. Notre strategie est de detecter toutes les cibles de bateaux possibles dans les images

de ROS, et ensuite de chercher autour de chaque candidat des evidences telle que les sillons.

Les objectifs de notre recherche sont (1) d'ameliorer 1'estimation des parametres dans Ie

modele de distribution-K et de determiner les conditions dans lesquelles un modele alternatif

(Ie Gamma, par exemple) devrait etre utilise plutot; (2) d'explorer Ie modele PNN (Prob-

abilistic Neural Network) comme une alternative aux modeles parametriques actuellement

utilises; (3) de concevoir un modele de regroupement flou (FC : Fuzzy Clustering) capable

de detecter les petites et grandes cibles de bateaux dans les images a un seul canal ou les

images a multi-canaux; (4) de combiner la detection de sillons avec la detection de cibles de

bateaux; (5) de concevoir un modele de detection qui peut etre utilise aussi pour la detection

des cibles de bateaux en zones cotieres.

Dans les approches courantes de detection de bateaux, la technique de CFAR (Constant



False Alarm Rate) est souvent utilisee pour determiner Ie seuil d'image. Une des difS.cultes

principales de la technique de CFAR reside dans Pestimation de la pdf (fonction de densite

de probabilite) de Phistogramme de 1'image ROS. Le modele parametrique de distribution

K est souvent utilise pour estimer la pdf de des intensites de 1'image. Dans cette these,

nous avons propose deux approches differentes pour estimer les parametres ce modele, d une

part, et d'autre part, nous avons developpe les conditions dans lesquelles un modele autre

que la distribution K (la distribution de Gamma, par exemple) devrait etre utilise. Pour

reduire Ie taux de fausses alarmes apres Ie seuillage, nous avons propose 1'utilisation d'un

filtre morphologique pour eliminer les faux pixels de bateaux, ainsi que 1'application de la

transformee de Radon adaptee pour confirmer qu un candidat est reellement un bateau.

Le modele PNN est un melange de distributions de Gaussiennes qui peut toujours fournir

une excellente approximation aux histogrammes d'images ROS. Nous avons utilise Ie PNN

comme pdf pour construire un detecteur a base de CFAR. Pour ce faire, nous avons utilise

la technique de cross-validation pour determiner la largeur des Gaussiennes dans Ie modele

PNN et des techniques d approximations numeriques pour rendre Ie modele tres efficace.

Dans Ie souci de developper un algorithme automatique de detection de bateaux (ADA

: Automatic detection Algorithm), nous avons teste et ameliore 1'algorithme base sur Ie

transforme de Radon. Get algorithme implique trois precedes consecutifs: pre-traitement,

transformee de Radon et poste-traitement. La transformee de Radon est utilisee surtout pour

detecter des caracteristiques lineaires dans une image en integrant les intensites Ie long de

toutes les lignes possibles dans 1 image. Cette technique a ete appliquee dans notre systeme

pour raf&ner les pixels de bateaux afin de supprimer les faux bateaux en verifiant s'il y a des

sillons autour d'eux.

Un des problemes de la detection basee sur la technique CFAR est d'etre oblige de choisir
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a 1'avance un niveau de signification qui correspond a un CFAR bien determine. Dans la

pratique, Ie niveau de signification est souvent choisi d'une maniere heuristique. Puisque

la taille et Ie nombre de cibles de bateaux dans une image sont inconnus, un CFAR fixe

a Pavance resulte souvent en peu ou en trop de cibles (manquer des cibles ou produire des

fausses alarmes). Pour resoudre ce probleme, nous avons propose un algorithme de detection

base sur 1'algorithme de regroupement flou FCM. Nous avons propose une nouvelle mesure

de validite pour evaluer la performance de 1 algorithme de FCM et nous 1'avons adapte pour

trouver Ie seuil (niveau de signification) optimal pour 1'image dont 1'histogramme possede

un seul mode. Get algorithme est capable de detecter les petites et les grandes cibles et est

convenable pour les images a un seul canal ou les images a multi-canaux.

Pour les images contenant des regions cotieres, nous avons propose deux methodes pour

detecter les cibles possibles de bateaux. Ces methodes, basees sur Ie regroupement flou et la

modelisation statistique, reposent sur la separation entre la mer et les regions cotieres.

Finalement, Nous avons integre tous ces algorithmes dans un systeme qui comprend

six modeles. Le systeme a ete teste sur un certain nombre d'images (SEASAT, ERS et

RADARSAT-1, par exemple) et sa performance a ete evaluee.

Les contenus de cette these ont fait Pobjet de plusieurs publications dans des revues avec

comite de lecture et dans des conferences mtemationales.
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Abstract

The main purpose of this thesis is to develop efficient algorithms and design a system for

ship detection from Synthetic Aperture Radar (SAR) imagery.

Ship detection usually involves through detection of point targets on a radar clutter

background. The detection of a ship depends on the physical properties of the ship itself,

such as size, shape, and structure; its orientation relative to the radar look-direction; and

the general condition of the sea state. Our strategy is to detect all possible ship targets in

SAR images, and then search around each candidate for the wake as further evidence.

The objectives of our research are (1) to improve estimation of the parameters in the K-

distribution model and to determine the conditions in which an alternative model (Gamma,

for example) should be used instead; (2) to explore a PNN (Probabilistic Neural Networks)

model as an alternative to the commonly used parametric models; (3) to design a FC (Fuzzy

Clustering) model capable of detecting both small and large ship targets from single-channel

images or multi-channel images; (4) to combine wake detection with ship target detection;

(5) to design a detection model that can also be used to detect ship targets in coastal areas.

We have developed algorithms for each of these objectives and integrated them into a

system comprising six models. The system has been tested on a number of SAR images

(SEASAT, ERS and RADARSAT-1, for example) and its performance has been assessed.
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Introduction

Synthetic Aperture Radar (SAR) is one of the most important microwave-based imaging

systems. The main advantages of an active sensor like SAR are the possibility of all-weather

operations and the capability of gathering data with high resolution. An important applica-

tion of SAR imagery is ship surveillance, since a ship and its wake can often be detected in

the high-resolution SAR imagery provided by satellites.

Ship detection usually involves through detection of point targets on a radar clutter

background. Ship targets have sharp edges and are made of highly reflective materials,

such as steel, which cause very high returns in the SAR data. Ships appear in SAR images

as bright points against the generally darker sea background (see Figure 1). In fine-mode

images, some detailed structure of the ships can also be seen. The detection of a ship depends

on physical properties of the ship itself such as size, shape, and structure; its orientation

relative to the radar look-direction; and the general state of the sea. RADARSAT has the

capability to capture both stationary and moving ships on the ocean. These ships appear

as bright targets, usually against the dark background of the ocean. However, its imaging

geometry and polarization make wake detection from RADARSAT image more difficult than

from those yielded by SEASAT and ERS series of satellites (see [65,74]).

Because the SAR processor assumes targets to be stationary, moving ships in SAR im-

agery are displaced in the azimuth direction from their wakes. Depending on the ambient



Figure 1: Sample SAR images

and imaging conditions, different types of ship wakes can be observed, such as turbulent

wakes, Kelvin envelopes, transverse waves, internal wave wakes, and narrow-V wakes. The

presence of a wake can be used to determine the ship's heading and speed. Ship wake detec-

tion and characterization using radar signals in SAR images have been a subject of interest

in the area of ship traffic surveillance (see [22,41,63]).

0.1 Review of Previous Work

Considerable work has already been done on ship and ship wake detection on a radar clutter

background (see [22, 41, 65, 74]). In general, ships show up as bright objects due to the

effect of corner reflection in SAR images. With an appropriate choice of threshold, all

ships visible to the human eye can be detected. A statistical model-based algorithm for

ship detection from RADARSAT SAR imagery has been proposed by Rey and Vachon et al

(see [65, 74]). The Constant False Alarm Rate (CFAR) technique is used to improve ship

target detection performance. This technique is based on the computation of a threshold

from the image histogram to keep the rate of false alarms constant. The technique requires



approximation of the histogram by a probability density function (pdf). The initial ship

detection algorithm in the Ocean Monitoring Workstation (OMW), an expert system [74], is

the CFAR-based algorithm using K-distribution statistical fits, which was developed jointly

by the Defence Research Establishment Ottawa (DREO) and the Canada Centre for Remote

Sensing (CCRS).

For SEASAT and ERS imagery, most of the research work is concentrated on the detection

of ship wakes (see [22-24, 41, 49, 63]). In fact, it is easier to detect wakes than ships in

SEASAT and ERS images because a wake is larger and more distinct than a ship. Detection

of a wake may be useful as an indication of the presence of a ship, even if the ship itself is

difficult to detect from the SEASAT or ERS images. The Radon transform can effectively

detect straight-line features in an image by integrating image intensity along all possible lines

in the image space. The integration over a line becomes a single point in the Radon transform

space. Since ship wakes are linear features, it was decided that the Radon transform would

be the most appropriate algorithm for their detection. In [13], a Radon transform-based

approach is presented for the detection of linear features in images characterized by high

noise levels. This approach is based on the localized Radon transform, in which the intensity

integration is performed over short line segments rather than across the entire image. A

further development of [13] was shown in [14] to detect ship wakes from actual SAR images.

Other techniques such as Neural Networks, Fuzzy logic, Wavelet, and Hough transforms have

also been used to detect ship and ship wakes in SAR imagery [19, 25, 27, 30, 81].

0.2 Overview of the Thesis

Our strategy is to detect all possible ship targets in SAR images, and then search for wake

components around each possible ship target. The objectives of our research are (1) to



improve estimation of the parameters in the K-distribution model and to determine the

conditions, in which an alternative model (Gamma, for example) should be used instead; (2)

to explore a PNN (Probabilistic Neural Networks) model as an alternative to the commonly

used parametric models; (3) to design a FC (Fuzzy Clustering) model capable of detecting

both small and large ship targets from single-channel images or multi-channel images; (4)

to combine wake detection with ship target detection; (5) to design a detection model that

can also be used to detect ships in coastal areas.

In this thesis we report our work of the past few years in the area of Ship Detection. The

major achievements of this thesis can be summarized as follows:

1. Improvement of some existing algorithms. The Constant false alarm rate (CFAR)

technique has been developed and is used to set a threshold so that a radar device op-

erating in a sea-clutter environment will perform at a CFAR. The main difficulties of

the CFAR technique are twofold: first, a probability density function (pdf), p(x) has

to be estimated in order to provide good fitting of SAR image histograms, and second,

the value of the threshold, 1c must be found in the following equation:

flc

r]c = I p(x)dx. (1)

Here r]c is the required significance level which corresponds to a CFAR of (1 — r]c) for

the pdf.

Various studies [35,62,65,66,74,83] use the K-distribution to estimate the paramet-

ric pdf of the SAR image intensity. We propose two different approaches to estimating

parameters of the pdf and develop a dichotomy-based algorithm for determining an

optimal threshold. We also investigate the conditions in which an alternative model

(Gamma distribution, for example) should be used instead when the K-distribution
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fails to model the data. To reduce the false alarm rate after thresholding, we use a

morphological filter to eliminate false ship pixels and apply an adapted Radon trans-

form to confirm or discover some ship candidates. MOTQ details on this research are

described in Chapter 1 of this thesis. Some of them were published in Proceedings

of IEEE SMC'98 [35] and the Journal of Pattern Recognition [98], respectively. This

research work were done in collaboration with Elzaart Ali.

2. Development of an alternative PNN-based algorithm. The Probabilistic Neural

Networks (PNN) model is a mixture of Gaussian distributions that can always provide

excellent goodness of fit to SAR image histograms. The PNN is used to build a CFAR

detector to determine threshold values, making the computation of the PNN model very

efficient. We propose a PNN-based algorithm to detect ship targets in SAR images

and describe this research in Chapter 1. The major work was done in collaboration

with E. Aitnouri and was published in the Canadian Journal of Remote Sensing 36

and Proceedings of Vision Interface '00 [96].

3. Testing and improvement of a Radon transform-based algorithm for the

detection of linear features in SAR imagery. We have developed an automatic

detection algorithm (ADA). It involves three consecutive processes: pre-processing,

Radon transform, and post-processing. The Radon transform can effectively detect

linear features in. an image by integrating image intensity along all possible lines in

the image. This transform is commonly used in algorithms to detect linear features in

an image even in the presence of noise. This technique is applied to refine ship pixels

and remove false ship pixels by looking at whether wake components exist around each

possible ship target (see our paper [35]). This work is described in Chapter 2.



4. Development a fuzzy clustering (FC) based algorithm. One of the problems

of the CFAR-based detection technique is to select an appropriate significance level

corresponding to a CFAR. In practice, the significance level is often chosen heuristically.

Since the size and the number of ship targets in an image are unknown, any fixed

CFAR can result in either too few targets or too many targets, including false alarms.

A cluster analysis-based approach allows the automatic extraction of groups of similar

pixels. We propose a cluster validity measure to evaluate performance and present a

FCM-based algorithm to find an optimal threshold for unimodal or long-tailed image

histograms. The FC model is capable of detecting both small and large targets and is

suitable for single-channel or multi-channel images. This work is described in Chapter

3. A paper on a new cluster index has been submitted to Pattern Recognition [102].

The research work on the cluster validity index was done in collaboration with Haojun

Sun.

5. Development of detection algorithms for ship targets in SAR images from

coastal regions. To detect all possible ship targets in RADARSAT SAR imagery from

coastal regions, we demonstrate two possible methods for detecting ships in coastal

SAR images, via fuzzy clustering and statistical modeling. The algorithms are de-

scribed in Chapter 4. One of these detection models was published in Proceedings of

Vision Interface'99 [37].

6. Design of a ship detection system. We integrate these algorithms into a system

comprising six models. The structure of the current system is illustrated in Figure 2.

We use the K-distribution, PNN, and Gamma distribution statistical models to build

the corresponding CFAR detectors. These are presented in the system as the K-Model,



PNN-Model, and Gamma-Model, respectively.

; file , Algoiilh'nn. !;few.,jH[elp

K | PNN | Gamma | Land+Su | Radon | FCM
Madal I Model I Model I, Ship I Transfon I Model
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Figure 2: Ship detection system

This system is tested on a number of SAR images (SEASAT, ERS and RADARSAT-1,

for example) and its performance is assessed. An introduction to this system was presented

at the Workshop for Ship Detection in Coastal Waters in Halifax [97]. A further description

of design and implementation of our system will be submitted to the Canadian Journal of

Remote Sensing.

0.3 Organization of the Thesis

The organization of this thesis is based on the chronological order of the achievements out-

lined above. It is structured as follows:

Introduction — Summary of our research work and achievements on ship detection.

Chapter 1 — Description of different pdf model based algorithms for ship detection.
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Chapter 2 — Application of the Radon transform to linear feature detection in

SAR images.

Chapter 3 — Description of an FC-based algorithm for ship detection.

Chapter 4 — Discussion on ship target detection in SAR images from coastal regions and

description of system development;

Conclusion — Discussion, conclusions, and directions for future research.



Chapter 1

Ship Detection Using Different pdf
Models

Ship detection usually involves detection of targets against a radar clutter background. In

general, ships show up as bright objects due to the effect of corner reflection in SAR images.

With an appropriate choice of threshold, all ships visible to the human eye can be detected.

The Constant False Alarm Rate (CFAR) technique can be used to improve ship target

detection performance. This technique is based on the computation of a threshold from the

image histogram. The technique requires approximation of the histogram by a probability

density function (pdf). There has been a heavy focus on the use of the K-distribution model,

which has proven to be successful in many cases. However, the use of the K-model may

encounter several difficulties such as a negative value of the shape parameter and time-

consuming computation of the modified Bessel function.

In this chapter, we present new approaches to improve the estimation of the parameters

in the K-model and determine the conditions in which an alternative model (Gamma dis-

tribution, for example) should be used instead. As a special case of sea clutter statistics,

the application of a Gamma distribution is also discussed. We explore the Probabilistic

Neural Networks (PNN) model as an alternative to the commonly used parametric models.
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The PNN model is a mixture of Gaussian distributions that can always provide excellent

goodness of fit to SAR image histograms. It is used to build a CFAR detector to determine

threshold values, making the computation of the PNN model very efficient. At the end of

this chapter we show detection results obtained using different pdf models.

1.1 Statistical Modeling of SAR Images

Synthetic Aperture Radar (SAR) provides pictures of the earth or other planets. A SAR

system works very much like a flash camera photographing a two-dimensional surface at

radio wavelengths. Usual (optical) monitoring systems record the light reflected from a

surface to generate a "photo" . SAR systems are active radar systems that provide their own

illumination (radar pulses). They are independent of visible light and are able to observe any

planetary scene at any time, under any weather, from any distance. As radar wavelengths

are much longer than those of visible light, SAR can also see" through cloudy and dusty

conditions that conventional monitoring systems cannot penetrate. For example, without

SAR, we cannot see the surface of Venus. Imaging with an optical system also means the

resolution depends directly on the distance between an antenna and the area of interest: the

greater the distance, the poorer the resolution. Theoretically, SAR system resolution does

not depend on the distance between the antenna and the surface. Therefore, SAR systems

are able to observe planetary scenes regardless of the distance. SAR is used in many scientific

fields. M.aps can be generated simply by flying over the area of interest. In oceanography and

meteorology, scientists can obtain important information about ocean waves and currents

and the generation and degeneration of ice and glaciers.

The SAR image of a scene is a two-dimensional array of pixels. Each pixel is assigned

a digital number rj{x,y} corresponding to the echoed energy backscattered from a corre-
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spending ground cell at the position {x,y). It is also related to the radar backscattering

cross-section (cr) of the cell, which is related to the ratio between the power returned in the

radar echo and the power incident on the cell. The number of pixels averaged is called the

number of looks, L, and the corresponding image is called an L-look image (see [15,16,98]).

Usually, SAR data are provided as complex images, which are converted to real images by

taking the magnitude of the complex numbers. Precise knowledge of the statistical properties

of SAR data plays a central role in their processing and understanding. These properties can

be used to distinguish types of land-use and to develop specialized filters for speckle noise

reduction, among other applications [82, 83].

The statistical modeling of SAR data is an active research field. It is mainly based

upon the study of the interaction between matter and radiation. Also, the kind of modeling

depends on the application [2, 4, 12, 20, 32, 45, 54, 83]. Several distributions (Normal,

Log-normal, Rayleigh, Weibull, Gamma, K-distribution) are often used to fit the data, and

statistical tests are conducted to determine the distributions that best fit the data. Usually,

the Kolmogorov-Smirnov and ^ tests are used to assess the goodness of fit. The statis-

tical formulation is of interest for designing detection, segmentation, filtering and pattern

recognition algorithms and for optimum radar performance analysis.

We will now introduce three different distributions. Details regarding the estimation of

parameters for these distributions are also discussed in the following sections. Figure 1.1

shows the flow diagram of our search process on the statistical analysis of SAR images.

1. Generalized Gamma Distribution. The generalized gamma (GF) distribution,

introduced by Stacy [86 , is a three-parameter distribution with pdfot the form

X ^ t»,, 1 / ,x^= ^^bv~l^{-^ X>0 (Ll)aT(v)ya'
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Figure 1.1: The Flow diagram for statistical modeling and evaluation

where a > 0 is the scale parameter, v is the shape parameter and b is the power

parameter of the GT-pdf. Standard clutter models, such as the Exponential (b =

l,u = 1), half-Gaussian (b = 2,'u = 1/2, a = CTV^)) Rayleigh (6= 2,'u = 1) and

Weibull (v = 1), are special cases of the GF-pdf [83].

2. Multi-Look K-distribution. The K-distribution was introduced by Jakeman and

Pusey [32] to model microwave sea echo. The multi-look K-distribution with three

parameters (p, > 0, ^ > 0 and L > 0) is defined by:

2 (Lvx\{L^I\
p(x) = Kv̂-L ^}̂ / (1.2)xr^)r(L) \ ^ )

where K^-L is the modified Bessel function. Note that this distribution tends to the

Gamma distribution for Z/-look speckle as v —>• co.

3. Probabilistic Neural Network (PNN). The PNN is an efficient model for data

classification, based on the non-parametric method of pdf estimation [18]. The PNN

12



model originates from Parzen's window model [90], which is a class of kernel-based pdf

estimation technique. Parzen's window pdf is given by:

JL
p(x) = ^w(x-x^ (L3)

n=l

where W(x — Xn) is a weight function. The PNN model can provide excellent goodness

of fit to SAR image histogram.

4. Goodness-of-Fit Test. In our research work, we use the Kolmogorov-Smirnov and

the mean-squared error tests to determine whether these distributions are suitable

probability density functions for ocean scenes.

2.4.1 The Kolmogorov-Smirnov (K-S) Test. The K-S test is applicable to un-

branded distributions that are functions of a single independent variable, that is,

to data sets where each data point can be associated with a single number. The

test does not consider the difference between the observed frequency in a classi-

fied group and the hypothesized probability distribution for that group; instead,

it is concerned with the deviation of individual outcomes from the hypothesized

distribution. The observed sample, therefore, is not classified into groups, but is

rearranged in an ordered sequence for this test.

Let x-t < x<2 < xs < • • • < Xnbe the ordered sample of size n, and let its cumulative

distribution Fn(x) be given by

0 for x < x\

Fn(x) = { r/n for Xy < X < Xr+l r = 1,2,..., (n — 1) (1.4)

1 for x > Xn

Fn(x) is a step function, as illustrated in Figure 1.2. In the case where several

values are observed to be the same for x = Xj, Fn{x) increases significantly. If F(x}
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is the cumulative distribution function (CDF) of the hypothesized probability

distribution, the Kolmogorov-Smirnov test is based on the statistic:

Dn = SU?\Fn(x)-F(x)\

where sup" implies the maximum value for the entire range of x values.

Figure 1.2: Step function F^ (x) and the CDF F(x)

If the sample size n is large (on the order of 35 or greater), the probability of Dr

exceeding a value £ is approximately given by

00

Pr(Dn>e) ^ 2^(-l)r-lexp{-2r2n£2}
/ ^
r=l

Since the series converges rapidly, we may take the first term only, namely 2 exp{—2n£2},

Letting a be equal to this value, we have

1.63/^/n for a = 0.01

e = ^-}n(a/2)/2n= <i 1.48/^/n for a = 0.025

1.36/y^ for a = 0.05

(1.5)

14



The test is then carried out, allowing us to reject the hypothesis with the level of

significance o; if the statistic Dn exceeds e. For more details on the K-S test, see

[61] and [65].

2.4.2 Mean-Squared Error (MSE) Test. The MSE test is a simple method for

measuring the deviation between an input histogram and an estimated pdf. The

MSE is defined by

M-l

MSE = ^Ew)-h.('))2
z==0

where M. is a maximum of the image intensity values, h(z) is the normalized

histogram and he.(i) is a suitable pdf.

1.2 CFAR Technique

The constant false alarm rate (CFAR) technique has been investigated in [21, 47, 58, 74].

This technique is used for setting a threshold so that a radar device operating in a sea-clutter

environment will perform at a CFAR. Let p(x) be a probability density function (pdf) for

modeling ocean radar images, and Fix) = fy p(t)dt. F{x) is an increasing continuous func-

tion on [0,+00). Let r]c (r]c < 1) represent the required significance level. This significance

level corresponds to a CFAR of (1 — r]c) for the pdfof the intensity. We determine a threshold

1c by solving

•+00

CFAR = l-r/c= / ^(2;)^. (1.6)
lie

The main problems for the CFAR technique are how to find a pdf which provides good

fitting of SAR image histograms and how to solve for 1c (see Figure 1.3). Here we present

15



Figure 1.3: Threshold 1c and constant false alarm rate (CFAR)

a method for determining 1c, supposing that p(x) has been found. In the following sections

we will deal with estimating p(x). For any given rjc (in general, r]c = 0.995 is selected), an

approximate solution for 1c can be obtained by the following algorithm.

Algol.l CFAR-based Algorithm

1. Input parameters r)c and e > 0

2. Find a positive integer I (0 < I < +00) such that

F{I) < rjc

and

F(J+1) > Tie.

Therefore, I < 1c < I +1. If rfc = -^(-Q) then we take 1c = J. Otherwise, set a = J and
6=J+1

3. Compute T) = F{^b). If |r? - 77c| < e, then set Jc = a^b- Otherwise,

4. If rj < r]c, set a = £l^b, else set b = a^b, go to step 3.
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After n steps, the root is enclosed in an interval with length 2~(n-l\ The midpoint of

that interval is an approximation to the 7c, correct to n — 1 decimal places.

1.3 Gamma Model

In this section, we focus on two special cases of the Gf distribution defined in Equation

(1.1), the Gamma distribution and the Square Root of Gamma Distributed function(see [83]

and [89]).

1.3.1 Gamma Distribution

First of all, the probability density function (pdf) for the intensity in a single-look SAR image

is known to be an exponential distribution. For the intensity of an L-look image, the pdf is

the convolution of exponential distributions, resulting in the Gamma distribution (See Ulaby

et al [73]).

The pdf is a multi-look intensity Gamma distribution of the form ([83]): for x > 0,

p(x) = ^y^-l<°^(-^) (1.7)

where L is the number of statistically independent looks and

•+00

'0

The definition of p(x) in Equation (1.7) is a special case of the GF-pdf defined in Equation

(1.1) with b= 1, v = L and a = ^. Its theoretical expressions for the mean and variance of

the pdf'm Equation (1.7) are as follows:

m = ^

•+00

Y(a) = I ta~lexp(-t)dt.
<Q

and

Var[x] = -^
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where E is the expectation and Var the variance operator. Its cumulative distribution does

not generally have, a closed form, since it is given by

F(x) = ( ^yL~l^p(-Py)dy (1.8)
,0
1 r!3x

sL~lexp(-s)ds
'0

= P(L^x)

where P(a,x) is the incomplete gamma function (see [61]).

Two methods for estimating the parameters L and ? in Gamma distributions were stud-

ied, as described below,

(1) Moment estimator

The MOM. is a simple technique for estimating the parameters of the Gamma distribution.

Given a set of N independent realizations {xi; i = 1,2,..., N} of the random variable X,

the rth-order sample moment is obtained by

1 ^
m^^E<-

z=l

Estimation is greatly simplified when the SAR data is provided. In. such a case, the param-

eters L and (3 in Equation (1.7) can be simply obtained by

L= .ml\
m2 — ml2

and

^^m1^.
m2 — m\

(2) Maximum Likelihood Estimator

A standard approach for estimating the parameters of a probability density is the max-

imum likelihood method. Suppose we observe a random vector X == (Xi,X2,... ,X^v).
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Assume Xi is independently and identically distributed according to the Gamma density

^_mx~
^

fx,(^L^) = ^xL-lexp(-f3x).

Then the likelihood function of X is
N

Lx(L,f3) = ]^fx,(^L,(3)
i=l

^LN JL _ / JL
= ^w-lexp(-f3tx')

i=l \ i=l

and the logarithm of the likelihood function is
N N

\og(Lx(L,(3)) = NL\og(f3)-N\og(r(L))^(L-l)^\og(x,)-(3^Xi.
i=l i=l

To find the values of L and /3 that maximize the likelihood function, we differentiate

\og(Lx(L, P)) with respect to each of these parameters and set the result equal to zero:

^log(Lx?,/3)) = Wlog(/3)-W^+^log(^.)=0
i=l

N

^ -log(/3)+^=^Ew

and

^log(£x(£,/3)) = /^-£^=0
z=0

L 1^
^ TN^-

v=.

This yields the equation

log(£)-S§ = loe(^Ea:.)-^ElogM.
1=1 / - 1=1

The parameter L can be estimated by solving the equation above, and we can then find /?

from

^ = 1 V^
N 2^=1 xi
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1.3.2 Square Root of Gamma Distributed Function

The random variable X is said to be Square Root of Gamma distributed with parameters

L > 0 and (3 > 0 if its density is given by:

p(x) = ^x2L-lexp(-f3x2)^ x-^Q. (1.9)

This is also a special case of the GF-pdfwibh b == 2, v == L and a = -^. It can be shown

that the kth order moment of such a random variable is given by

_ r(L + fc/2)
/3W(L) •

and, therefore,

r^+i/2)E[X\ = P1/2T(L)

Var[X] = ^ ^(L+l/2)\L-{-^-)

The moment estimators are given by the solution of the following system:

/m2 r(L+l/2) mr,=o'T/r(£) ' -mi=

B=i.
m,2

^where m~r == -^ i^^li ^L r' = 1,2 for any given data point {xi}^.

! incorporate

function, we obtain

If we incorporate /? = ( v-^q-) into the definition of the Square Root of Gamma distributed

^ - ^y-le-t(y ^
where a = ^ { , n is the mean value of the distribution and L is the number of looks.VlwLy
In particular, when L is a positive integer, p(.) becomes the Gamma distribution defined by
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Ulaby et al [73]. An application of this distribution was investigated by Elzaart Ali et al.

(see 89,98]). Applying the maximum likelihood technique to the Square Root of Gamma

distributed function, the estimators of parameters ^ and L are given by the solution to the

following system:
^ = N ^i=l xi

1 E^i^r2(£+o,5)
ml2 N r2(£)

Its cumulative distribution doesn't generally have a closed form since it is given by:

2L-1

F^) = p^(^-\-^dy/o ^ r(L) \^ )

- M(^r--w'd(^)
VLqx

' t2L-le-t2dt

r(£) Jo
VLqx

w)F^wle^
c)2,^^2£'

^-L { s{L+l/2~)~le-8dsr^Vo s"'"" ~e

r(L +1/2)
T(IT

\fLqx
^

2'

(1.11)

where P(a,x) is the incomplete gamma function (see [61]).

Based on our research in [98], the estimators of parameters ^ and L are given by the

solution to the following system:

P = E.Molj *''(0
1 E^-il^)fc2r2(£+o.5)

^i2 E^W r2(2)

where {h(k)}ji'Q1 is the normalized grey-level histogram of the SAR image. Normally, this

estimation method is applied to SAR images with 8 bits. In our Gamma model, we first

look at the value of M and then decide which kind of Gf-pdj^o use. If M > 256, then we
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use the Gamma distribution defined in Equation (1.7) instead of the Square Root of Gamma

distributed function in Equation (1.10).

1.4 K-Model

The K-distribution was introduced by Jakeman and Pusey [32] to model microwave sea

echo. Since then, empirical evidence supporting use of the K-distribution for modeling radar

clutter has been offered by Ward [73], Watts [78], and others. A detailed discussion on the

evidence and statistical analysis which leads to the K-distribution model can be found in

Ward [76], Watts [77, 79], Olive [51, 53], and Blacknell [7, 8].

1.4.1 Definition of K-distribution

The random variable X is said to have Intensity-K distribution with parameters ^ > 0, v > 0

and L > 0, if its density is given in Equation (1.2), a.e.,

2 fLvx\{L+v)l\^ (^ IL^
P(x) = ^7^7TY(::-::1) K-L I 2^xr(v)r(L) \ ^ ) "'"" \~y ^

Where

• L is the number of looks

• ^ is the mean image intensity

• v is a shape parameter

• r is the Gamma function

• Kv-L ls the modified Bessel function defined as

v r°°

Kv(x) = ^(j)*'^"exp(-t-(^/4t))r"-ldt

Theoretical expressions for the mean and variance of the K-distribution are:

E[X] = /.
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Var[X] =
1\ /. 11+^Hi+fl-i^,2

v) V ' L^

The cumulative distribution, F(x) can be calculated accurately. The expression to be

evaluated is of the form:

F(x) = C j y>K^y}dy (1.12)

_^__^(^ fi;^_^,^±2;^ +(A-a+l)(A+a-l)u "a^1- ^' 2 ' 2 '4^

-—^—^-w fl;^^,A±^3; ^(A-a+l)(A+c.+l)u —^-^' 2 ' 2 '4

where

Lvx

• c=

• ^-2^,

2L+17 r(v)T(L)'

• a =- v — L,

• A=^+L-1;

and the hyper-geometric function is defined as

^ r(b)r(c)T(a+k) zk
^T(a)r(b^k)r(c^k)k\'A(a;6,c;.) = y-^^^L^^. (1.13)

1.4.2 Parameter Estimators

The density function considered can be completely specified by the image mean, the number

of independent looks, and the parameter for order shape. The main problem here is how to

estimate these parameters. The number of statistically independent looks in an SAR image

is an essential parameter for determining the speckle level in the image. The number of

looks L can either be specified by the SAR processor or estimated using statistical methods.

In our model, for a given data sample sequence {xi}^, we estimate these parameters as

follows:
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The kth moment of the K-pdf is given by

^ _ ,..^+k)r(L+k)E[XK] = w~'vWW(L}'- (L1

If we estimate E[Xk] by m~k = ^ S^li ^ then

and therefore,

mi = fi
/.2r^+2)r(L+2)

m2 = ^~ vWT{v)T{L\
!3r(v+WL+3)

v^L3T(v)T(L~)

^ = d^)(i+-i)
m2mi v L

based on the fact that T(s + 1) = sT(s). From m^ = p2(l + ^)(1 + ^), we have

1 m~2 L

v ml2 LJrl

and, therefore,

^ . (1+^)(2§^_1).
mzmi v- ' L^m~^L-\-l

It follows that

^(1+1) . f2(l+l)-lV2§-(l+l)).mzml^ ' L' V^ ' Ll ^ 1 Vmi2 '* ' L'

If we take A = -^^, B = ^i, and x = 1 + i, then we obtain the following equation:
ma^T-l' mi'

Ax-(2x-l)(B-x)=0

Finally, the equation is

rc2+^(A-2B-l)^+^ = 0. (1.15)

The solution(s) of the above equation are given by

x = -j±^|)2-9 (L16)
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where p = A-2^-1 and q = -|. The solutions given in Equation (1.16) depend on the

discriminant A = p2 — 4g. If A > 0, Equation (1.15) has two positive real roots. It has only

one real root if A == 0. Otherwise, two complex roots exist.

Actually, we are only interested in the case A >, 0. The estimators of ;u, Z/, and v are as

follows:
fi = mi

2=A.
^= ^.^i2(ftl\

.£(m2—ml)—ml

where x is defined as in Equation (1.16). As shown in the definition of the K-distribution,

we require that the estimators of L and v be positive. If one of them is negative, we will use

the following method to estimate these parameters for the K-distribution.

The estimators of mean, fi and variance, var, obtained by the moments method, are

^ = Jf Z^Ll xi = ml and ;"a^ = -^ Z,t=i xi ~fl = m2 — mi ) respectively. Therefore, from

the expression for yarcpC],

§=(1+>1+^
mi" v

which can be rewritten as

1 m2 L
-1.

v mf L-\-l

Based on the condition v > 0, we obtain

^T-^-l>0ml2 L +1

It follows that

^>i+4^2>i+i

Thus, we need to estimate the number of looks L that satisfies

L > -^-.
mz — mi'
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The estimator of the shape parameter v using the first approach of Blacknell (see [8]) can

be obtained from the equation

(^(^} =^^-
v) \ Lj (l.^N

N 2-^=1 -^1

Finally, we estimate these parameters with

fi = m\

L= ^mlls+0.5
7712—m~.

9= <.._mi^+l).
L(m'2,—mi )— ml

In this work, we first attempt to use the K-distribution to fit the data. If the estimated

parameters (,2, L, and z^) are large enough (e.g., based on our experimental results, when the

value of fi is larger than 1000 or the absolute value of {y — L) is larger than 200), we use the

Gamma distribution to replace the K-distribution.

1.5 PNN-Model

The Probabilistic Neural Network (PNN) 18] is an efficient model for data classification,

based on the non-parametric method of pdf estimation. It is a model which can be used

to estimate a pdf function. Indeed, the PNN model gives good fit and a smooth estimated

pdf compared to other techniques of pdf estimation such as the parametric model using the

K-distribution or the Gamma distribution [35, 37, 89]. The PNN model originates from

Parzen's window model [90] which is a class of kernel-based pdf estimation technique. The

Kernel-based technique involves superimposing on each data point a kernel function which

occupies a fixed space volume.

1.5.1 Parzen's Window pdf Estimator

Parzen presented an excellent method for estimating univariate probability density function

from a random sample. His method is kernel-based with a special choice of the form of the
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kernel function. Parzen's pdf estimator uses a weight function, denoted by W(d), centered

on each point of the training set, and subject to several restrictions. The restrictions are

reported in [18, 91]. The Gaussian distribution is a commonly used weighted function in

Equation (1.3) since it satisfies all the restrictions. In this case, the Parzen's window pdf'is

a linear combination of N Gaussians, each of width cr, and is given by:

JL
P(x) = ^^G(x^a)(x) (1.17)

n=l

where G(xn,cr)(x) = -jj^-y e~ 2^ . The value of a is closely linked to the degree of

smoothness of the estimated pdf. Estimating o- is a problem which has been not completely

resolved. Here we present an original approach, totally experimental and inspired by the

cross-validation technique, for estimating the value of a. Another problem with the use of

Parzen's window is the computational complexity of the method, since it requires storage

of the entire training set. The PNN is still a model which can reduce the computational

complexity of the Parzen s window method.

1.5.2 PNN as Learning Algorithm for Parzen's pdf Estimator

In 1990 Donald Specht used Parzen's prf/estimator to build a neural network, called a PNN,

which realizes the Bayesian classification. When there is only one class of data, in our case,

the PNN architecture for a small network is illustrated in Figure 1.4.

Ouput layer

Figure 1.4: A simple PNN architecture for data belonging to one class

Figure 1.4 illustrates a simple PNN architecture for computing one data point in relation
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with all the data points, as presented in Equation (1.17). Each point is presented to the

network in the input layer. The pattern layer stores the learning set, which corresponds

to a large set of random points from the original image. The neurons of the pattern layer

compute the value of the Gaussian with respect to the width a and the distance between the

input and pattern layer values. The output layer sums the values of the pattern layer, which

realizes a linear combination of the Gaussians. The architecture of Figure 1.4 is capable

of extremely high-speed operations. Indeed, in practice the algorithm is composed of two

modules, as illustrated in Figure 1.5. The first one deals with the look-up tables where the

values of Gaussians of the possible distances are stored. The second step realizes the linear

combination of values selected from look-up tables.

One data

point
Look-up table Summation

output

point

Figure 1.5: Bloc diagram of the PNN algorithm

The size of the look-up table depends on the size of the learning set N. In the case of

gray-level images, N is the size of the image, and thus a kernel function is superimposed on

each data pixel. This method is really costly. Fortunately, when histograms are used, as in

our case, the complexity of the look-up table is reduced since a set of pixels may have the

same gray-level. Indeed, consider a histogram represented by a function, h{x), x € G\M °f

the gray-level frequencies of the image, where G\M = {0» 1; ..., M—l} corresponds to the gray

levels of the image. h{x) gives the number of pixels having gray level x. Thus, introducing

h(x) in Equation (1.4) we obtain:

M-l

p(x) = ^ P[{\G(i,a)(x) (1.18)
1=0

where P[i] == ^, and G(i,o~) is a Gaussian pdf.
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It is clear that the quantity h^)- = P[x] is the normalized histogram and ^^o -P[?] = 1-

Note that the complexity of the look-up table is significantly reduced. Moreover, since the

Gaussian is an even function, the size of the look-up table can be reduced from M2 to

M(M^) (see [96] for details).

1.5.3 Estimation of a

The problem of choosing an appropriate value of a- has been investigated by many researchers

[93, 94], but it has still not been completely resolved. A particular formal approach for

choosing a has been investigated by Duin 92], in which Equation (1.18) is considered as

a specific parametric form of the density function p(x,a-), for which the parameter a is

unknown. A general solution can be obtained using the maximum likelihood technique;

however it is valid only when the sample size N approaches infinity. Approximations can

be made but unfortunately this leads to loss of generality. One common method, the cross-

validation technique, is used for estimating the parameter a in the PNN-model.

We have developed an experimental approach for the choice of cr. Indeed, we use an

approach inspired by the cross- validation technique, in which a is selected based on a

penalty criterion. Since the approach is totally experimental, we present results for radar

images. However, the same approach can be applied to any other class of images. The

cross-validation technique suggests the use of two types of data, learning and validation

data. Validation data should not be used for learning. Thus, we begin by training the

network with a given segment of the entire data set, and then validate the resulting state of

the network using validation data. For each processing step, the results are compared to a

reference. Thus, the best value of a- is that for which a minimum error is observed for both

learning and validation. There are two problems, however. The first concerns the choice of
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the learning set and the comparison reference. The second concerns the criterion to be used

in computing the error between the two previous data points in order to select the best a.

Consider an image of size P*Q which is divided into small windows of size p*q with

p, q « P, Q (a typical value of p and q is 3). The chosen learning set is made up of one

pixel taken randomly from the p*g pixels of each window. Thus, with the selected pixels,

we can constitute a learning histogram (learning data). Comparison data are chosen to be

a median value of the remaining pixels of each window, obtained using a median filter. The

experiment is performed as follows:

The learning set is used to train the PNN, yielding a histogram called the learn his-

togram" (Hi). The learning procedure is conducted for different values of a- (a- = 0.5, 1,1.5,..., 9.5).

For each value of o-, Hi is compared to the comparison data, called the "test histogram" (Ht).

The best value of a is then chosen to be the one which gives rise to a minimum error, denoted

by Ep, between Hf and Hi, and given by:

Ep=Eq+^Hi (1.19)

where Eq is the quadratic error Eq == \ ^ Sn=iW(n) ~~ ^(n))2- The second part of i?p

introduces a penalty term, punishing any learning histogram which tends to oscillate. Indeed,

Ai?; is the sum of the absolute values of the differences between consecutive values of Hi,

given by AIT; = ^^i \\Hi(n) — Hi(n — 1)\\. 77 expresses the penalty rate {77 = 1 in our

experiment).

Figure 1.6 shows the results obtained. Figure 1.6a) illustrates the mean error M(Ep)

calculated over 200 radar images for each value of o~. The minimum mean error is obtained

for a- = 2.5. Figure 1.6b) shows, for any given value of cr, the number of images N(cr) that

gives rise to the minimum error. Figure 1.6b) provides information about the distribution

of the number of images versus the best choice of (T. In the case of this experiment, the
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a) b)

Figure 1.6: Results of the experiment for estimating the best value of the width a as to perform a
smoothing. The experiment has been done for o- = 0.5 to 9.5 with a step of 0.5 and r] = 1. a) The
mean error, b) Number of images that gives rise to the minimum error.

concentration of this distribution is around a = 2.5. From the experiment, we can see that

o- = 2.5 is a good choice for the radar images used in our testing, although it might not be

the best choice for all images in the database. It should be noted that this result is specific

to a set of radar images. The optimal value a for optical images is different.

Finally, in short, an algorithm for the PNN-model is as follows:

• Compute Hi for different values of a.

• Compute Ep for each value of cr.

• The best pdfis the one for which Ep is the smallest.

1.5.4 Computation of the Cumulative Function in PNN

The computation of the cumulative function F (x) is performed accurately. The expression

to be evaluated is of the form:

255 'X

F(x)=J^P\i] I G(i,a)(t)dt.
1^0 Jo
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where, for each Gaussian function G(i, a),

1 'x (t-t)2

G(i,a)(t)dt = —=— I e~Vdt
0 V27TCT JQ

1 r H^.ft-ie~\^) d
v^A " "Yv/2cr

1 [^- ^_y2
e

/7r J--
"la

= ± (r.-.
,.2-i

e-^dy^r l^e-^dy^
^Vw~ ~°'J"

1 / 1"7^ -,,2 , ,'7^ _,,2
e~y~dy- I e~y~dy

V^ {Jo " "" ^o

The following integral function, "erf for short, is very useful to find an approximate

solution for 1c in Equation (1.6) when the pdf is a mixture of Gaussian functions:

erf(x} = -^ [ e-t2dt.
v^7o ^ ^"' (1.20)

This gives

G(i,a)(t)dt = -

1
2

,X — I —I
erfw-erfw\

erf(x^)+erf(7T.)\ (1.21)

Therefore, we obtain

255

z=0

F(.) = ^[erf^^erf^) (1.22)

The rational approximation (see [3]) of the integral function erf(x} is given as follows:

for 0 <,x < +00,

1
erf(x) = 1 -

[1 + a-^x + a^x2 + cisx3 + a4:c4]4
^e,(x)=H,(x)^e,(x) (1.23)
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where

n ' ~ [1 + a^x + azrc2 + asrc3 + a4:c4]4
ai = 0.278393
a2 = 0.230389
as = 0.000972
a4 = 0.078108
£i(x) |^5*10-4

By using the rational approximation H-^{x} of erf{x\ we can compute the integration.

value, F(x)^ based on Equation (1.22) and find an approximate solution for 1c by using the

algorithm given in Section 1.2.

Since the expression for F(x) in (1.22) does not involve any complicated functions such

as Bessel functions, we only need to use some simple numerical operations. Therefore, by

using the PNN-model, threshold 1c can easily be set. We believe that the PNN-model can

save more computation time than the K-model in the detection algorithm, since the K-model

does involve Bessel functions.

1.6 Experimental Results and Comparisons

To dtermine whether the selected pdf is a suitable probability density function for ocean

scenes, we use the mean-squared error (MSE) as a goodness-of-fit test. Some results of the

statistical analysis are shown in figures 1.7 to 1.10. The PNN can always provide excel-

lent goodness of fit to SAR image histograms, superior to both the K-distribution and the

Gamma-distribution.

Figures 1.11 and 1.12 show the results of ship target detection using the PNN model.

Figures l.ll(c) and 1.12(c) present the results of detection using 1c directly. As can be

observed in figures l.ll(b) and 1.12(b), thresholding does not exclude some false ship pixels.

Therefore, it is necessary to remove these false pixels by a cleaning operation. A morpholog-
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Figure 1.7: Results of statistical modeling and evaluation for the image in 1.7a
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Figure 1.8: Results of statistical modeling and evaluation for the image in 1.8a
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Figure 1.9: Results of statistical modeling and evaluation for the image in 1.9a
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Figure 1.10: Results of statistical modeling and evaluation for the image in l.lOa
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ical filter is applied to eliminate false ship pixels. The morphological filter is a logical filter

which is related to the structure and shape of objects (see Lin [41]). The filter is a mxm

moving window (usually, m = 7 is selected). Each image pixel is examined by placing it in

the filter center. The filter then examines the (m2 — 1) neighboring pixels. If more than m

neighboring pixels are possible ship pixels, the center pixel is considered to be a true ship

pixel.

'*• ••.••..'.

Q8

(b) (c)

Figure 1.11: (a) Original image (374*436 pixels), (b) after thresholding, and (c) after filtering

Two other examples are shown in figures 1.13 and 1.14. They present the detection results

obtained using the K-model, Gamma, and PNN models, respectively. The tables show some

data corresponding to the three statistical models. The CPU time given in the tables is the

time to compute all estimators and to detect all possible ship targets from a SAR image

under SUN (Unix) workstation. The PNN-model can help us to find more plausible targets

in SAR images than the K and Gamma models. Furthermore, the computational speed

using the PNN-model is faster than that of the K-model, even when the threshold values are

almost the same. More examples are presented in Chapter 4.
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(b) (c)

Figure 1.12: (a) Original image (532*600 pixels), (b) after thresholding, and (c) after filtering

-MSE-

Threshold 1^
CPU time (seconds)

PNN-model
0.002
198
2.55

K-model
0.012
224
3.35

Gamma-model
0.011
227
2.39

Table 1.1: MSE, thresholds and computation times corresponding to Figure 1.13.

"MSE
Threshold 1c
CPU time (seconds)

PNN-model
0.0005

143
1.4

K-model
0.012
154
3.5

Gamma-model
0.02
155
1.9

Table 1.2: MSE, thresholds and computation times corresponding to Figure 1.14.
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(b)

^ f

(c) (d)

Figure 1.13: (a) Original ERS SAR image (436*374), (b) result using the Gamma-model,
(c) result using the K-model, and (d) result using the PNN-model
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Figure 1.14: (a) Original ERS SAR image (698*635), (b) result using the Gamma-model,
(c) result using the K-model, and (d) result using the PNN-model
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1.7 Conclusion

We have presented three algorithms for the automatic detection of ships in SAR imagery

using different pdf models. The Constant False Alarm Rate (CFAR) technique was used to

improve ship target detection performance. To reduce the false alarm rate after thresholding,

we used a morphological filter to eliminate false ship pixels and applied an adapted Radon

transform to confirm or discover some ship candidates. We experimented with a number of

SAR images (ERS and RADARSAT-1, for example) and the performances were assessed.

Based on the experimental results, PNN always gives a good fit for grey-level SAR images

and also helps us to find more plausible targets in SAR images than the K and Gamma

models. Further development is under way to improve the applicability of our model and to

reduce computation time and false alarm rates.
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Chapter 2

Application of the Radon Transform
to Detection of Linear Features

Ship wake detection and characterization using radar signatures in SAR images have been

a subject of interest for the surveillance of surface ship traffic in coastal regions and over

wide areas of the ocean. Detection may be carried out in either the spatial domain or the

frequency domain. Recently, some researchers working in the frequency domain have made

use of the Radon transform. Commonly used in algorithms for detecting linear features in an

image even in the presence of noise, the Radon transform can effectively detect straight-line

features in an image by integrating image intensity (grey level) along all possible lines in

the image space. The integration over a line becomes a single point in the Radon transform

space. Since ship wakes are linear features, it was decided that the Radon transform would

be the most appropriate algorithm for their detection.

In this chapter, we will first focus on testing and improving Radon transform-based

algorithms for the detection of linear features in SAR imagery provided by satellites such

as SEASAT and ERS. We then develop an automatic detection algorithm (ADA), which

involves three consecutive processes: pre-processing, Radon transform, and post-processing.
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2.1 Introduction

2.1.1 General Issues

In SEASAT and ERS imagery, a ship wake normally appears as the characteristic linear

V-shaped pattern created by any surface ship moving through a body of water (see Figure

2.1). Although the ship itself can often be seen in SAR imagery as a bright area close to the

wake pattern, there are at least two reasons why it would be advantageous to detect the wake

pattern rather than the ship itself [63]: the wake pattern is larger and more distinct than the

ship signal, and it can yield a better estimate of the ship's true location. The latter is true

because the motion of the ship in the ocean causes it to appear in the SAR image displaced

along the azimuth from its actual location, since conventional SAR image reconstruction

techniques assume the immobility of objects in the image scene. The ship wake pattern

can also yield information about a ship's heading and speed. Therefore, detection of the

wake may be useful as an indication of possible presence of a ship, even if the ship itself is

difficult to detect. An automatic ship wake detection scheme for SAR imagery could play

an important role in a system for remote ship surveillance [7, 13, 22, 46, 63].

(a)

Figure 2.1: Two images with ship wakes: (a) SAR image with V-shaped pattern; (b) SAR
image with one weak component
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A common approach is to locate these ship wakes by identifying each of the two linear

"arms" of the V-shaped wake pattern, rather than looking for the V-shaped feature directly.

This approach means that the problem to be resolved is now the detection of linear features.

These linear features not only have a certain finite length but also a breadth. These features

may be either brighter or darker than the background, and do not necessarily have to be

straight (see Figure 2.1).

Much research has been devoted to the development of Radon transform-based algorithms

for linear feature detection and specifically for ship wake detection [13, 14, 46, 63].

2.1.2 Why Consider the Radon Transform

The Radon transform is a mathematical topographic transform of image data from two-

dimensional image space to two-dimensional Radon space [17, 59]. The Radon transform

can effectively detect straight-line features in an image by integrating image intensity along

all possible lines in the image space. This transform should contain a peak corresponding to

every line in the image that is brighter than its surroundings, and a trough for every dark

line. Thus, the problem of detecting lines is reduced to detecting these peaks (or troughs)

in the transform domain.

An example is presented simply to show that the Radon transform is suited for line

parameter extraction. Figure 2.2(a) shows an image containing two intersecting lines, and

Figure 2.2(b) shows the corresponding discrete Radon transform of the image.

The Radon transform converts a difficult global detection problem in the image domain

into a more easily solved local peak detection problem in the parameter domain, and the

actual parameters can be recovered by thresholding in the Radon transform. Compared with

local detection schemes (e.g., the gradient method), the Radon transform based methods
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(a) (b)

Figure 2.2: Original image and its Radon transform: (a) image with two lines; (b) the Radon
transfer of (a)

are much more robust against noise [46, 63]. Since ship wakes are linear features and the

background of SAR is noisy, the Radon transform has been widely accepted as an appropriate

approach for ship wake detection.

The Radon transform and its applications will be discussed further in the following sec-

tions.

2.1.3 Related Work

It should be noted that other authors have explored the area of ship wake detection via the

use of the Radon transform. Murphy [46] computed the Radon transform for SAR imagery

of ship wakes and ocean waves, applied an enhancement operator within the transform

space, and then used the filtered back-projection algorithm to compute the inverse Radon

transform. The result showed that the linear features in the images appeared far more

prominent against the background and the speckle noise was significantly reduced. Skingley

and Rey [68] presented a procedure utilizing a 13 * 13 window and an adaptive threshold

for the detection of peaks and troughs within the transform space. They also calculated the
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probability of detecting a line with their method, based on the relative length and intensity

of the line. They applied their method to both synthetic test images and a SAR image of a

forest.

A variety of detection algorithms based on the Radon transform were developed and

tested to improve the probability of detection (PD) of ship wakes and reduce the false alarm

rate [42, 63]. For example, in [63], the use of a detection algorithm which combines a high-

pass filter, a Radon transform, and a Wiener filter has been shown to reliably distinguish

wake peaks from false alarms. However, although the PD is high, the probability of false

alarm (PFA) remains unacceptably high for large-area ocean surveillance. In a follow-up

paper [64], the Dempster-Shafer method of data fusion was applied to the output from the

Wiener filter to classify the detected linear features as to whether or not they belong to a

ship wake.

Copeland et al [13] presented a Radon transform-based approach to the detection of

linear features in images characterized by high noise levels. This approach is based on the

localized Radon transform in which the intensity integration is performed over short line

segments rather than across the entire image. A further development of [13] was shown in.

[14] to detect ship wakes in actual SAR images.

2.1.4 Purpose of Our Research

We focus on experimenting with and improving a Radon transform-based algorithm for linear

feature detection in SAR imagery, especially for wake component detection in RADARSAT

SAR imagery. We develop an automatic detection algorithm (ADA) which involves pre-

processing, Radon transform, and post-processing. This technique will also be used to refine

some ship pixels and remove false ship pixels by looking at whether wake components exist
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around each possible ship target in our ship detection system.

2.2 Radon Transform-Based Approaches for Linear Fea-

ture Detection in SAR Imagery

Most recent work [13, 14, 46, 63] has focused on pre-filtering SAR data in an attempt

to make wake features more distinct, and then applying a Radon transform-based linear

feature detection algorithm. In the following, we will introduce two Radon transform-based

approaches developed by Rey [63] and Copeland [13], respectively.

2.2.1 Linear Feature Detection Algorithm Based on the Radon
Transform

A. The Radon Transform

The Radon transform is commonly used in algorithms for detecting linear features in an

image, even in the presence of noise [13, 14, 19, 43, 63, 64, 68]. This transform integrates

image intensity along every possible line in the image and maps this information into a feature

space. The idea is that a peak (or trough) in the feature space might possibly represent a

bright (or dark} line in the image.

The Radon transform of a continuous image f(x,y) over a two-dimensional Euclidean

space is defined as [17]:

f(p,e) = n{f}= I I f(x,y)S(p-xcos6-ysme)dxdy (2.1)

where

• D is the entire x-y image plane;

• f(x^y} is the image intensity (gray level) at position (re, y}\

• S is the Dirac delta function which satisfies that 6{x) = 0 for x 7^ 0 and j'_°° 5{x)dx = 1;
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• p is the normal length from the origin to the straight line;

• 6 is the angle between the normal and the rc-axis.

The presence of the Dirac delta function forces the integration of f(x, y) along a line

whose normal representation is p = x cos 0-\-y sin 0. In the normal representation of a line, p

is the normal length from the origin to the line and 0 is the angle of the normal with respect

to the rc-axis. The geometry is illustrated in Figure 2.3.

Y Pl
\

0

Po

x 0 Go e

Figure 2.3: The x-y and p-6 coordinate systems

It will be useful to think of /(p, 0) as being defined on a rectangular grid in the p-6 plane

in the same fashion that f(x, y) is defined on a rectangular grid in the x-y plane. Some simple

properties of this parameter transform, noted in [17], follow directly from the definition and

Figure 2.3:

a) A given point {po, 60) in the transform domain corresponds to a line in the x-y plane

defined by po = x cos OQ + y sin OQ.

b) Collinear points in the x-y plane along the line parameterized by OQ and po map to

sinusoidal curves in the p-6 plane, and these curves all intersect at the point {po, Oo).

c) If /(re, y) is concentrated at a point (a;o, yo), then /(p, 0) is nonzero along a sinusoidal
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curve p = XQ cos 6 + yo sin 0.

d) Points lying along the curve p = XQ cos 9-}- yo sin 6 in the p-9 plane correspond to lines

in the x-y plane that all pass through the point (rz;o, yo).

The Radon transform is particularly suited for finding lines in images characterized by

a large amount of noise. In fact, it uses global information and therefore should be more

robust in the presence of noise than methods utilizing only local information 13, 46 .

An algorithm for computing the discrete Radon transform will be given in Section 2.3.1.

B. Linear Feature Detection Algorithm

The performance of the Radon transform in the detection of linear features is often

maximized when the linear feature of interest is approximately the same size as the image

dimensions. In general, the linear feature detection procedure developed using the Radon

transform involves three consecutive processes:

Pre-processing which reduces the noise and enhance features;

Radon transform which transforms linear features to peaks (or troughs);

Post-processing which detects linear features and reduces PFA.

The Radon transform combined with a simple automatic detection algorithm (ADA) can

detect visible wakes in an image. A more detailed description of this algorithm is given in

Section 2.3.2. The probability of false alarms (PFA) associated with the use of the transform

technique alone is unacceptably high for satellite ship surveillance applications. Therefore,

further improvements must be made to the ADA to increase the PD and reduce the PFA.

C. Drawbacks of the Radon Transform

There are some drawbacks to using the Radon transform for linear feature detection.

Since the intensity integration is performed across the entire the image, it may have difficulty
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detecting line segments which are significantly shorter than the image dimensions, and it has

no capability of providing information about the positions of the endpoints of these shorter

line segments, or about line length.

These drawbacks can have an adverse effect on attempts to analyze SAR imagery con-

taming ship wakes. If the image has been cropped to optimally display the ship wake of

interest, performing an integration across the entire image is sufficient to produce suitable

peaks and troughs in the transform space. However, in an automated system which is sup-

posed to continuously analyze SAR data to search for ship wakes, the wakes will not always

span the entire image so nicely. In addition, while ship wake components usually appear

straight when viewed over a short distance, they can display significant curvature over time

due to changes in ship headings, water depth, or ocean conditions.

2.2.2 FSLD Algorithm Based on a Localized Radon Transform

To overcome these drawbacks, a localized Radon transform approach to the detection of ship

wakes in SAR images was proposed by Copeland [13, 14]. The key element of this technique

is a localization of the Radon transform, whereby the intensity integration is performed over

short line segments rather than across the entire image. A linear feature detection algorithm

which utilizes this localized Radon transform was then developed.

A. The Localized Radon Transform

One way to accomplish localization is to perform the Radon transform in a small window

which can be shifted throughout the image. The window size should be small enough to

detect lines of the desired length, and the windows should overlap to ensure good coverage

of the entire image space. This method requires the computation of a large number of

individual Radon transforms.
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The localized Radon transform can be represented as the original transform (2.1) with

limits on the integration, and with an additional parameter:

f(p,6,a) = ULoc{f}
'Xmax FVmax

f(x, y) S(p — x cos 9 — y sin 6)dydx (2.2)
xm,in *1 Vmin

where

• ^min = mm(/ocos0 — <7 sin 0, p cos 0 — (cr+ A) sin 0);

• Xmax = max(/9cos(9 — o-sin (9, p cos 6 — (a + A) sin 0);

• Vmin = psm0 + a cos 6;

• Vmax = psm0-{- (a- + A) cos 0;

• (T is a shift parameter responsible for placing the windows;

• A is the length of the line segment of integration (LSOI) defining the size of the window.

The additional parameter a- makes the transform space three-dimensional (6, p, a). The

parameter A, which defines the size of the window, has a fixed value. Some details on

parameter setting are given in [14]. After the transformation, it is up to the Feature Space

Line Detector (FSLD) algorithm to detect the linear features in the image.

B. The Feature Space Line Detector Algorithm

The FSLD algorithm detects linear features for each particular value of 0 and lays down

the detected linear features (corresponding to every possible 6) onto the original image space

to obtain all (possibly curved) features. Thus the FLSD algorithm actually works on a 2D

space determined by p and a. The basic idea of the FLSD algorithm is as follows. First, the

characteristics which define a linear feature are enhanced. Second, the areas of the transform

domain corresponding to the strongest characteristics are isolated as potential indicators of

linear features. An attempt is made to exclude false alarms. Finally, the linear features
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corresponding to the remaining responses are mapped back into the original image domain

in the proper locations. The algorithm contains five steps:

For each value of 0:

1) Perform a localized Radon transform on the image;

2) Calculate the variance along strips in the p direction;

3) Threshold the transform domain;

4) Perform morphology on the transform domain;

5) Reconstruct lines in the image domain.

Here we give only a brief explanation of this algorithm. For details, readers are invited

to review 13, 14 . Step 1) is the localized Radon transform. Step 2) designed to enhance the

characteristics. Here a linear feature in the original image is considered as a bar. A localized

variance is calculated along the p direction on the localized Radon transform domain. Strong

variances indicate the possible existence of a linear feature. Step 3) binaries the variance

domain by a thresholding process. With the aim of isolating the strongest responses. Step 4)

applies a dilation and erosion process to suppress potential false alarms before reconstruction

in step 5).

The localized approach in FLSD makes it possible to detect piece-wise linearly curved

features using the Radon transform. Due to small window size (A), it can also locate the

endpoints of linear features more precisely. However, these advantages are achievable only

through a tedious testing process to find appropriate values for parameters such as the

thresholding parameter T, the structuring elements for morphological operations and the

height of the window over which the variance calculation is performed.
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2.3 An Implementation of the ADA and Some Exper-
imental Results

This section is devoted to the implementation of the automatic detection algorithm (ADA)

and a first test of the algorithm on some simulated and real SAR images. Significant effort

has been made to solve many technical issues that are often not mentioned in research papers.

Section 2.3.1 develops an algorithm to compute the discrete Radon transform. Section 2.3.2

discusses the ADA in more detail. Section 2.3.3 presents experimental results of testing on

both simulated test images and real SAR images.

2.3.1 An Algorithm for the Discrete Radon Transform

Given that only a subset of functions can be Radon transformed analytically, a discrete

approximation to the Radon transform that transforms a digital image is very useful. De-

pending on the aim (e.g., speed, elimination of artifacts, or simplicity), there exist nearly as

many definitions of the discrete Radon transform as people working with the Radon trans-

form. One easy approach is to sample the four variables {x,y, 6, p} linearly and work with

only a limited set of samples.

X = Xm = ^mm + ITiAx m=0,l,---,M—1

y = Vn = Vmin+n^y n= 0,1, • --,N- 1
0 - 6k = O^in + kM k = 0,1,... ,JC - 1

P = pf, = Pmin -\-kAp k= 0,1,--',H- 1

Here Xmin is the position of the first sample, Arc the sampling interval of x, and m a discrete

index used to number the M samples of x. Other expressions are similar.

54



In Equation (2.1), a simple and common approach for approximating the Radon transform

of a continuous image f{x^y} is to use a sum approximation [59]

M-l

f(ph^k)= <

Aa;
|sin0fc|

m=0
^/(m, [o'lfcm + /?ife]) if sm0k > -^

N-l

^^/([c^n +&,],») if sm0t$^.

(2.3)

n=0

where [.] rounds to the nearest integer, and

c^=cot^ and ^=E^^^M
(2.4)

c^=tan^ and ^k = pk~xmi^yn0k).

Sampling of the function f(x, y) gives a digital image

f(m,n) = f(xm,yn) (2.5)

Likewise the discrete Radon transform is written as

f(h,k)=f(p^ek) (2.6)

Hence, the discrete Radon transform can be presented as a digital image.

Moreover,

0+^. ^ „„ ^ ^-1-/3 ;,~~^~ <- m < " ^ " if cf > 0

0^n= [am + (3] < N-1 ^=^ { -j < (3 < N - j if o; = 0 (2.7)
A^^<_'^i if ^<o.
Q' — a

We obtain that

^_(_1 .,,, ,, TV — ^ —
mmin = max{0, f-——2]} and rrimax = min{M - 1, [--—^—^-J} if a > 0 (2.8)

= 0 and mmax = M -1 ifo;=0 (2.9)

N — ^ — (3^^ . , /3+ ^
mmin = max{0, \-^- — 1 —'-'}} and rrimax = min{M - 1, [-'—^-\} if a < 0 (2.10)

a ' ~ ^ a

^rnm
^lmm

m,
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and, similarly,

P+k ^ „ . M-^-13 ,,—2- < n < 2 ^ if Q! > 0

0<m=[an+(3]<M-l^=^{ -^(3 < M-^ if a=0 (2.11)
M-^-f3 ^ __ , -/3+^ ,,-2— < n < —t—2- if a < 0.

a —
we can get that

^+2 i-i ^^ ^ _v^r 7\r 1 i M-i-/3nmin = max{0j-—^-1} and n^ax = mm{N - 1, [-^— — ^ — '-\} if a > 0 (2.12)
a ' ~ ~ a

nmin = 0 and rimax == N - 1 ifo;=0 (2.13)

nmin = max{0j-^—^—^1} and n^ = mm{N - 1, L-^—^-J} if a< 0(2.14)
a " ~ "a

where [J and f.~| are rounded to the nearest lower and upper integer, respectively. Therefore,

instead of using the full intervals of m-values and n- values, the intervals m^m to m^nax and

^mm ^0 "maa; should be used to save the time of computing the Radon transform.

The following is a pseudo-code for the discrete Radon transform, where all array indices

start at 0. Comments to the code are preceded by//.

For k= 0 to K - 1
costheta = cos{0k)
sintheta = sm(0fc)
rhooffset == a;mm*(costheta+sintheta)
If sintheta > l/sqrt(2)

alpha = -costheta/sintheta
For h= 0 to H - 1

beta = (/)/i-rhooffset)/(Arc* sintheta)
If alpha > 0

mmin and mmax are set using Eq. (2.8)
sum=0
For m = m^n to m^x

sum = sum + /(m, round(alpha *m + beta))
End
f{h, k) = Arc* sum/sintheta

End
Else if alpha = 0

mmin and mmax are set using Eq. (2.9)
sum=0
For m = rrimin to rrimax

sum = sum + jf(m, round(beta))
End

//For all values of 6k

//Common factor
//Project onto x-axis
// Digital slope is set
//For all values of p^
// Offset is set

//Expression omitted
//Initialize sum
//For all legal values of x
//Increment sum

//Update matrix element

//Expression omitted
//Initialize sum
//For all legal values of x
//Increment sum
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f(h, k) = Arc* sum/sintheta
End
Else

mmm and mmax are set using Eq. (2.10)
sum==0

For m = rrimin to rrimax

sum == sum + jf(m, round(alpha *m + beta))
End
f(h, k) = Aa;* sum/sintheta

End
End

End
Else

alpha = -sintheta/costheta
For h=0 to H - 1

beta = (/^i-rhooffset)/(Aa;* costheta)
If alpha > 0

rbmin and nmax are set using Eq. (2.12)
sum=0
For n = nmm to rimax

sum = sum + f(round(alpha *n + beta), n)
End
f(h, k) = Arc* sum/ costheta

End
Else if alpha = 0

Umm and rimax are set using Eq. (2.13)
sum=0

^ =:= ^'min ^0 ^'max

sum =- sum + f(round(beta), n)
End
f(h, k) = Arc* sum/|costheta|

End
Else

Umm and nmax are set using Eq. (2.14)
sum=0

'rnvn, uv-/ ' "max

sum = sum + f(round(alpha *n + beta), n)
End
f{h^k) == Arc* sum/|costheta|

End
End

End

//Update matrix element

//Expression omitted
//Initialize sum
//For all legal values of x
//Increment sum

//Update matrix element

//Project onto y-axis
// Digital slope is set
//For all values of ph
// Offset is set

//Expression, omitted
//Initialize sum
//For all legal values of x
//Increment sum

//Update matrix element

//Expression omitted
//Initialize sum
//For all legal values of x
//Increment sum

//Update matrix element

//Expression omitted
//Initialize sum
//For all legal values of x
//Increment sum

//Update matrix element
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It can be seen in the algorithm that the program is actually split into in two parts,

corresponding to the axis on which the line integral is projected. A result obtained using

the algorithm is shown in Figure 2.4.

Figure 2.4: Test image with two lines in a noisy background and its Radon transform: (a)
Image m a noisy background; (b) the Radon transform of (a)

2.3.2 Automatic Detection Algorithm for Linear Features in SAR
Imagery

The linear detection procedure developed using the Radon transform is illustrated in Figure

2.5; the steps are described below. This automatic detection algorithm (ADA) involves three

consecutive processes:

A. Pre-processing

Since the input image may contain noise, a pre-processing procedure is required to sub-

tract the image mean from each pixel and apply a clipping process to set all large values

to a predetermined maximum value ±To. A nice consequence of this pre-processing is an

enhancement of the linear features in the image. As a matter of fact, if the original image

background speckle has a homogeneous local mean, then the Radon transform which is ap-

plied to pre-processed images will result in an enhanced peak (trough) corresponding to a
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bright (dark) feature, and in a value close to a constant near zero when the integration line

is not a linear feature.

original

T
lre-processing

I
adon Transfer]

T
Location of

Linear Features

i 1. Calculate the image mean

2. Subtract the mean from each pixel

i 3. Apply a clipping process
I

l Apply {,^.3) l

'----------------I

1. Calculate the mean and deviation

2. Subtract the mean from each pixel

3. Choose a thresholding value
4. Find local extreme points, i.e., peaks

Figure 2.5: Automatic detection algorithm flowchart for the Radon transform

B. The Radon transform

In this step, the Radon transform is computed based on the algorithm in Section 2.3.1.

C. Linear Feature Identification

After application of the Radon transform, we will first calculate the mean and standard

deviation o- of the Radon transform of the image. The ADA'S performance can then be

assessed in terms of the ratio of the height of a peak (with mean subtracted) in the transform

domain to the standard deviation in the transform domain. The detection threshold is set

at ±KQ * CT, where the choice of sign depends on whether bright or dark peaks are to be

detected and KQ is a user-defined parameter. The Radon transform space is thresholded to

59



produce the bright or dark region of interest. The appearance of peaks above the positive

threshold or troughs below the negative threshold is an indication of the presence of a wake

feature. After we calculate the values of (p, 0) corresponding to these peaks in the transform

domain, we will calculate the equations of lines in the image domain based on the following

situations, respectively.

Case 1 If sin(0) > -^, the equation of the line corresponding to a peak is

y = — cot{0) * x -\- —
sm(0)

Case 2 Otherwise, the equation of the line corresponding to a peak is

px = — tan((9) * y 4-
cos(0)

2.3.3 Experimental Results and Analysis

The values of To and KQ were set to 150 and 3.5, respectively. Apparently the transform has

many free parameters, but normally several of them are fixed. We chose these parameters

in the Radon transform algorithm as follows:

PARAMETER
Arc
^y
^min = ^max

Vmin = V max
K
"mm
'max

A0
Ap
H
Pmin

Pmax

EXPRESSION
1
1

-^Arr
-4^
MM -1)1

TV(K-I)
-^K.

v(K^-l}
^2K

7T

\.x

_7t
2M-1

H-lT^p
Table 2.1 Sample parameter settings
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A set of simulated and real images were used to test the automatic detection algorithm

in several situations. Here we report some experimental results (see figures 2.6 to 2.10)

obtained using the ADA.

A. Testing on Simulated Images

Two of these simulated images and the results of the ADA performed upon them are

presented in figures 2.6 and 2.7. Comparing figures 2.4 and 2.7, we can find that the results

of the ADA are better than those obtained by performing the Radon transform directly for

linear feature detection. It should be mentioned that the background noise in these two

images has ideal Rayleigh distribution.

B. Testing on Real SAR Images

The ADA was also tested on real SAR images. The results are shown in figures 2.8 and

2.9 for two 256 * 256 SEASAT SAR ocean images including ship wakes. As expected, the

transforms of the ship wake data contain peaks (or troughs) corresponding to each of the

ship-wake arms. In general, the ADA doesn't detect the remaining peaks because they fall

below the selected threshold, which has been set to KQ = 4 (see [63]). Reduction of this

threshold would improve the ADA performance for these peaks, but it would also increase

the PFA substantially. We therefore conclude that improvements must be made to the ADA

to increase the probability of detection (PD) and reduce the PFA.

2.4 Conclusion

In this chapter, we have presented our research work on testing and improving the Radon

transform-based algorithm for the detection of linear feature detection from SAR imagery.

As we have seen, pre-processing and post-processing in the ADA system play important roles

in applying the Radon transform to linear feature detection. The Radon transform-based
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algorithm has been integrated into our ship detection system (see Figure 2 in Introduction)

and used to refine ship targets as shown in Chapters 1 and 4, respectively.

Figure 2^.6: An image with 256 * 256 pixels and the results of ADA: (a) test image with two
lines; (b) pre-processed image; (c) the Radon transform of (b); (d) after threshoTdin'g of v(c)

Parameters (p,0)
(66.114487,3.008415V
(-22.627419,0.231110]

Equations of Lines
x = 0.133971 * y - 66.705162"

x - -0.235320 * y - 23.245480

Table 2.2 The parameters and equations of lines corresponding to Figure 2.6
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(c) (d)

Figure 2.7: An image with 256 * 256 pixels on a noisy background and the results of ADA:
(a) test image with two lines; (b) pre-processed image; (c) the Radon transform of (b); (d)
after thresholding of (c)

Parameters (/o, 0)
(70.710678,2.914402)
(-25.809395,0.235032)

Equations of Lines
x = 0.231182 * y - 72.575653

x = -0.239458 * y - 26.539040

Table 2.3 The parameters and equations of lines corresponding to Figure 2.7
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(d)

Figure 2.8: Result of the ADA on SAR image: (a) image with ship wakes; (b) pre-processed
image; (c) the Radon transform of (b); (d) after thresholding of (c)

Parameters (p^O)
(35.001785,0.003903)
(60.811180,0.007805)

Equations of Lines
x = -0.003903 * y + 35.002052
x = -0.007805 * y + 60.813034

Table 2.4 The parameters and equations of linear features corresponding to Figure 2.8
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Figure 2.9: Result of the ADA on SAR image: (a) image with ship wake; (b) pre-processed
image; (c) the Radon transform of (b); (d) after thresholding of (c)
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Figure 2.10: Results of ADA for linear features in the images
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Chapter 3

Fuzzy Clustermg-Based Algorithm for
Ship Detection

Cluster analysis plays an important role in solving many problems in pattern recognition

and image processing. For example, it is used for feature selection and image segmentation.

There are a great number of clustering methods. Fuzzy clustering is one that has proven very

well suited to deal with the imprecise nature of remote sensing data, in applications such

as SAR image segmentation and oil spill detection on SAR images [124,125 . In the fuzzy

clustering framework, each cluster is a fuzzy set, and a pixel in the image has a membership

value associated with each cluster. This value, ranging between 0 and 1, measures the

degree to which the pixel belongs to that particular cluster. There are different families of

fuzzy clustering algorithms [106,107,108]. The most popular is the Fuzzy C-Means (FCM)

algorithm, which is a generalization of the classical C-Means algorithm. In this chapter,

we present an improvement to FCM and describe an application of fuzzy clustering to ship

target detection from SAR images.

In Chapter 1, we investigated three statistical models. The CFAR technique was used

to improve ship target detection performance. One of the problems of the CFAR-based

detection technique is selecting an appropriate significance level corresponding to a CFAR.
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In practice, the significance level is often chosen heuristically. Since the size and the number

of ship targets in an image are unknown, any CFAR set can result in either too few targets

or too many targets, including false alarms (see [35, 36, 115]). The clustering analysis-based

approach allows for the automatical extraction of groups of similar pixels. If there are indeed

large targets or many small targets in the image, these pixels form clusters. If there are only

a few small targets, these pixels will appear as outliers [120]. In. any case, cluster analysis,

including outlier detection, is one of the main research directions leading to a truly automatic

ship detection system.

One of the simplest techniques is to find a threshold based on the histogram of an

image. Image pixels with gray-levels above the threshold are classified as object pixels and

the rest are classified as background pixels. Ideally, the histogram of an image is bimodal

(multi-modal, in general) and the threshold can be chosen in the valley between the peaks.

However, when the peaks are not pronounced and the histogram is not smooth, locating

the valley can be difficult. For this reason, researchers have used criteria such as those in

Otsu's approach [119,121] and the fuzzy approach [117, 118] to determine the threshold.

The optimum threshold is deemed to be one that minimizes or maximizes the criterion.

We propose a new validity index for evaluating clustering performance, that can be used

to determine the number of 'peaks' and segment objects and backgrounds [116]. Also, we

present a FCM-based algorithm for identifying an optimal threshold for a unimodal or long-

tailed image histogram. It is used to detect as many ship pixels as possible from a SAR

image in our procedure.
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3.1 Fuzzy C-Means Algorithm

There are two basic methods of fuzzy clustering. One of them, which is based on a fuzzy

c-partition, is called the fuzzy c-means clustering method. The other method, based on fuzzy

equivalence relations, is called the fuzzy equivalence relation-based hierarchical clustering

method. The basic characteristics of these methods can be found in Klir and Yuan's book

Fuzzy Sets and Fuzzy Logic: Theory and Applications [114]. In this section, we introduce

the definition of the fuzzy c-partition and describe the basic fuzzy c-means algorithm.

The FCM was developed in the 1970s along with developments of fuzzy set theory. Fuzzy

set theory provides useful concepts and tools to cope with various problems in cluster analysis

and image processing. A fuzzy set A in the observed space X is characterized by a membership

function p.A{x) that associates each element x of X with a real number, /M(^)? m ^he

interval 0,1 . The value of /^A(^) indicates the degree to which the element x belongs to A.

The membership function selected depends on the application. Some popular membership

functions such as the standard ^-function [114 and the Gaussian function [114] are used for

image segmentation [107, 108]. The <S'-function is defined by

0 if x < a

,^ = ^ 2(^)!_,, t/a<^'<
w) = \ l'r2(^)2 ifb<x<c [6-1

1 if x > c

where a, 6, c are parameters and b = c±2-. In our work, the Gaussian function, is used to

calculate an object's degree of fuzzy membership in a cluster v. It is defined by

p.A{x) = exp^ 4(1^1 )2^, (3.2)
2V a

where v is the cluster centroid, |.| is the distance function, and a2 is a parameter such as the

variance of cluster v.
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Let X = {a;i, x^..., rc^} be a set of given data and c be an integer, 1 < c < n. A fuzzy

c-partition of X is a family of fuzzy subsets of X, denoted by p = {Ai, Az,..., Ac}, which

satisfies

c

^_^A,(^) = 1 (3.3)
3=1

for 1 < i < n and

n

0 < ^iiA,(xi)<n (3.4)
i=l

for 1 <: j ^ c. Clustering the data set X consists of dividing X into subsets or clusters. In

conventional clustering, each object Xi € X is (crisply) assigned to a unique cluster. However,

in fuzzy clustering an object x^ does not have to belong exclusively to one cluster; instead, x^

can be an element of every cluster (j) in X to some degree, indicated by a fuzzy membership

grade for xi in fuzzy set Aj. The problem of fuzzy clustering is to find a fuzzy c-partition

and the associated cluster centers by which the structure of the data is represented as closely

as possible. This clustering method requires that associations be strong within clusters and

weak between clusters. To solve the problem of fuzzy clustering, we need to formulate this

criterion in term of a performance index. Usually, the performance index is based upon the

cluster centers. Given a fuzzy c-partitions p = {Ai, Ag,..., Ac}, the ri, ^25 • • • ,Vc associated

with the partition are calculated by the formula

V-, =

^n /.. /.. \\m
.i=l{P'A,[Xi)) X,

ELi (^)T
for all j € Nc = {1,2,..., c}, where the exponent m > 1 isa real number usually called

the fuzzifier. It modifies the weighting of the membership value. Large m tends to result

in approximately equal membership values, thus increasing the fuzziness of clusters. Note

that Vj, which is viewed as the cluster center of the fuzzy class Aj , is actually the weighted
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average of the data in Aj. The weight of a datum Xi is the mth power of the membership

grade of Xi in fuzzy set Aj.

If we use Uij to denote the membership grade ^Aj(^z) of ^i in fuzzy set Aj, then a fuzzy

c-partition is indicated by the matrix U = (ui])^c- ^ow ql °^ U represents the membership

values of Xi in (c) fuzzy subsets of X. Column j of U exhibits values of a membership function

IJ.AJ on X. The performance index of a fuzzy c-partition., Jm(U, V, X) is then defined in terms

of cluster centers Vj,j € Nc, by the formula

J^(U,V,X) = ^^(^)m(\x.-v,\)2 (3.5)
j=l i=l

where V = {t;i,V2,. .., re} is a set of cluster centers, Uy expresses the fuzzy membership

degree or proximity of the object X{ to cluster center Vj, and \Xi — Vj\ represents the distance

between Xi and Vj. This performance index is a weighted sum of distances between clus-

ter centers and elements in corresponding fuzzy clusters. Clearly, the smaller the value of

Jm{U, y, X), the better the fuzzy c-partition. Therefore, the goal of the fuzzy c-means clus-

tering method is to find a fuzzy partition U = ('Uy) that minimizes the performance index

Jm{U-i V-i X)- That is, the clustering problem is an optimization problem. The following fuzzy

c-means algorithm was developed by Bezdek [106] to solve this optimization problem.

AlgoS.l: Basic FCM algorithm

1. Input the number of clusters c, the fuzzifier m, and a small positive number s.

2. Let t = 0; select an initial fuzzy partition U^Q\

3. Calculate the cluster centers V^ = {v^) : j = 1,..., c} for U^ by the formula

-n f^.W\m
^) ^ z—1 ^'^l

•Jf— ^•<mSLiKt))m.
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4. Update U^t+1^ by the following procedure:

^\Xi-VW\^'
exP<!-i(r—^)'

u?+l) = ~ { ^ a3"
u'i3 ' = V- ^! 1^-^2\ {6'(

ES=iexp<[-i(^-)2

2
where ( a\ '} is the variance of cluster, v^' for j = 1,2,..., c.

5. Compare U^ and U^t+l\ If || [/(*+1) - [/W ||= max^N.,ze^ |^+1) - ug)| < e (where
Nn ={1,2,..., n}), then stop; otherwise, increase t by one and return to Step 3.

6. Output the clustering results: cluster centers vw {j = 1,2,..., c), membership matrix U(t+1^
and, in some applications, the cluster's elements containing all xi such that Uij is maximal
for each.

7. Stop.

In practical applications of the FCM algorithm, one has to solve several problems includ-

ing determination of the number of clusters, determination of the fuzzifier and initialization

of fuzzy partitions or prototypes. The problem of determining the number of clusters is par-

ticularly important because in general the user does not know the exact number of clusters

in the data set. In the next section we will present a new validity index that can be used

to determine the number of clusters for any given data set. The performance of clustering

algorithms in terms of the clustering results and the time required can be affected signifi-

cantly if the number of clusters given is not accurate. This is also generally true for most

other clustering algorithms.

3.2 Cluster Validity

Cluster validity measurement is concerned with checking the quality of clustering results.

It has been mainly used to evaluate and compare whole partitions resulting from different

algorithms or from the same algorithm under different parameters. There are a number of

validity measures available to evaluate the performance of clustering and image segmentation
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[104, 105]. Many heuristic criteria have been proposed for evaluating partitions. Cluster

properties such as compactness and separation are often used for validity methods that are

based only on the data. Compactness refers to the lack of variation or spread manifested by

elements belonging to the same cluster. Separation represents the isolation of clusters from

one another.

Fuzzy cluster validity indexes such as the partition coefficient, classification entropy and

the proportion exponent 106 measure properties of fuzzy membership to evaluate partitions.

Here we present a cluster criterion proposed by us recently (see [101] and [102]), which is

efficient even when clusters overlap. The validity index is based on measuring the average

within-cluster scatter and the relative between-cluster distance. This research work was done

in collaboration with Haojun Sun. The new validity index, Vwsj(U, V, c) has the following

form:

Vwsj(U, V, c) = ^(c) + ,sepw , (3.8)
/max,

where Cmax is the maximal number of clusters. The term representing the separation between

clusters is defined as

Sep(c)=^^(^-v,)2} (3.9)
'mm 1=1 \J=1

where Dmin = min |^—'Uj| and D max = max I'^—'L^I. Scat(c) is a measure of the compactness
W ' ~ " '""" 1,3

^E^z) . . , n_
of the obtained clusters, defined as Scat(c) = t-jL.^ —, where o"(X) = i ^(rcfc — ^)2,

k=l
n n

a(vi) == ^ S uki(xk~Vi)2, and a? = ^ ^ 2;^. A small value of Scat(c) means that, on average,
k=l " k=l

the clusters are compact compared to the variance of the data set. Sep(c) indicates the total

scattering (separation) between the clusters. The minimum value of Vwsj is believed to

correspond to the best clustering. The index defined in Equation (3.8) has been used to

determine the number of clusters.
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The following selection algorithm applies the basic FCM clustering algorithm to the

data set for c = Cmax, •••,Cmin and chooses the best number based on a (cluster) validity

criterion. Here, Cmax and Cmm are predefined values and represent respectively the maximal

and minimal numbers of clusters between which an optimal number is searched for.

Algo3.2: FCM-based selection algorithm

1. Choose Cmax and Cmin.

2. For C = Cmax to Cmin:

2.1. Initialize cluster centers (V).
2.2. Apply the basic FCM algorithm to update the membership matrix (U) and the cluster

centers (V).
2.3. Test for convergence, if no, go to 2.2.

2.4. Compute a validity value Vwsj{c).

3. Compute Cf such that the cluster validity function Vwsj{cf) is optimal.

Our new index has been extensively compared with major existing indices and has proven

to be a good validity measure for validating clustering results and determining the number

of clusters 102 . This validity measure is not limited to FCM. It can also be adapted to

evaluate crisp clustering algorithms such as K-means and Projected-Clustering algorithms.

One application is to determine the number of modes in a multi-modal image histogram and

segment several different objects from an image (see [116,117,119]).

For the unimodal image histogram case (or long-tailed histogram, see figures 1.8, 1.9,

and 1.10), researchers have used several criteria such as those in Otsu's approach [119,121]

and the fuzzy approach [117, 118] to find an optimal threshold for segmenting objects and

background in digital images. Normally, small objects and object overlapping are among the

most complicated issues, posing challenging difficulties for threshold selection. Therefore, a

thresholding technique must be able to segment an image into different objects with similar

properties even when the object's size is small or the image histogram is unimodal. In most

74



practical situations, the between-class variance and entropy methods [118, 122] do not work

properly if an object's size becomes too small (we will call this kind of object an outlier

120 ). Our challenge is to detect small ship targets of this type from SAR images. For this

purpose, we propose a FCM-based algorithm for ship detection in the next section.

3.3 Ship Detection Using Fuzzy Clustering

Let (M— 1) be the maximum of the intensity values of an image X and h(i) be the normalized

histogram of the image. In our model, we use

„.. , S^i1 ("„•)'" h(i)i
"' " E£o-l ("y)m ft(')

instead of Equation (3.6) to calculate the cluster centers. Moreover, we use exponential

functions instead of Equation (3.7)to compute the membership degrees by

_a(^f)uy ' ES^) (3'11)

where a(%, j) = exp ^ ~^(t~^i)'2 \ and (TJ is the variance of cluster j. The function in Equation

(3.11) is a mixture of Gaussian fuzzy membership functions as defined in Equation (3.2) and

it has been successfully used in the development of fuzzy logic systems (see [114]).

The cluster centers v^ i = 1,2,..., c, should be initialized first. Advanced initialization

methods such as the greedy method [104] and the KA method [105] enhance the convergence

performance of the FCM algorithm. Once the centers Vi are initialized, the initial elements

of the membership matrix, Uy (i = 1,2,..., n, ^' = 1,2,..., c), are computed using Equation

(3.11). To refine V and (7, equations (3.10) and (3.11) are used iteratively until the changes

in V or U are sufficiently small. If the final classification is required, the largest value of

Uij (j = 1,2,... ,c) is usually selected for any x^ and the corresponding j'o identifies the

cluster to which Xi belongs. The modified fuzzy c-means algorithm consists of the following
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steps:

Algo3.3: Modified FCM algorithm

1. Input the number of clusters c, the fuzzifier m, and a small positive number e.

2. Let I = 0. Select initial cluster centers V^ = {v[ ,.. . ,z>^ } from {0,1,2,.. .,M — 1} using
the random method.

3. Calculate fuzzy partition U^ = (uy) for V^ using Eq.(3.11);

4. Update y(;+l) according to the actual proximity matrix U^ using Eq. (3.10).

5. Compare y(;+l) and V(l\ If || V(l+^ - V^ \\= max^^ |^+1) - vw\ < e, then stop;
otherwise, increase I by one and return to Step 3.

6. Output the clustering results: cluster centers r^- {j = 1,2,... ,c) and membership matrix

uw.

7. Stop.

As discussed in Chapter 1, ships are identified in a SAR image as bright features because

of corner reflection. This means that the intensity level of each ship pixel is much higher

than that of pixels in the sea region. Using the improved of FCM algorithm, we can partition

an image into two different groups: one called 'bright', with higher intensity values, and the

other 'dark', with lower gray-levels. All possible ship pixels should belong to the 'bright'

group and non-ship pixels should belong to the 'dark' group. The problem is how to evaluate

the clustering performance and how to reduce the false alarm rate. We present a FCM-based

algorithm using the cluster validity measure in Equation. (3.8), as follows:

Algo3.4: FCM-based algorithm for thresholding

1. Set c = 2, find two classes using Algo3.3.

2. Set To = d^ (>, where Cd is the center value of the 'dark' group and Cf, is the center value
of the 'bright' group.

3. Compute validity measure corresponding to To using Eq. (3.8); denoted by Vwsj{To).

4. Set T\ = c<<>^Mf', where M{, is the maximum of the intensity values of image pixels in the
'bright' group.
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5. Segment by the threshold T\ and calculate the validity measure using Eq.(3.8), denoted by
VwsjW.

6. Determine another threshold T-z as the point of intersection of the two scaled Gaussian mem-

bership functions defined by Uj(x) = exp ^ —j(-^2-)2 \, where a'j is the variance of the j th

cluster {j = 1,2).

7. Segment by the threshold T-z and calculate the validity measure using Eq. (3.8), denoted by
Vwsj{T'i),

8. Select 1c = ArgMin{Vwsj(Ti) : i = 0,1,2}. That is, 1c is selected from To, TI, and Tz based
on the minimum value of the related validity measures.

After determining an appropriate threshold, 1c-, this threshold is used to check each pixel

by looking at whether its intensity is less than 1c. If yes, then the pixel is put into the 'dark'

group, otherwise it belongs to the 'bright' group. In the next step we use a morphological

filter as a cleaning operator to further eliminate false ship pixels from the 'bright' group.

The filter is an m*m moving window (usually, m = 7 is selected). Each image pixel in the

'bright' group is examined by placing it in the filter center. The filter then examines the

(m2 — 1) neighboring pbcels. If more than m and fewer than m-^1 neighboring pixels are

possible ship pixels, the center pixel is considered to be a true ship pixel. This filtering

process was discussed in more detail in Chapter 1.

The basic structure of the detection algorithm can be summarized in Figure 3.1. First

we use the FCM algorithm (Algo3.3) to segment into two classes, one including all ship

target candidates and the other consisting of the pixels in the sea region, called background.

Secondly we find an optimal threshold (Algo3.4) via the cluster validity measure defined

in Equation (3.8). To eliminate false ship pixels, a morphological filter is used as a cleaning

operator at the end.
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3.4 Testing and Assessment

M.any radar images were used to test this model. We set £ = 0.001 and m = 2 in the

detection processing. Here we report three experimental results, shown in figures 3.2, 3.3,

and 3.4. We applied the FCM based-detection model shown in Figure 3.1 to detect ship

targets from the SAR images presented in figures l(b), 1.13 (a) and 1.14(a), denoted here by

Image 1, Image 2, and Image 3, respectively. The detection results are shown in figures

3.2(b) and 3.3(c), and 3.4(c), respectively. Table 3.1 shows useful information corresponding

to figures 3.2, 3.3 and 3.4.

Input Image FCM-based Algorithm Clustering Validation Filtering Output Imag

Figure 3.1: Block diagram of ship detection algorithm

(b)

Figure 3.2: (a) SAR Image 1; (b) after filtering

78



vt" " . '

*••

(a)

.•''

Figure 3.3: (a) SAR Image 2; (b) after thresholding; (c) after filtering
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Figure 3.4: (a) SAR Image 3; (b) after thresholding; (c) after filtering
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Threshold 1c
CPU time (seconds)

Image 1
98
3.5

Image 2
192
1.65

Image 3
173
2.2

Table 3.1: Threshold values and CPU times corresponding to Figures 3.2, 3.3 and 3.4

As shown in Equation (1.6), the selection of the CFAR is very important in determining

an optimal threshold 1c. The following tables and figures show the effect of different CFARs

on 1c and detection results. Figure 3.5 shows four detection results based on different values

of CFAR used on the SAR image in Figure 3.2(a) in which there are four true ship targets.

Table 3.2 gives a list of results corresponding to Figure 3.5. Figure 3.6 shows four detection

results based on different values of CFAR used on the SAR image in Figure 3.3 (a), in which

there are three true ship targets. Table 3.2 gives a list of results corresponding to Figure

3.5. If the value of CFAR is larger, we may get many false targets. If the value selected for

CFAR is too small, we could miss some true targets. Based on our experiments on many

SAR images, CFAR= 0.005 should be a good choice.

As discussed above, the FCM-based detection, model is automatic. This means our new

model doesn't depend on the CFAR and always yields an ideal detection result. For other

target detection methods in which the 4:th moment of the pdf and c-mean clustering tech-

niques are applied to improve target detection performance, see the references [115,116].

CFAR
0.01
0.008
0.006
0.005
0.003
0.001
0.0001

x"
87
88
90
92
95
103
120

^ of true ship targets
4
4
4
4
4
4
4

^ of false targets
5
3
2
0
0
0
0

^ of missed targets
0
0
0
0
0
1
2

Table 3.2: CFAR values and numbers of targets corresponding to Figure 3.5
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(a) (b)

~w (d)

Figure 3.5: (a) Result with CFAR = 0.006 ; (b) result with CFAR = 0.005; (c) result with CFAR
= 0.003; (d) result with CFAR = 0.001

CFAR
0.015
0.013
0.012
0.010
0.005
0.003
0.001

'ZT
186
188
189
191
198
203
226

# of true ship targets
3
3
3
3
3
3
3

# of false targets
7
4
4
0
0
0
0

if- of missed targets
0
0
0
0
0
0
1

Table 3.3: CFAR values and numbers of targets corresponding to Figure 3.6

82



Figure 3.6: (a) Result with CFAR = 0.013 ; (b) result with CFAR = 0.012; (c) result with CFAR
= 0.005; (d) result with CFAR = 0.001

3.5 Conclusion

This chapter has presented a new cluster validity index and a fuzzy clustering based al-

gorithm. The algorithm developed is capable of detecting small and large (larger) targets

from single-channel and multi-channel images. The detection procedure mainly consists of

the following steps: (1) finding clusters by a modified fuzzy c-means algorithm; (2) using a
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simple scheme to determine a threshold; and (3) using a morphological filter as a cleaning

operator to eliminate false ship pixels. The advantages of our algorithm lie in its ability

to find small clusters and detect ship targets from SAR images. Moreover, the FCM-based

approach avoids the necessity of fixing a threshold value in CFAR and, it is thus more

automatic than the CFAR-based approach. The preliminary results are very encouraging.

Further development is under way to improve the applicability and validation of our fuzzy

clustering-based algorithm to a variety of truth data. The proposed approach will have wide

applications in computer vision and image processing [116,124].

84



Chapter 4

System Development for Ship
Detection in SAR Imagery

We have developed several efficient algorithms and integrated them into a system for ship

detection from SAR imagery. There are six models in the system; all of them can be used

independently and selected for different purposes by users. The structure of the current

system is illustrated in Figure 2 in the Introduction. This chapter presents the current

procedure of each model. In Section 4.1, we develop an automatic detection model for ship

target detection in coastal SAR images, and especially for RADARSAT SAR images from

coastal regions. In Section 4.2, we describe an application of the fuzzy clustering-based

algorithm, to identify ship targets from coastal SAR imagery. Section 4.3 presents some

experimental results obtained using different pdf models.

4.1 Ship Detection in SAR Imagery from Coastal Re-
gions

RADARSAT has the capability to detect both stationary and moving ships on the ocean.

These ships usually appear as bright targets, against the dark background of the ocean. Our

goal here is to detect all possible ship targets in RADARS AT SAR images (with 16 bits, in
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general) from coastal regions (see Figure 4.1).

Figure 4.1: A RADARS AT SAR image with land, sea and ship targets

An automatic model for ship target detection in RADARSAT SAR images from coastal

regions is described and assessed. The major tasks to be performed by the proposed model

are: first, to mark out land regions in a coastal image and second, to detect ship targets

in the sea region. The structure of the current model, denoted by "Land+Sea Ship",

is illustrated in Figure 4.2. The various procedures are discussed in subsequent sections.

Several detection examples for RADARSAT SAR images are also shown.

4.1.1 Land and Sea Detection

The detection starts with identification of the land. It is obvious that the intensity values for

pixels in the land regions are higher than for those in the sea region. We first use a simple

thresholding technique to select all possible pixels of the land region. A thresholded image

is defined as

,(x.^=[Ll if.f(x'y^T
WJ=1 L, it~f(x,y)<T
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Figure 4.2: Block diagram of our detection model

where f(x, y) is the intensity of the image at point (x, y\ L\ and Z/2 are convenient intensity

values and T corresponds to the threshold value. Objects inside the image are separated into

two dominant groups based on the threshold setting, T. We take A = {(re, y) \ g{x, y) = Z/i}

as the possible land region and B = {(x,y) g(x,y) = 1/2} as the sea region. As discussed

above, ships are very bright features in SAR images, so pixels of possible ships may belong

to A. On the other hand, the area of each possible ship target would be small. Therefore,

we need to distinguish these small targets from the possible land region and put their pixels

into the sea region, B. For this purpose, a cleaning operation is applied to eliminate false

land pixels. The cleaning operation is a logical filter which considers to the structure and

shape of objects.

In general, a thresholding method is one that determines the value T* of T based on a

certain criterion (see [118-123]). The uniformity measure (UM) used in our work is adopted

from that of Levin and Nazif 123]. For a given threshold value T, the uniformity measure
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U(T) is defined by

U(T) = 1-^
(Ty

where o-y is the total grey-level variance of an image and o-w is the average within-cluster

variance given by

.2 _2(J\y = (7^ + (7^

where, for j = 1,2

• ^2=E(^)e7,?^)-^)2
E(^)e7, /(^2/)

• ^3 = —n^

• Ij is the set of pixels in the j'th group and nj is the total number of pixels in Ij.

The value of U(T) varies from zero to one, with larger values indicating better (z.e., more

compact) clustering. To determine an optimal threshold, T for land and sea detection, a

UM-based algorithm for threshold selection is applied as follows:

Algo4.1: UM-based Algorithm

1. Compute the maximum and minimum intensity values of a SAR image, denoted by M and
MQ, respectively;

2. ForT=Mo+l,...,M-2:

2.1 Partition the image into two groups, Ji and 1^, based on threshold T;

2.2 Calculate U(T}\

3. Compute T* such that (7(T*) = max{£7(T) : T = MQ + 1,... ,M - 2}.

In our algorithm, we apply the UM-based algorithm to select an optimal threshold, T

(T = T*), and then set Li = 255-To (To = T if T < 255, otherwise To = ^) and Lz = 255.

Meanwhile, the cleaning operation here is an m*m moving window (usually m = 19). Each

'land' pixel in A is examined by placing it in the filter center. The filter then. examines the



(m2 — 1) neiboring pixels. If more than 5 * m neighboring pixels are possible 'land' pixels,

the center pixel is considered to be a true land pixel. Otherwise, we put this pixel into the

sea region B. Further, a morphological filter is applied to expand the land region. The filter

is a mi * mi moving window (usually mi = 9). Each 'land' pixel is examined by placing it in

the filter center. The filter then examines the (m^ — 1) neighboring pixels. If more than m\

neighboring pixels are possible 'land' pixels, then all the pixels in this window are considered

to be 'land' pixels. An example is shown in Figure 4.3.

(b) (c)

Figure 4.3: (a) Original image (1000 * 1000 pixels), (b) result by simple thresholding and
cleaning, (c) final result of the land and sea detection

4.1.2 Ship Detection from Sea Region and Experimental Results

As discussed in Chapter 1, we have developed three different CFAR detectors to be developed

using different pdf models. In general, any one of these can be chosen to detect ship targets

from SAR imagery. Here we use the K-prf/CFAR detector to identify all possible ship targets

in the sea region. First, we determine an analytical solution of 1c from Equation. (1) in the

Introduction. After a simple thresholding by 1c, a morphological filter is applied to eliminate
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false ship pixels. The filter is a m<z * m^ moving window (usually mz = 7). Each image pixel

in the sea region is examined by placing it in the filter center. The filter then examines the

77^-1(mj — 1) neighboring pixels. If more than m^ and fewer than -\- neighboring pixels are

possible ship pixels, the center pixel is considered to be a true ship pixel.

The model developed is tested on a number of SAR images. We present three examples.

The figures and tables present the detection results based on our model.

(b)

Figure 4.4: (a) Original image (1000 * 1000 pixels), (b) final detection result
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Threshold T
Threshold 1c
CPU time (seconds)

32767
38080
89.01

Table 4.1: Thresholds and computation time corresponding to Figure 4.4

Figure 4.5: (a) Original image (512 * 512 pixels), (b) land/sea yielded by simple thresholding and
cleaning, (c) final detection result

Threshold T
Threshold Jc
CPU time (seconds)

32769
37205
16.25

Table 4.2: Thresholds and computation time corresponding to Figure 4.5
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Figure 4.6: (a) Original image (512 * 512 pixels), (b) land/sea yielded by simple thresholding and
cleaning, (c) final detection result using statistical modeling

Threshold T
Threshold Jc
CPU time (seconds)

32776
32892
6.63

Table 4.3: Thresholds and computation time corresponding to Fig. 4.6
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4.2 FCM Model

As shown in Chapter 3, the fuzzy clustering technique is very useful in detecting ship targets

from SAR images. We have integrated this approach into our detection system as the "FCM

Model". In this section, we present an application of the fuzzy clustering-based algorithm

for identifying ship targets from coastal SAR imagery. To solve the time-consuming problem

of clustering a large data set (a 16-bit SAR image, for example), we propose the following

fast fuzzy clustering algorithm.

Algo4.2: Fast FCM algorithm

1. Select a random sample and apply FCM to the sample;

2. Increase the size of sample and re-sample;

3. Use the previous centroids as starting seeds to apply FCM for new sample;

4. Repeat the multi-stage sampling process until there is no change in the centroids;

5. Use the centroids obtained in Step 4 to cluster entire data set.

Considering that the intensity values for pixels in land regions are much higher than for

those in the sea region, we use the fuzzy clustering algorithm described above to divide an

image into two classes. To mark out the land regions in a coastal image and identify ship

targets in the sea region, our detection process consists of the following steps:

Algo4.3: FCM-based Detection Algorithm

1. Find two classes using Algo4.2.

2. Determine a threshold by Ti = ct+Mt ^ where Cf is the maximum of two central values and
M.t is the maximum of image intensity values at the class corresponding to Cf, and compute
the validity measure Vwsj^i) as described in Chapter 3.

3. Select a threshold T^ using the UM-based algorithm (Algo4.1) and compute Vwsj(T^).

4. Determine an optimal threshold T = A.TgM.m{Vwsj(Tj),j =1,2}.

5. Mark out the land and the sea regions using the method discussed in Section 4.1.1.
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6. Detect all possible ship pixels from sea region via a new threshold 1c = 3 ~^Mf, where Ms is
the maximum of the image intensity values in the sea region.

7. Apply a morphological filter as a cleaning operation to eliminate false ship pixels.

The filter in Step 5 is an m^ * m^ moving window (usually ms = 7). Each image pixel

in the sea region, is examined by placing it in the filter center. The filter then examines the

(mj — 1) neighboring pixels. If more than mz and fewer than —^— neighboring pixels are

possible ship pixels, the center pixel is considered to be a true ship pixel. A detection result

using this detection algorithm is shown in Figure 4.7. A comparison between two methods

is given in Table 4.4.

Threshold T
Threshold 1c
CPU time (seconds)

PDFModeT
32776
32892
6.63

TO Model
26775
30892
4.49

Table 4.4: Thresholds and computation time corresponding to Figure 4.7

4.3 Ship Detection Using Different pdf Models

As discussed in Chapter 1 , we developed three detection algorithms using different statistical

models: the K-distribution, Gamma distribution, and PNN. The PNN is better than both

the K and Gamma distributions in terms of accuracy and rapidity. An example of histogram

fitting with PNN-pd/is shown in Figure 4.8.

These pdf models are denoted in our system as the "Gamma Model", "K Model" and

"PNN-Model". The basic structure of each detection model is summarized in Figure 4.9.

The first branch of the detection procedure is used to identify almost all visible ship

targets in a SAR image. The technique uses a threshold, Ji corresponding to a significance

level 7^1 (usually 771 = 0.995 is selected) in Equation (1), as shown in the Introduction, to

identify possible ship pixels and, after that, a morphological filter is applied to eliminate
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Figure 4.7: (a) Original RADARSAT SAR image (512 * 512 pixels), (b) land/sea result, (c)
final detection result using statistical modeling, (d) final detection result using fuzzy model
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Figure 4.8: Histogram fitting with a PNN-pd/
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Figure 4.9: Flow diagram for ship target detection
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false ship pixels. The morphological filter is a logical filter which considers to the structure

and shape of objects (see Lin [41]). The filter is a m * m moving window (usually, m = 7

is selected). Each image pixel is examined by placing it in the filter center. The filter then

examines the (m2 — 1) neighboring pixels. If more than m and fewer than m-j-1 neighboring

pixels are possible ship pixels, the center pixel is considered to be a true ship pixel.

The second branch involves refining some ship targets using simple thresholding and

Radon transform techniques. We first identify some pixels which have an image intensity

between Ji and ly, that correspond to another significance level 772 (usually 772 = 0.95 is

selected); for each of these ship candidates, a Radon region (typically 110 pixels square)

centered at the ship center is defined for detecting the corresponding ship wake. If wake

components exist, we will take this candidate as a ship target, otherwise these false ship

pixels will be removed. A sample application of the Radon Transform model is shown in

Figure 4.10.

Figure 4.10: (a) A Radon region, (b) the result using the Radon transform, and (c) wake
components

Figures 4.11 illustrates another experimental result using K-model. Both branches yield

ship targets. For this SAR image (1121*730 pixels), we need only 14 seconds under SUN

(Unix) workstation to detect the ship targets shown in Figure 4.11(d).
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Figure 4.11: (a) Original image, (b) result of first branch, (c) result of second branch, and
(d) final detection result
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As shown above, the PNN-model can always provide excellent goodness of fit to SAR

image histograms. Figures 4.12 and 4.13 below present detection results obtained using the

K-model and the PNN-model, respectively. The tables show some data corresponding to

the two statistical models. The CPU time given in the tables is the time to compute all

estimators and to detect all possible ship targets in a SAR image. The PNN-model can

help us to find more plausible targets in SAR images than the K-model. Furthermore, the

computation speed using the PNN-model is faster than with the K-model even through the

threshold values are almost the same.

0 G

0
0

0 0

0
0

(b) (c)

Figure 4.12: (a) Original image (532*600, a sub-image of the RADARSAT SAR image m0109452),
(b) result using the K-model, and (c) result using the PNN-model

MSE
Threshold 1^
CPU time (seconds)

PNN-model
0.0008

92
2.24

K-model
0.006

93
4.2

Table 4.5: MSE, thresholds and computation times corresponding to Figure 4.12.
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MSE
Threshold 1c
CPU time (seconds)

PNN-model
0.03
24

3.18

K-model
0.05
25

13.5

Table 4.6: MSE, thresholds and computation times corresponding to Figure 4.13.

Figure 4.13: (a) Original image (1121*730, a sub-image of the RADARSAT SAR image m0114461),
(b) result using the K-model, and (c) result using the PNN-model

4.4 Conclusion

We have introduced our system and demonstrated two possible methods for automatic ship

detection in RADARSAT SAR imagery from coastal regions via fuzzy clustering and sta-

tistical modeling. Further development is under way to improve the applicability of our

models.
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Conclusion and Future Research

In this thesis, we have discussed efficient algorithms and system development for ship de-

tection from Synthetic Aperture Radar (SAR) imagery. The algorithms used in the system

are developed from statistical analysis, the Radon transform, image processing and fuzzy

clustering techniques. The CFAR technique was used to improve ship target detection per-

formance. Our system has been tested on a number of SAR images and its performance

has been assessed. We will summarize our achievements before discussing future research

directions.

5.1 Achievements

5.1.1 Ship Detection Using Different pdf Models

We have developed three algorithms to estimate image histogram pdjs using parametric and

non-parametric models. These statistical models have been used to build the corresponding

CFAR detectors for ship targets. Our achievements are as follows:

• Estimation of parameters for the K-distribution. There has been a heavy focus

on the use of the K-distribution model ("K-model"), which has been proven successful

in many situations. However, the use of the K-model may encounter several difficulties

such as a negative value of the shape parameter and time-consuming computation of

the modified Bessel function. In Chapter 1, we presented two different approaches
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for estimating parameters for the K-distribution. A paper entitled "Ship Detection

in RADARSAT SAR Imagery", describing our achievements in addressing the

parameter estimation problem, was published in Proceedings of IEEE SMC'98 [35].

• Development ofaCFAR detector based Gamma-model. Like the K-distribution,

the Gamma distribution is also an efficient model that provides a good fit for SAR im-

age histograms. We investigated this model in Chapter 1. A paper entitled Segmen-

tation of SAR Images", dealing with the parameter estimation problem in Gamma

distribution, was published in Pattern Recognition [98]. A short version of this paper

was published in Proceedings of Vision Interface '99 [95].

• Development of an alternative PNN-based algorithm. The Probabilistic Neu-

ral Networks (PNN) model is a mixture of Gaussian distributions that can provide

excellent goodness of fit to SAR image histograms. The PNN is used to build a CFAR

detector to determine the threshold value, making the PNN model very efficient. A

paper entitled "Automatic Detection for Ship Targets in SAR Imagery using

the PNN- model" was published in Canadian Journal of Remote Sensing [36]. As

illustrated in Chapters 1 and 4, the PNN is better than both the K-distrfbution and

Gamma distribution in terms of accuracy and efficiency.

5.1.2 Fuzzy Clustering-based Algorithm

The major problem in applying the CFAR-based detection technique is to select an appro-

priate significance level corresponding to a CFAR. Any fixed CFAR can result in either too

few targets or too many targets including false alarms. The cluster analysis-based approach

allows for the automatic extraction of groups of similar pixels. We have proposed a cluster

validity measure to evaluate the performance and presented a FCM-based algorithm to find
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an optimal threshold for unimodal or long-tailed image histograms. This work is described in

Chapter 3. A paper, entitled "FCM-based Model Selection Algorithms for Detecting

the Number of Clusters", has been submitted to Pattern Recognition [102].

5.1.3 Ship Detection in SAR Images from Coastal Regions

We have presented two methods for ship detection in RADARSAT SAR imagery from coastal

regions. The first task to be performed by the developed models is to mark out the land

regions in a coastal image and the second is to detect ship targets in. the sea region. One

method was developed using a simple thresholding technique and the K-pdf-based CFAR

detector. A paper entitled "Automatic Detection for Ship Targets in RADARSAT

SAR Images from Coastal Regions" was published in Proceedings of Vision Interface '99

[37]. The other method is an application of the fuzzy clustering based algorithm. Both meth-

ods are described in Chapter 4.

5.2 Future Research

Further work will focus on improving the applicability of our system to a variety of truth data

and reducing computation time. We will also focus on applications of the fuzzy technique

in the following areas:

• Segmentation of SAR imagery. Our validity index and the FCM-based algorithm

presented in Chapter 3 can be used to determine the number of modes in a multi-modal

histogram's pdf and improve some existing segmentation algorithms (see [98,116]) by

using them in combination with fuzzy clustering.

• Optimization in the PNN model. One problem of the PNN-based CFAR detector

arises in application to detect ship targets from 16-bit SAR images. The major chal-

lenge is to solve the optimization problem for computation of the PNN-pri/ and the
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corresponding cumulative function.

Applications of fuzzy measure theory to pattern classification and image

processing. The idea of fuzzy measure and fuzzy integral was first proposed by Sugeno

[109]. Fuzzy measure can be considered as a generalization of classical (probability)

measure. Fuzzy integral is used as a nonlinear aggregation operator for combining

different sources of uncertain information. Fuzzy integral can be applied to pattern

classification and image segmentation [107,108,110, 111], Generally, a fusion of images

and algorithms is carried out using fuzzy integral. The corresponding fuzzy measure

denotes the importance of each information source. We believe our theoretical research

on fuzzy measure, published in Journal of Fuzzy Sets and Systems [99,100], will be very

useful in cluster analysis and fuzzy image processing.

Applications of the Radon transform to ship wake detection and ship classi-

fication. Our future research will focus on (1) identifying wakes from linear features,

detecting ship candidates and estimating a ship's size, location and speed; and (2)

classifying ships based on ship profiles as well as information obtained from (1).
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Appendix A: Simulation of K-distributed Clutter

1. The most straightforward approach was proposed by M. Rey et al(1996)

1). Generate a gamma distributed dataset {xi}^ with p df given by

xv-le-x

sv(x) = ^w V>0

2). Scale the above dataset as

^
yi = i-x,

Lv

to obtain another with pdf

g^) ^ (LV.\Cl.exp(-Lvy~\yvw = \^} W)exp\~^~)

3). Generate another, independent, gamma distributed

dataset {^}^i with pdf given by

GL(Z) =
zL-le-z

F(L)

4). The product r^ == y^Zi will have pdf

2 fLvr\{L+v)/\
^ = ^TW ^r] K^ [2

106



Bibliography

[1] Aitnouri E., S. Wang, and D. Ziou, "Estimation of a Multi-modal Histogram's pdf by

a Mixture of Gaussians", Technical Report 213, University of Sherbrooke, 1998.

[2] Alippi C. and V. Torri, "Real-time Detection of Ships in Radar Images", Proceedings of

1993 International Joint Conference on Neural Networks (IJCNN'93-Nagoya).

[3] Abramowitz, M and I. Stegun, (eds.) Handbook of M'athematical Functions, Dover, New

York, 1965.

[4] Anastassopoulos V. and G. A. Lampropoulos, "High resolution radar clutter classifica-

tion", Proceedings of the IEEE National Radar Conference (1994), pp.662-667.

[5] Anastassopoulos V. and G. A. Lampropoulos, "A generalized compound model for radar

clutter", Proceedings of the IEEE National Radar Conference (1995), pp.41-45.

[6] Anderson S. J., S. E. Godfrey, and S. M. Voigt, "On model identification for distortion

correction of OTH radar signals", 1994 IEEE International Conference on Acoustics,

Speech and Signal Processing (ICASSP-94).

[7] Benelli G., A. Garzelli, and A. Mecocci, "Complete processing system that uses fuzzy

logic for ship detection in SAR images", IEE Proceedings - Radar, Sonar and Navigation,

Vol. 141, No. 4 (1994), pp.181-186.

107



[8] Blacknell D., "New method for the simulation of correlated K-distributed clutter", IEE

Proceedings - Radar, Sonar Navig., Vol. 141, No. 1 (1994), pp.53-58.

[9] Blacknell D., A. Blake, P. Lombardo, and C. J. Oliver, "A comparison of simulation

techniques for correlated Gamma and K-distributed Images for SAR applications" ,

IGARSS'94, pp.2182-2184.

[10] Bouvier V., L. Martinet, G. Favier, H. Sedano, and M. Artaud, "Radar clutter classifi-

cation using autoregressive modeling, K-distribution and Neural Network", IGARSS'95^

pp.1820-1823.

[11] Brik R., W. Camus, and E. Valenti, "Synthetic aperture radar imaging system", IEEE

AES Systems Magazine^ November, 1995, pp. 15-23.

[12] Conte E., M. Lops, and G. Ricci, "Radar detection in K-distributed clutter", IEE

Proceedings - Radar, Sonar Navig., Vol. 141, No. 2 (1994) pp.116-118.

[13] Copeland A. C., G. Ravichandran, and M. M. Trivedi, "Localized Radon transform-

based detection of linear features in noisy images", Proc. 199^. Conf. Computer Vision

and Pattern Recognition, Seattle, WA., June 1994.

[14] Copeland A. C., G. Ravichandran, and M. M. Tdvedi, "Localized radon transform-

based detection of ship wakes in SAR images", IEEE Transactions on Geo science and

Remote Sensing, Vol. 33, No. 1 (1995), pp.35-45.

[15] Curlander J. C. and R. N. McDonough, Synthetic Aperture Radar: Systems and Signal

Processing, John Wiley and Sons, New York, 1991.

[16] Curri A., "Synthetic Aperture Radar", Electronic and Communication Engineering

Journal, Vol. 3, No. 4 (1991), 159-170.

108



[17] Deans S. R., The Radon Transform and Some of Its Applications, Wiley-Interscience,

New York, 1983.

[18] Specht D., "Probabilistic Neural Networks", Neural Networks, Vol. 3(1990), pp.109-118.

[19] Du L., J. S. Lee, D. L. Schuler and S. A. Mango, "Ship wake detection and charac-

terization in SAR images using wavelet transform", Proceedings of 1994 International

Geoscience and Remote Sensing Symposium (IGARSS'94).

[20] Dutt V., Statistical Analysis Of Ultrasound Echo Envelope, PhD Thesis at the Mayo

Graduate School, 1995.

[21] Echard J. D., "Estimation of Radar detection and false alarm probabilities", IEEE

Transactions on Aerospace and Electronic Systems, Vol. 27, No. 2 (1991), pp.255-260.

[22] Eldhuset K., "An automatic ship and ship wake detection system for space-borne SAR

images in coastal regions", IEEE Transactions on Geoscience and Remote Sensing, Vol.

34, No. 4 (1996) pplOlO-1019.

[23] Eldhuset K., "Automated ship and ship wake detection in space-borne SAR images from.

coastal regions", IGARSS'88.

[24] Eldhuset K., "Principles and performance of an automated ship detection system for

SAR images", IGARSS'89.

[25] Fiorentini G., G. Pasquariello and G. Satalino, "Hybrid system for ship detection in

radar images", Proceedings of the International Conference on Artificial Neural Net-

works (ICANN'94).

26 Fitch J. P., Synthetic Aperture Radar, Springer-Verlag, New York, 1988.

109



[27] Fitch J. P., S. K. Lehman, F. U. Dowla, S. Y. Lu, E. M. Johansson, and D. M. Goodman,

Ship wake-detection procedure using conjugate gradient trained artificial neural net-

works", IEEE Transactions on Geoscience and Remote Sensing, Vol. 29, No. 5 (1991),

pp.718-726.

[28] Freeman A., "SAR Calibration: An Overview", IEEE Transactions on Geoscience and

Remote Sensing, Vol 30, No. 6 (1992), pp.1107-21.

[29] Gordon S. D. and J. A. Ritcey, Calculating the K-distribution by Saddle point integra-

tion, University of Washington, 1996.

[30] Hellwich 0., "Detection of linear features in ERS-1 SAR images using neural network

technology , Proceedings of 199^. International Geoscience and Remote Sensing Sympo-

sium, (IGARSS'94).

[31] Jakeman E., "Generalized K distribution: a statistical model for weak scattering", J.

Opt. Soc. Am. A, Vol. 4, No.9 (1987), pp.1764-1772.

[32] Jakeman E. and P. N. Pusey, "A model for non-Rayleigh sea echo", IEEE Transactions

on Antennas and Propagation, Vol. 24, No. 6 (1976), pp.806-814.

[33] Jakeman E. and R. J. A. Tough, "Non-Gaussian models for the statistics of scattered

waves", Advances in Physics, Vol. 37, No. 5 (1998), pp.471-529.

[34] Jao J. K., "Amplitude distribution of composite terrain radar clutter and the K-

distribution", IEEE Transactions on Antennas and Propagation, Vol. 32, No. 10 (1984),

pp.1049-1062.

110



[35] Jiang Q, S. Wang, D. Ziou, G. B. Bni, A. El Zaart, M. Rey, and M. Henschel, "Ship

Detection in RADARSAT SAR Imagery", Proceedings of IEEE SMC'98 (San Diego),

Vol. 5, pp.4562-4566.

[36] Jiang Q, E. Aitnouri, S. Wang, and D. Ziou, "Automatic Detection for Ship Target in

SAR Imagery using PNN-modeP, Canadian Journal of Remote Sensing (2000), pp. 297-

305.

37] Jiang Q., Shengrui Wang, Djemel Ziou, and Ali El Zaart "Automatic Detection for

Ship Targets in RADARSAT SAR Images from Coastal Regions", Vision Interface'99,

pp.131-137.

[38] Joughin I. R., D. B. Percival, and D. P. Winebrenner, "Maximum likelihood estimation

of K-distribution parameters for SAR data", IEEE Transactions on Geoscience and

Remote Sensing, Vol. 31, No.5 (1993), pp.989-999.

[39] Lee J. S., D. L. Schuler, and R. H. Lang, and K. J. Ranson, "K-distribution for multi-

look processed polarimetric SAR imagery", IGARSS'94, pp.2179-2181.

[40] Levanon V. and M. Shor, "Order statistics CFAR for Weibull background", IEE Pro-

ceedmgs, Vol. 137, Pt. F, No.3 (1990), ppl57-162.

[41] Lin I-I, L. K. Kwoh, Y. C. Lin, and V. Khoo, "Ship and ship wake detection in the ERS

SAR imagery using computer-based algorithm", IGARSS'97.

[42] Lin I-I, "Computer based algorithm for ship detection from ERS SAR imagery", ERS-

SYMPOSIUM Florence 97.

[43] Liu A. K., C. Y. Peng, and Y. S. Chang, "Mystery ship detected in SAR image", Trans.

American Geophysical Union, Vol. 77 (1996), pp. 17-18.

Ill



[44] Lombardo P. and C. J. Oliver, "Estimation of texture parameters in K-distributed

clutter", IEE Proc. -Radar, Sonar Navig., Vol. 141, No. 4 (1994), pp.196-204.

[45 Muller H-J., "K-statistics of terrain clutter in high resolution SAR images", IGARSS'94,

pp.2146-2148.

[46] Murphy L. M., "Linear feature detection and enhancement in noise images via the

Radon transform", Pattern Recognition Lets., Vol.4, No.4 (1986), pp.279-284.

[47] Musha T. and M. Sekin, "CFAR techniques in clutter" , IEE Radar Sonar, Navigation

and Avionics Series, Vol. 4 (1993), pp. 184-214.

[48] Nezry E., A. Lopes, D. Danielle, C. Nezry, and J. Lee, "Supervised classification of K-

distributed SAR images of natural targets and probability of error estimation", IEEE

Transactions on Geoscience and Remote Sensing, Vol. 34, No. 5 (1996), pp. 1233-1242.

[49] Norwegian Defence Research Establishment, SAR detection of ships and ship wakes,

European Space Agency Contract Report, 1988.

[50] Olive C. J., "A model for non-Rayleigh scattering statistics", Optical Acta, Vol. 31, No.

6 (1984), pp.701-722.

[51] Olive C. J., "Correlated K-distributed clutter models", Optical Acta , Vol. 32, No. 12

(1985), pp.1515-1547.

[52] Olive C. J., "The representation of correlated clutter textures in coherent images",

Inverse Problems, Vol. 4 (1988), pp.843-866.

[53] Olive C. J., "Optimum texture estimators for SAR clutter", J. Phys D: Appl. Phys.,

Vol. 26 (1993), pp.1824-1835.

112



[54 Olive C. J., "Edge detection in SAR segmentation", SAR Data Processing for Remote

Sensing, SPIE Vol. 2316 (1994), pp.80-91.

[55] Olive C. J., D. Blacknell, and R. G. White, "Optimum edge detection in SAR", IEE

Proceedings -Radar, Sonar Navig., Vol. 143, No. 1 (1996), pp.31-40.

[56] Olive C. J. and P. Lombardo, "Simultaneous mean and texture edge detection in SAR

clutter", IEE Proceedings - Radar, Sonar Navig., Vol. 143, No. 6 (1996), pp.391-399.

[57] Peng C. Y., A. K. Liu, and S. Y. S. Chang, "Detection and analysis of ship waves

in ERS-1 SAR imagery", Proceedings of 1996 International Geoscience and Remote

Sensing Symposium, (IGARSS'96).

[58] Pentini F. A., A. Farina, and F. Zirilli, "Radar detection of targets located in a coherent

K distributed clutter background", IEE Proceedings, F, 139, 3 (June 1992), pp.239-245.

[59] Toffc P., The Radon Transform: Theory and implementation, Ph.D. Thesis, Department

of Mathematical Modelling, Technical University of Denmark, June 1996.

[60] Pierce L. E., et al, "Classification of ERS-l/JERS-1 Composite SAR Images",

IGARSS'94, Pasadena, California.

[61] Press W. H., W. T. Vetterling, S. A. Teukolsky, and B. P. Flanney, Numerical Recipes

in C, Cambridge Univ. Press, 1992.

[62 Raghavan R. S., "A method for estimating parameters of K-distributed clutter", IEEE

Transactions on Aerospace and Electronic Systems, Vol. 27, No. 2 (1991), pp.238-246.

[63] Rey M., J. K. E. Tunaley, J. T. Folinsbee, P. A. Jahans, J. A. Dixon, and M. R.

Vant, "Application of radon transform techniques to wake detection of Seasat-A SAR

113



images", IEEE Transactions on Geoscience and Remote Sensing, Vol. 28, No. 4 (1990),

pp.553-560.

[64] Rey M., J. K. E. Tunaley, and T. Sibbald, "Use of the Dempster-Shafer algorithm for the

detection of SAR ship wakes" , IEEE Transactions on Geoscience and Remote Sensing,

Vol. 31, No. 5 (1993), pp.HU-lllS.

[65] Rey M. T., T. Drosopoulos, and D. Petrovic, "A search procedure for ships in

RADARSAT imagery", DREO Report No. 1305, 1996.

[66] Rey M. T., J. Campbell, and D. Petrovic, "A comparison of ocean cluster distribution

estimators for CFAR based ship detection in RADARSAT imagery", DREO Report,

1998.

[67] Rohling H., "Radar CFAR thresholding in clutter and multiple target situations", IEEE

Transactions on Aerospace and Electronic Systems, Vol. 19, No. 4 (1983), pp.608-621.

68 Skingley J. and A. J. Rey, "The Hough transform applied to SAR images for thin line

detection", Pattern Recognition Lets., Vol.6, No.1 (1987), pp.61-67.

[69] Steinberg, B. D. and Subbaram, H. M., M.icrowave Imaging Techniques^ John Wiley

and Sons, New York, 1991.

[70 Tough R. J. A., D. Blacknell, and S. Quegan, "Estimators and distributions in single

and multi-look polarimetric and interferometric data , IGARSS 94, pp.2176-2178.

[71] Trunk G. V., "Radar properties of non-Rayleigh sea clutter", IEEE Transactions on

Aerospace and Electronic Systems, Vol. 8, No. 2 (1972), pp.196-204.

114



[72] Tunaley E. H. Buller, K. H. Wu, and M. T. Rey, "The simulation of the SAR image

of a ship wake", IEEE Transactions on Geoscience and Remote Sensing, Vol 29, No. 1

(1991), pp.149-156.

[73] Ulaby F. T., Kouyate, B. Brisco, and T.H. Lee, "Textural Information in SAR Images" ,

IEEE Transactions on Geoscience and Remote Sensing, Vol 24, No. 2 (1986), pp.235-

245.

[74] Vachon P. W., J. Campbell, C. Bjerklund, F. Dobson, and M. Rey, "Ship detection by

the RADARSAT SAR: Validation of detection model predictions", Canadian Journal

of Remote Sensing, Vol. 23, No. 1 (1997), pp.48-59.

75 Ward K. D., "Compound representation of high resolution sea clutter", Electronics

Letters, Vol. 17, No. 16 (1981), pp.561-563.

[76] Ward K. D., G. J. Baker, and S. Watts, "Maritime surveillance radar Part 1: Radar

scattering from the ocean surface", IEE Proceedings - Pi. F., Vol. 137, No. 2 (1990),

pp.51-62.

77] Watts S., "Radar detection prediction in K-distributed sea clutter and thermal noise",

IEEE Transactions on Aerospace and Electronic Systems, Vol. 23, No. 1 (1987), pp.40-

45.

[78] Watts S., "Radar detection prediction in sea clutter using the compound K-distribution

model", IEE Proceedings - Pt. F., Vol. 132, No. 7 (1985), pp.613-620.

[79] Watts S., G. J. Baker, and K. D. Ward, "Maritime surveillance radar Part 2: Detection

performance prediction in sea clutter", IEE Proceedings - Pi. F., Vol. 137, No. 2 (1990),

pp.63-72.

115



[80] Weber P., "Ordered statistic CFAR processing for two parameter distributions with

variable skewness", IEEE Transactions on Aerospace and Electronic Systems, Vol. 21,

No. 6 (1985), pp.819-821.

[81] Wu J., W. Hu, W. Yu, and Q. Fu, "A fuzzy classification method of radar weak targets

based on self-organizing neural network , Proceedings of the 3th Pacific Rim Interna-

tional Conference on Artificial Intelligence'94 (PRICAI-94).

[82] Yanasse C. C. F., A. C. Frery, S. J. S. Sant'Anna, and L. V. Dutra, "On the use ofmulti-

look amplitude K-distribution for SAR image analysis", IGARSS'94, pp.2173-2175.

[83] Yanasse C. C. F., A. C. Frery, et al., "Statistical Analysis of SAREX data over TAPAJS-

Brazil", Final Results Workshop for SAREX-92, Paris, 1993.

[84] Yueh S. H. and J. A. Kong, "K-distribution and polarimetric terrain radar clutter",

Journal of Electromagnetic Waves and Applications, Vol. 3, No. 8 (1989), pp.747-768.

[85] MaKay A. T., "A Bessel Function Distribution", Biometrica, Vol. 24, (1932), pp.39-44.

[86] Stacy E. W., "A generalization of the gamma gistribution", Annals of Mathematical

Statistics, Vol. 33, (1962), pp.1187-1192.

[87 Stacy E. W. and G.A. Mihram, "Parameter estimation for a Generalized Gamma Dis-

tribution", Technometrics, Vol. 7, (1965), pp.349-358.

Bradley M. Bell, "Generalized gamma parameter estimation and moment evaluation" ,

Commun. Statist. - Theory Meth., Vol. 17, (1988), pp.507-517.

116



[89] Elzaart A., D. Ziou, G.B. Benie, S. Wang, and Q. Jiang, Oil spills detection in SAR

imagery, Technical Report 211, Departement de IVIathematiques et d'lnformatique, Uni-

versite de Sherbrooke (1998).

90] Parzen E., "On estimation of a probability density function and mode", Annals of Math-

ematical Statistics Vol. 33 (1962), pp.1065-1076.

[91] Duda R. 0. and Hart, P. E., Pattern classification and scene analysis, New York, John

Wiley, 1993.

[92] Duin R. P. W., "On the choice of smoothing parameters for Parzen estimators of prob-

ability density function", IEEE Trans. Compute 25 (1976), pp. 1175-1179.

[93] Fukunaga K., Introduction to Statistical Pattern Rrecognition, second edition, Academic

Press, New York, 1990.

[94] Devroye L., "Automatic pattern recognition, a study of a probability of an error", IEEE

Trans. on Pattern Anal. Mach. Intell., 4 (1988).

[95 Elzaart A., S. Wang, D. Ziou, Q. Jiang, and G. Benie, "SAR images segmentation using

mixture of gamma distributions", Proceedings of Vision Interface'99 (Trois-Rivieres),

pp.125-130.

[96] Aitnouri E.1VL, Q. Jiang, S. Wang, and D. Ziou, "PNN-model for parzen's pdf estimation

of image histogram", Proceedings of Vision Interface'00 (Montreal), pp. 89-94.

[97 Jiang Q., S. Wang, and D. Ziou, "A system for ship detection from SAR imagery using

different pdf models , presented at Workshop for Ship Detection in Coastal Waters

(Halifax), May, 2000.

117



98 Elzaart A., D. Ziou, S. Wang, and Q. Jiang, "Segmentation of SAR images", Pattern

Recognition Vol. 35 No. 3 (2002), pp.713-724.

99 Jiang Q., S. Wang, and D. Ziou, "A future investigation for fuzzy measures on metric

spaces", Fuzzy Sets and Systems 105 (1998), pp.293-297.

[100] Jiang Q., S. Wang, D. Ziou, Z. Wang, and G. Klir, "Pseudometric generation property

and autocontinuity of fuzzy measures", Fuzzy Sets and Systems 112 (2000), pp.207-216.

101 Sun H., S. Wang, and Q. Jiang, "A new validation index for determing the number

of clusters in a data set , Proceeding of INNS-IEEE Conference on Neural Networks '01

(Washington DC.), 2001, pp.1852-1857.

[102] Sun H., S. Wang, and Q. Jiang, "FCM-based model selection algorithms for detecting

the number of clusters", submitted to Pattern Recognition (2002).

103 Jiang Q., S. Wang, H. Sun, and D. Ziou, "Fuzzy clustering-based algorithm for ship

detection from SAR imagery", submitted to Pattern Recognition.

[104] Gonzalez T., "Clustering to minimize the maximum intercluster distance" , Theoretical

Computer Science, Vol. 38 (1985), pp.293-306.

105 Pena J.M., J.A. Lozano, and P. Larranaga, "An empirical comparison of four ini-

tialization methods for k-means algorithm", Pattern Recognition Letters, 20 (1999),

pp.1027-1040.

106] Bezdek J.C. and N.R. Pal, "Some new indexes of cluster validity", IEEE Transactions

on Systems, Man, and CybemeUcs, Vol.28, No.3 (1998), pp.301-315.

118



[107] Tizhoosh H. R., Fuzzy Image Processing: Introduction in Therory and Practice^

Springer-Verlag, 1997.

[108] Kerre E. and M. Nachtegael, Fuzzy Techniques in Image Processing, Studies in Fuzzi-

ness and Soft Computing, 2000.

109] Sugeno M., Theory of Fuzzy Integrals and Its Applications, Ph.D Thesis, Tokyo Insti-

tute Technology, 1974.

[110] Keller J., H. Qiu, and H. Tahani, "Fuzzy integral and image processing", in Proceedings

of North American Fuzzy Information Processing Soc., New Orleans (1986), pp.324-338.

Ill] Jiang Q., "A survey for applications of fuzzy integrals in computer version", Research

Report for IFT786, DMI, University of Sherbrooke, 1997.

[112] Leszczynski K., P. Penczek, and W. Grochulski, "Sugeno's fuzzy measure and fuzzy

clustering", Fuzzy Sets and Systems, 15 (1985), pp.147-158.

[113] Yuan B. and G. J. Klir, "Constructing fuzzy measures: a new method and application

to cluster analysis", in Proceedings of North American Fuzzy Information Processing

Soc., (1996) pp.567-571.

[114] Klir G.J. and B. Yuan, Fuzzy Sets and Fuzzy Logic: Theory and Applications, Prentice

Hall, 1995.

115 Yang G., L. Gagnon, S. Wang, and M. Boucher, "Algorithm for detecting micro-

aneurysms in low-resolution color images , in Proceedings of l^th International Confer-

ence on Vision Interface, (2001), pp.265-271, Ottawa, Canada.

119



[116] Aitnouri E., S. Wang, and D. Ziou, "Segmentation of small vehicle targets in SAR

imagery", submitted to International Journal of Remote Sensing (2001).

117] Krishnapuram R., and J. Keller, "A possibilistic approach to clustering", IEEE Trans-

actions on Fuzzy Systems, Vol. 1, No. 2 (1993), pp.98-110.

118] Cheng H.D., J. Chen, and J. Li, "Threshold selection based on fuzzy c-partition entropy

approach", Pattern Recognition, Vol. 31, No. 7 (1998), pp.857-870.

119] Kittler J. and J. Illingworth, "On. threshold selection using clustering criteria", IEEE

on SMC, Vol. SMC-15, No. 5 (1985), pp.652-655.

[120] Han J. and M. Kamber, Data Mining: Concepts and Techniques, Morgan Kaufmann

Publishers, 2001.

[121 Sahoo P., S. Soltani, and A. Wong, "A survey of thresholding techniques", Computer

Vision, Graphics, and Image Processing, 41 (1988), pp.233-260.

122] Tsai D. M, "A fast thresholding selection procedure for multimodal and unimodal

histograms", Pattern. Recognition Letters, 16 (1995), pp.653-666.

[123] Levin M.D., and A.M. Nazif, "Dynamic measurement of computer generated image

segmentations", IEEE on Trans. Pattern Anal. Mach. Intell, 7 (1985), pp.155-164.

124] Barni M.., M. Beti, and A. Mecocci, "A fuzzy approach to oil detection on SAR images",

Proceedings of IGARSS'95, pp.157-159.

125 Rangsanseri Y., and P. Thitimajshima, "Multiresolution fuzzy clustering for SAR im-

age segmentation", ACRS 1998.

120


	Jiang début
	Jiang p 2
	Jiang p 8
	Jiang p 34
	Jiang p 54
	Jiang p 73
	Jiang p 91
	Jiang p 102

