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Abstract

Automatic classification systems rely on the existence of robust object extraction
methods. The problem of object extraction from any image is difficult to solve in a
robust or reliable manner. The work reported in this thesis looks at the application of
extraction to a ship from an infrared monochrome image prior to its classification. The

process of extraction and classification is studied in the context of guided weapons.

Two techniques have been presented for this process of extraction. The first technique
uses an edge extraction approach and was developed at the Defence Science
Technology Organisation [2]. The second technique developed during the course of
this candidature segments textures using a non-standard quadrant subdivision
process to locate the ship seed. The ship edges are identified using an adaptive
Gaussian finite impulse response filter. The edges of the ship are closed using a
technique based on Bézier splines. The seed is then grown to the edges thus defining

the silhouette of the ship.

The results of using the quadrant subdivision approach on a test set of 20 images
showed that the ship was located accurately in each case. The results of using the
adaptive Gaussian smoothing filter reduced the effects of noise and other irregularities
in the image. The process also improved the edge describing the boundary of the ship.
The edges, which may not be connected for some images, were found to accurately
describe the superstructure of the ship. The smoothing technique also removed the
wake of the ship which increases classification accuracy of the images. This technique

can also be used to extract multiple ships from one image without error. A technique,

viii



based on Bézier splines, to close the edge contour of the boundary of the ship has been
described but not implemented. The technique is guaranteed to produce a closed
contour. It is believed that this technique would result in the boundary of the ship that
would not lose the accuracy of the ship structure already provided. On comparing the
results of the two methods it was found that the quadrant subdivision method was

more robust and faster.
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Chapter 1
| ntroduction

1.1

Image processing is concerned with manipulation and analysis of images by a

computer.

improvement of the picture for human interpretation; and processing of the image for
autonomous machine perception. This thesis will be investigating the latter of these
which includes applications such as: automated inspection of industrial parts or robot
vision; medical image processing for detection or monitoring of tumours; document

processing; and remote sensing via satellites where the acquired images can be used in

| ntroduction

geographical mapping.

The basic sequence of image processing steps for recognition of an object in an image is

shown in Figure 1.1.

There are two principal application areas for image processing:

Image
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Figure 1.1 Image Acquisition, Processing and Analysis Steps




During image acquisition a real world scene is mapped to a 2 dimensional (2D) space.
An image can be described by a two dimensional function f(x,y) where (x,y) denotes
the spatial coordinates in 2D space and f(X,y) is the intensity of the sample location.
When digitised, this image is a two dimensional matrix whose row and column indices
identify a picture element, called a pixel. The corresponding matrix element value
which represents the intensity level is called the gray value. An image can represent the
temperature profile of a region (infrared imaging), luminance of a scene (pictures from

an ordinary camera) or ray absorption (X-ray images).

The physics of picture acquisition and the quantisation process may lead to errors and a
poor quality image. The quality of the image can be improved by removal or reduction
of the errors during image pre—processing. The image can then be analysed to make
some quantitative measurements of the image so as to produce its description. For
example, for use in guided weapons the objective might be the identification of a ship
from the image. The image analysis techniques comprising of segmentation, feature
extraction and classification aid in the identification of the object. Image segmentation
techniques are used to isolate the desired object from the scene. Feature extraction
techniques then provide some quantitative measurements of the object. These

measurements are then used for classification of the object, i.e. recognition of the object.

Automatic classification systems rely on the existence of reliable object extraction
methods. The work reported in this thesis looks at the application of extraction to a ship
from an infrared image prior to its classification. The process of extraction and
classification is a real time process and is studied in the context of guided weapons. The
purpose of this work is to achieve what the eye achieves by examining the image in
Figure 1.2, i.e. segment the ship from the background. The human visual system can
“see” the ship clearly and quickly in this image. This can be attributed to the high

processing power of the neural network in the brain that first segments the image to



retrieve the ship and then recognises it, though the human visual system can be easily
deceived. For example some animals and insects are capable of camouflaging
themselves and as such cannot be seen in relation to the background. Digital image
processing systems on the other hand may be more reliable in these cases but the
processing power available to these systems is very small in comparison to the human
visual system. Therefore this task of segmenting the image to extract the ship or any
other object of interest is difficult for digital image processing systems. To manage the

difficulty of the task most image segmentation methods are task specific.

Figure 1.2 256 ship image

1.2 Infrared Images

An infrared image is produced [1] by sampling the thermal radiation from a scene to
produce a 2D map of the observed irradiance representing temperature, emissivity and
reflectivity variations in the scene. Thermal radiation is produced by all surfaces with
temperatures above 0 degrees Kelvin. Therefore a thermal image may be produced
without any active visible light source. This lack of requirement of illumination makes

infrared images popular for military applications. For this study the infrared images



were acquired by scanning the scene in the vertical and horizontal directions using

thermal detectors.

Infrared images are characterised by small signal to noise ratios thus making it more
difficult to extract objects of interest from the scene. Infrared images also tend to distort
the object features due to local reflections and radiant transference to the surroundings.
This distortion makes it difficult to describe the objects based on shape features alone.
Extraction of objects from images is a difficult problem to solve but for infrared images
the problems are compounded as these images develop irregularities that can be
attributed to variations in temperature and emissivity distribution as well as

interaction between the source and the background [1].

The images used in this study can be specified in the following way: infrared
monochrome images of size 256 pixels with a 256 level gray scale. The images
consist of a ship in various backgrounds. The ship is in a textured background of water
that contains much clutter. The ship can also be on the horizon or have land in the
background. The size of the ship and its apparent radiance varies with range, r, where
the range limitations are 0.5km [r_NH 5Kin. The viewing angle for image acquisition is
within [Z30Hegrees side on to the ship. The range (distance) of the ship is available to
the ship extraction system; a situation that would be expected for the application

envisaged. A typical ship image is shown in Figure 1.2

1.3 Background

The problem of extraction of a ship from an infrared image has been investigated by
Johnson [2] from Defence Science and Technology Organisation. He developed an
algorithm based on the conventional edge detection methods together with additional
methods to process the extracted edges and obtain a silhouette of the ship. This method

did not correctly extract the silhouette of the ship from some images as will be
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discussed in detail in Chapter 3 and the process of extraction was slow. Hence this

algorithm needed an improvement in robustness and its speed of extraction.

The algorithm developed during this candidature addressed the two limitations
mentioned above. The problem was tackled by texture segmentation using region
discrimination to obtain the ship or part of the ship. The regions were created using a
guadrant subdivision technique in which the image is recursively subdivided into
guadrants. The ship was located very quickly and this, combined with edge detection
methods was used to extract the silhouette. This quadrant subdivision technique for
locating the object was found to be robust, reliable and fast in comparison to the edge

detection method.

1.4 Tools Used For Algorithm Development

All algorithms were implemented with ANSI C programs on a modern SUN
workstation running UNIX. The ICORE [3] software package provided by Monash
University was used to read and write the images as well as access parts of the image
within the code. Khoros 2.0 which is an integrated software development environment
for information processing and visualisation based on UNIX and the X windows
system was initially used for algorithm development. This was later discarded in
favour of ICORE since it was found to have many bugs and there were no tools
available to assist in debugging of code. Information transfer within the Khoros
modules during code development was difficult. ICORE was chosen for its ease of
inter—-module information transfer. In addition any standard UNIX debuggers could be

used with the code developed using ICORE.



1.5 Structure of the Thess

Chapter 2 gives a technical introduction of the object extraction problem with
applicability of the techniques to the ship extraction problem. Segmentation of images
to extract objects of interest using edge detection methods and texture based techniques
is discussed. Chapter 3 presents the algorithm based on the edge detection approach of
solving the above problem. The limitations of this technique are discussed and areas of
improvement in this technique are targeted. Chapter 4 gives the processing
preliminaries that were used in the construction of the algorithm developed during this
candidature. This algorithm is based on texture segmentation by recursive quadrant
subdivision and edge extraction. The main focus of this algorithm is to remove the
limitations of the edge detection algorithm. This chapter therefore presents all the ideas
and the techniques that were implemented in an effort to remove the limitations of the
edge detection algorithm. The results and achievements of the quadrant subdivision
algorithm are also discussed. Chapter 5 discusses the results obtained from the
guadrant subdivision algorithm in relation to the results from the edge detection
algorithm. Chapter 6 discusses the future direction of this work. The conclusions are

presented in Chapter 7.



Chapter 2
Literature Review

2.1 Introduction

Image Segmentation is the process that subdivides an image into homogenous and
uniform regions. The uniformity predicate can be satisfied for various images in
various ways, e.g. for range images in terms of uniformity of surfaces, for light intensity
images it could be satisfied in terms of uniformity of light intensity. This thesis makes
use of infrared images as previously discussed in Section 1.2. For these infrared images

the uniformity predicate can be satisfied in terms of gray tone and/or texture.

Segmentation is important in automating image analysis since it is the first step in
extracting objects of interest from an image prior to classification. Extensive literature
exists on segmentation techniques [ 4, 5, 6, 7, 8, 9, 10, 11]. Some examples that require
applications of segmentation are: for vision guided systems where object recognition is
required, character recognition, in bio—-medical applications where it is used in tumour
detection and blood cell count, landsat terrain classification, and military applications
in target identification. The work reported in this thesis is applied to extraction of ship

targets from infrared images for guided missiles.

Segmented regions within an image need to satisfy certain properties[ 9, 10]: the

regions in the segmented image should be uniform and without holes, boundaries of



each segment should be spatially accurate and not ragged, and adjacent regions should
have significantly different values with respect to the characteristic on which they are
predicated. All these properties are difficult to achieve because uniform and
homogenous regions usually have holes and ragged boundaries. Therefore the
segmentation techniques try to satisfy properties that are the most critical to the

application. For these reasons image segmentation techniques are ad-hoc.

Segmentation algorithms are based on two basic properties of the gray level values in
the images: discontinuity and similarity. In the discontinuity approach, the image is
partitioned on abrupt changes in gray level. This is based on detection of edges within
images. In the similarity approach an image is segmented based on region based
approaches, thresholding, clustering and texture segmentation. The edge based and
the region based approaches are complementary since each closed boundary describes

a region and each region can be represented by its closed boundary.

The edge based segmentation approaches use boundary information between the
regions to separate them. The edges are detected by the change in the gray values and
are usually based on computations within small neighbourhoods of the image. The
region edges are located accurately but it is possible that the contour describing the
region boundary will not be closed. Region based segmentation methods are based on
finding homogenous regions within an image. These methods always provide closed
contours but the boundaries of the regions are difficult to locate. Therefore use can be
made of the complementary nature of the edge based and region based segmentation
methods to reduce the problems due to use of either method separately. This idea will

be explored further for the ship extraction problem.



2.2 Segmentation using discontinuity information

An image can be segmented by detection of edges of a region. Edges in an image can be
described by a boundary between two regions with significant differences in gray level.
The region is then formed by the connected components of the non edge points. An

ideal edge can be described as a step edge (Figure 2.1), but usually the edges are in the

pixel A pixel A
value — value

> >
r r

Figure 2.1 Ideal Edge Figure 2.2 Ramp Edge

form of a ramp (Figure 2.2). The edges within an image can also be degraded due to
noise and blurring. Many techniques have been developed for edge detection within
images and a summary of some of the edge detectors that have been proposed is given

in the following sections.

2.2.1 Edge Detection

The simplest edge detection techniques are based on the application of the local spatial
derivative operator. An edge is then indicated by a maximum of the first derivative or a
zero crossing of the second derivative. This is illustrated in Figure 2.3 [5]. The image is
of a light object on a dark background. The edge profile of the image along a horizontal
line scan is also shown, where the edge has been modelled as a ramp. The first and the
second derivatives of the edge are also shown. It can be seen from this figure that the
first derivative is non zero during a gray level transition. The second derivative is non
zero only at the start and at the termination of the gray level transition. Therefore the
edge can be detected using the magnitude of the first derivative and the transition from

light to dark or dark to light can be determined from the sign of the second derivative.

9
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Figure 2.3 Edge Detection By Derivative Operators.
( From Gonzalez et. al. [5] )
The zero crossing of the second derivative can also be used to detect the presence of an
edge. Most edge detectors are masks that are discrete approximations of the first or

second derivatives.

The gradient of an image f(m,n) at location (m,n) is defined as the two dimensional

vector g [5]

om_] L]
g[f(m,n)] =

L9l T 5]

The edge orientation [{mh,n) at the location (m,n) is

[(th,n) [fah™ (gn(Gh)

The gradient can then be approximated by one of the following:
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glf(m.n)] 2] g2

glf(m,m] L1dml C1ghl
g[f(m,n)] Cmbx{[gml. Ignl} (2.1)

the computation of the gradient is based on estimating the partial derivatives

Om and gn. Given the edge masks H, and H, that correspond to the discrete derivatives

in the horizontal (m) and vertical (n) directions

[Nl hap Mg ] [Mp] hop o[ ]

H, CHgh Mis oo, CFrh Nos hos
hig hio[ ] hog hoo[ ]

and a 3 [37mage region

% G ]
Q 949 Y
g7 dg dg

The partial derivatives are then given by the convolution ( *) of each of the masks with
the image region

gn LHL *Q and go [H}*Q
The magnitude of the gradient for the pixels in the image can then be estimated from
one of the equations given in Equation (2.1). A pixel is defined as belonging to an edge

if the gradient magnitude corresponding to the pixel is above a preset threshold.

A number of convolution masks have been suggested such as: Sobel, Prewitt, Robert’s,
Frie—-Chen, Laplacian, Marr-Hildreth. The Laplacian and the Marr-Hildreth operators
estimate the second derivate but the others mentioned above estimate the first

derivative.

Methods that compare the performance of all the mentioned operators can be found in
[12, 13] and problems that are typical of most of the operators are discussed. All the
differential methods mentioned are susceptible to noise since the operators are
localised within a small region. The operators will respond to a different gray value

within the region even if the gray value variability is due to noise and does not belong

11



to an edge [13]. Another problem is that the convolution masks are generally of a fixed
size, but it has been pointed out that masks of different sizes need to be used in order to

detect both major and minor edges [14, 15].

Johnson [16] has studied the edge detection response to contrast rather than the
absolute brightness level in the image. He pointed out the limitations of the first order
differential operators; if a scene consists of two identical objects in uneven illumination
where one is well lit and the other is in a shaded region, then a first order operator can
extract edges of the object in the well lit region but is incapable of extracting the edges
of the object in the shaded region. This limitation can be partially overcome by using
any of the second order operators which use the local maximum of the first derivative.
The edges will be extracted in well lit and dimly lit regions with the edge strength
determined from the slope at the zero crossing. Faint edges due to noise or
irregularities in surface boundaries are also picked up. Thresholding may be used to
remove the response due to noise but this also removes edges in the dimly lit regions.
Therefore the second order operators cannot be used to consistently locate object

boundaries in presence of changes in scene illumination.

Johnson provided some modified algorithms that respond to contrast in the image but
these algorithms were computationally more expensive. He also stated that these
modified algorithms were not directly applicable to thermal infrared images, which
were used in this work. This can be explained by the illumination in the infrared
images being non-solar and therefore relatively constant under most conditions. As a

result there is no need for compensation of variations in scene illumination.

There are a number of other edge detection techniques that use methods such as:
template matching; statistical techniques, which perform better for noisy images; and

surface fitting where the intensity profile of the image is approximated by an analytical

12



function, which is then used to compute the derivatives. A number of these methods

have been reviewed in a variety of papers [12, 13, 15, 17, 18, 19, 20, 21].

2.3 Segmentation using similarity information

There is an extensive range of image segmentation techniques based on similarity of
gray values or textures. No single technique exists that is effective for all images and
not all the techniques are good for one image. According to Pal and Pal [4] “semantics
and apriori information about the type of images are critical to the solution of the
segmentation problem”. Many techniques have been reviewed in overview papers, see
for example [4, 10, 17], but texture segmentation techniques will be discussed in more

detail below.

2.3.1 Texture Segmentation

Surfaces of objects generally display textures, for example wood, grass. It is easy for
humans to perceive the texture but as yet no one definition has been widely accepted.
Tuceryan and Jain [22] give a number of definitions. The authors state that the
definition of texture is formulated to accommodate the particular application or

problem.

Texture of a region can be described using structural, model or statistical based
approaches. Structural techniques assume that images have primitive elements
arranged according to placement rules. Model based approaches construct an image
model that can be used to describe the texture or to synthesise it. Statistical techniques
describe texture features such as smoothness, coarseness, grain. The above techniques
applied to segmentation have been discussed in a numerous papers e.g. [22, 23, 24, 25,
26, 27]. Texture segmentation techniques can be supervised [28] i.e. all the textures that

may be found in the images to be segmented are first learnt. On the other hand,
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segmentation can be unsupervised [29], i.e. the image is composed of a number of
unknown textures and segmentation must occur with a selection of the most robust
texture features. For the purpose of this work an automatic or semiautomatic system is
desired therefore we will be considering unsupervised or partly supervised
segmentation i.e. the number of textures in the image is unknown but the properties of
the texture to be extracted, in relation to that of the properties of background textures,
are known. Once the picture has been segmented into regions a feature extractor is then

used to compute a set of descriptors which facilitates the classification of the regions.

2.3.1.1 Structural Texture Segmentation Techniques

Structural models of texture assume that textures consist of deterministic “texels”. A
texel is a region within an image having certain invariant attributes. It may be a region
with a uniform gray level, same edge gradient value etc. Texels are repeated and
arranged according to placement rules which may be random or deterministic to form
the texture in the image. Texture extraction techniques consist of extraction of a texel
followed by the description of the spatial dependence or relationship between the
texels of an image texture. There are a number of ways to extract texels from image
textures; for a list of references see Haralick [24]. Once the texels have been extracted
the spatial relationships of the texels can be described. A number of methods exist
which use this basis for texture segmentation [19, 22, 24, 25]. The major problem with
these methods is the assumption that textures are composed of well defined texture
elements. Many textures violate this assumption and therefore structural methods are
of limited use [25]. The resolution of the image can also change the texture e.g. a fine
texture becomes more coarse as the magnification is increased. In the ship images being
used for this study the size and the radiance of the ship varies with the range. As a
result the texture describing the ship will also vary with range. The ship images contain

random textures which have no regular structure, therefore the image textures cannot

14



be described using texels. For the above mentioned reasons, the structural method of

texture segmentation was discarded for this study.

2.3.1.2 Model Based Texture Segmentation Methods

2.3.1.2.1 Markov Random Fields
Several model based methods have been proposed for segmentation, that can also deal

with classification or synthesis of textured images [22, 30, 31]. Among the methods
proposed, Markov Random Fields (MRFs) have generated a lot of interest. The model
assumes that the intensity at each pixel in the image depends on the intensities of only
the neighbouring pixels. This means that given the value of one pixel the value of
neighbouring pixels can be estimated. A vector consisting of a set of parameters is used
to define and model the textures in the image. For segmentation problems the
parameters of the vector, need to be estimated from the image. Cross and Jain [32]
estimated these parameters for a set of natural textures and then used these parameters
to synthesise the textures. They found that the model failed with regular and
inhomogeneous textures but captured microtextures well. Chellappa et al. [31]
reported that each pixel in an image can be labelled with a texture. If an image of size

128 128 contains two classes then in the segmentation of this image each pixel can

have 22 possible label configurations. Therefore an exhaustive search to find the
optimal solution of this segmentation would not be feasible in real time. MRFs show
promise but are computer intensive and as such were not appropriate for the solution to

this problem.

2.3.1.2.2 Fractals
A study carried out by Ohanian and Dubes [33] on performance evaluation of four

classes of textural features compared Markov Random Field parameters, features

derived from images filtered using a Gabor filter, features based on the fractal
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dimension and co—occurrence matrices. Features were computed from single textured
images of size 32 [321having 256 gray levels, however for computation of some
features the gray levels were reduced to 8 or less by histogram equalisation. The
textures studied were images of pieces of different types of leather, painted surfaces
and synthetic images generated using fractal dimension and Gaussian Markov
Random Fields. All test images had 256 gray levels. The results of this study indicated
that features based on co—occurrence matrices perform the best followed by the features
based on the fractal dimension. These results prompted an in—-depth study into fractal
analysis for use in the current problem of texture segmentation to extract ships. The use

of co-occurrence matrices for texture segmentation are discussed in Section 2.3.1.3.

The fractal concept was developed by Mandelbrot [34]. Fractal is a word derived from
the Latin word fractus, which means “irregular” and “fragmented”. Mandlebrot used
the fractal concept to measure the “coastline of Britain”. Among other methods he
proposed measuring the irregular coastline with a “yardstick” of different lengths []
giving an approximate length of the coastline as L(0J As [decreases, L([Dlshould
approach its “true length” but according to Mandelbrot the observed L([DJincreases
without limit. He explained this by the fact that the coastline is irregular at all scales,
therefore when the length is being estimated, all the features of the coastline that are
smaller than the “yardstick” being used to measure them will be missed, whatever the
size of the “yardstick”. Therefore as the “yardstick” length is decreased the coastline is
traced more and more accurately thus leading to an increase in L(DJ His study
concluded that for many coastlines the following formula holds:

L(0 CEILFP (2.2)
where F and D are constants for a specific coastline. He called D the fractal dimension
and its value depended on the coastline whose length is being measured. For a straight

line D=1 and F is the true length of the line.
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Technically a fractal is defined as a set for which the fractal dimension is strictly larger
than the topological dimension. The topological dimension is always an integer but the

fractal dimension need not be an integer.

Mandlebrot also observed that even though coastline geometry is complicated, it also
has a great degree of order in the structure. He observed that maps drawn at different
scales may differ in specific detail but still have the same generic features i.e. they are
self-similar. Self-similarity can be described as deterministic or random. Deterministic
self-similar fractals have the same shape regardless of the magnification of observation
e.g. Koch curves or Julia sets. Random fractals when magnified result in fractals that
are seemingly but not exactly similar, i.e. they exhibit the property of statistical
self-similarity [35, 36]. The textures in the images being used in this study do not
display any regular structure, e.g. the water does not display any regular wave
structure but is random. It has been observed that natural surfaces are not
deterministically self-similar but have a statistical variation [22, 37]. Therefore the
images used in this study are not deterministically self-similar but they may display
statistical self-similarity. Therefore some methods that use the fractal dimension or
features based on the fractal dimension for texture segmentation are described below.
This is followed by an evaluation of the appropriateness of this approach for the ship

extraction problem.

The definition of a deterministic fractal using the concept of self-similarity is: given a
bounded set A in Euclidean n—space, the set A is said to be self-similar when A is the
union of N distinct (non overlapping) copies of itself, each of which is a contraction by
ratio r [_T1h all coordinates [34]. The fractal dimension D of a surface is related to the

number N and ratio r.

log(N)
P og(1Lo) (2.3)
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Statistical self-similarity can be described as: surfaces composing of N distinct subsets,
each of which is a contraction by a ratio r [_Iffom the original and is identical in all
statistical respects to the scaled original. The fractal dimension for these surfaces is also

given by Equation (2.3) [37, 38].

Pentland [39] has found a high degree of correlation between the fractal dimension and
human judgement of surface roughness. An increase in the fractal dimension D
produces an increase in the surface roughness. He also found that the fractal dimension
is relatively insensitive to image scaling and linear transforms of intensity. The high
correlation between D and surface roughness as well as the natural appearance of
fractals has led Pentland to propose fractals as texture models and fractal dimension as
a parameter for texture segmentation. A number of methods have been proposed to
estimate the fractal dimension D [25, 36, 38, 40, 41, 42, 43, 44]. Some of the techniques

used for calculation of the fractal dimension are expounded below.

Pentland [39] divided the image into 8 [—8Hlocks and estimated the fractal dimension
for each block using the one—-dimensional Fourier power spectrum of image intensity
surface. If the surface is being modelled as a fractal Brownian function then the fractal

dimension D is described by D [2=H. The fractal dimension can be estimated from

the log-log plot P(f) and (f). P(f) is the power spectrum which is proportional to f2H-1
and (f) is the spectral density of a fractal Brownian function. Fractal Brownian
functions are a mathematical generalisation of Brownian motion, since a particle
exhibiting Brownian motion is an example of a statistically similar fractal. After
estimating the fractal dimension of each of the 8 [“8Hlocks a histogram of the fractal
dimensions is plotted. The histogram is then broken at the “valleys” between the

peaks, after which the image is segmented into regions belonging to each peak.

Peleg et al. [45] use the “blanket” method to calculate the fractional dimension. This

idea is an extension of Mandelbrot’s solution to the calculation of the length *“coastline
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of Britain” to a three dimensional case. Among the methods proposed by Mandelbrot
for the solution to the above mentioned problem, the “yardstick” method has been
discussed earlier and the “strip” method has also been proposed. The “strip” method
considers all points with a maximum distance [1b the coastline. These points form a
strip of width 2[1Therefore the length of the coastline L([Jis the area of the strip
divided by 2[1The length L([ increases as [decreases for the “strip” method as with
the “yardstick” method. Peleg et al. use the “blanket” method as an extension to the
“strip” method by covering the image with two surfaces, one above and one below,
both with a specified distance [ib the gray values. The surface area A([1s equal to the
volume between the two surfaces divided by 2[1This is done for various values of []
The area of the fractal surface behaves according to

A(lD CETHP (2.4)
The fractal dimension can be derived from the least squares linear fit of log—log plot of
A(DAnd [dsing Equation (2.4). A set of 48 features is then derived from this method of
estimation of the fractal dimension and used these features as a global characteristic to

recognise textures within 128 image windows.

Keller et al. [37] measured the fractal dimension using a modification of the method
proposed by Voss [37, 38]. Let P(m, L) be the probability that there are m points within a

box of size L centred about an arbitrary point of the image surface A. For each value of L

Lech 1) rm
m 11 (2.5)

where N is the number of possible points in the box. If the total number of points in an
image is M and if the image is overlayed with boxes of size L, then the number of boxes

needed to cover the whole image is

N
N gy p(m, L)

m 11 (2.6)
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Since M is constant for the image it can be dropped and N(L) can be redefined as

N
N(L) I:ﬁ) P(m,L)

m 11 (2.7)

This value is proportional to L "Pahd can be used to estimate D. This method was
tested by generating synthetic fractal surfaces whose fractal dimension was initially
specified. The fractal dimension of the generated synthetic surface was then estimated
using the method described above. The specified value of the fractal dimension was
compared to the estimated fractal dimension. The method was found to suffer from the
limitation that when the actual fractal dimension of an image is very high, then after
guantisation for discrete digital image representation, points on the gray level surface
become widely spaced, effectively lowering the estimated fractal dimension. To
overcome this problem caused due to the quantisation process Keller et al. [37].
approximated the fractal surface between the centre point of a cube and each of its
neighbours by linear interpolation. The new set of surface points is used for the box
counting algorithm. In a later paper by the same authors [46] they identified that a
restriction on the smallest box size is necessary to ensure an accurate estimation. As the
fractal dimension increases in a discrete digital image representation, the gray levels of
neighbouring pixels become more widely spaced. If the box size is smaller than the
difference in gray values between neighbouring pixels, the boxes between the pixels
will not be counted although they should be included. This means that the box size

needs to be related to the fractal dimension of the surface.

Gangepain and Roques—Carmes [47] use the box counting method in 3D space using a
reticular cell counting approach to calculate the fractal dimension. This method is similar
to the Voss [37, 38] method mentioned above but in 3 dimensions. It was found to suffer

from the same limitations as the Voss method.
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Sarkar and Chaudhuri [38] proposed a modified box counting method Differential Box
Counting method to estimate the fractal dimension D. This method is based on Equation
(2.3). Animage of size M [M1s assumed to be scaled down to size s [ SwWhere s is
integer and MI[ZI[ s T 1 1Let the scaling ratio be r [L_SIM. The image is then
partitioned into grids of size s [_s.ahd on each grid there is a column of boxes of sizes [_1
s s 1Assign numbers 1, 2... to the boxes. The gray levels within this grid are
examined; if the minimum and maximum gray levels of the (i,]) grid fall into box k and

| respectively then

ne CI=k 11

N —had))
i (2.8)
The fractal dimension is then estimated from the least squares fit of log(N) against

log(1r)l If the boxes are placed such that the height of the jth box is the same in any
column it can lead to an under approximation of the fractal dimension because of the
guantisation nature of the approach. This error was corrected by giving the columns
random shifts in the vertical direction. Results are also improved if predetermined

shifts are also done in the image plane.

Sarkar and Chaudhuri [38] compare the methods due to Pentland [39], Peleg et al. [45],
Keller et al. [37] and Gangepain and Roques—Carmes [47] in addition to a Differential
Box Counting (DBC) method for estimation of the fractal dimension. They found that
the method due to Pentland and Peleg et al. are accurate and cover the full dynamic
range but are computationally expensive. Methods due to Keller et al. and Gangepain
and Rogues—Carmes are not as computationally expensive but they do not cover the
full dynamic range i.e. they were insensitive and inaccurate for the rougher textures.
The DBC method proposed was computationally cheaper than the other methods, it
also covered the full dynamic range of the fractal dimension. The DBC method is also

reported to show less error than those of Keller et al. and Gangepains and
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Roques—Carmes but more than those of Peleg et al. and Pentland. The DBC method was
tested over 12 texture images all with the fractal dimension ranging between 2.23-2.58

but results outside this range of fractal dimension were not presented or discussed.

It has been pointed out that different textures may have the same fractal dimension [37,
48]. This means that the fractal dimension alone does not provide enough information
to describe and segment natural textures [37, 49]. Fractal dimension describes only the
roughness of the texture and as such can only segment textures that differ significantly

in roughness.

Since different textures may have the same fractal dimension, Chaudhuri et al. [50]
propose a method that uses four features based on the fractal dimension to discriminate
different textures. The fractal dimension is calculated using the DBC approach. The
four features that are calculated are: fractal dimension of the original image, fractal
dimension of the high gray-valued image, fractal dimension of the low gray-valued
image and the 4th feature is based on the multi—fractal concept. The high and low
gray-valued images are transformations of the original image where the transformed
image contains the gray values above or below a predetermined threshold. All the

features are normalised to lie between 0 and 1.

Substantial misclassification occurred at region boundaries and in the inner regions if
the features were used directly for segmentation. Therefore once the features were
calculated, feature smoothing was used to reduce the misclassification inside texture
regions. The image was then segmented using the calculated features and various
classification approaches: unsupervised clustering approach; k—nearest neighbour
(KNN) with k being 1 or 5 and using 25 or 50 training samples and a minimum distance
approach using 50 training samples. The unsupervised clustering approach assumed
that the number of texture classes is known, it then generated seeds using the peaks of

the histograms of the features. The data was then distributed among the seeds to form
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clusters using the nearest neighbour rule. The cluster with the least number of data
points was deleted by redistributing its data to more populated clusters. This process
was repeated until the number of clusters was equal to the number of texture classes. In
the k nearest neighbour rule, for every unknown sample its k nearest neighbours were
computed. The sample was then assigned to the class to which the majority of the
neighbours belong. In the minimum distance classification a mean feature vector was
computed for each class using the training samples. An unknown feature vector was
compared to the mean feature vectors of the different classes and assigned to the

nearest class.

When the classification algorithm was tested on four mosaics of four Brodatz textures,
an average of 94.14% accuracy of correct classification was reported using the
clustering approach, 92.71% using 1NN with 25 training samples, 92.17% using 5NN
with 25 training samples, 92.08% using the minimum distance approach. It was
concluded that the features had a poor response on directional textures. Also a change
of texture orientation due to rotation was not detected. The classification results were
better for mosaics of two textures and degraded monotonically as the mosaics grew to

contain 6 textures.

A more recent publication by Chaudhuri and Sakar [48], introduced two new features
in addition to the four mentioned above. The fractal dimension was calculated on
horizontally and vertically smoothed images. In this paper they tested the algorithm
using six mosaics of four Brodatz textures using the same methods for classification as
mentioned above. Four of the six mosaics used as the test set were the same as for the
previous paper and two new mosaics were added. The results calculated manually by
averaging the same four mosaics as in the earlier paper were 94.47% accuracy of correct
classification using the clustering approach, 92.7% using 1NN with 25 training samples,

92.17% using 5NN with 25 training samples, 92.08% using the minimum distance
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approach. Compared to the results calculated manually, a higher accuracy of
classification was reported by the authors. This was due to reporting results of testing
of six mosaics where one of the mosaics which had not been included in the previous
study displaying a much higher than average accuracy of classification. The results of
classification as reported above from four mosaics from the two different papers were
compared. It was found that the addition of the two new features only slightly
improved the results for the unsupervised technique of classification but the accuracy
of classification was the same for the other classification techniques. Therefore it can be
concluded that these new features only increase the computation effort without any

significant improvement in the classification accuracy.

From the studies and the results presented above it can thus be concluded that the
fractal dimension is difficult to calculate and its calculation is typically computationally
expensive and may be inaccurate for rough textures. Once the fractal dimension has
been estimated it cannot solely be used for segmentation of textures because of its poor
performance. Features based on the fractal dimension need to be calculated, followed
by feature smoothing to further reduce the misclassification rate. In addition it can be
said that real textures are not ideal fractals and hence need to be modelled using a
multi—-fractal approach. The additional processing makes the fractal approach even
more computationally expensive. For the reasons given above the fractal method of

texture segmentation was deemed not suitable for our task.

There are a number of other model based texture analysis methods [27]. Gabor and
Wavelet models are also being used widely for texture modelling but were not

considered here.
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2.3.1.3 Statistical Techniques
In the development of the Edge Detection (ED) algorithm detailed in Chapter 3 to

extract the ship out of the infrared image the major difficulty experienced was in the
location of the ship within the image. The ED algorithm located possible objects of
interest and then used the range of the ship to decide which of the objects could be a
ship. This method relied on the range values being correct and, as implemented,
assumed that there was only one object of the correct size within the image. To solve the
problem of locating the object of interest within the image an in—depth look into the

statistical techniques was carried out with positive results.

Statistical approaches to texture describe the properties of the spatial distribution of
gray levels in the image. Methods that use statistical approaches to describe texture
have been discussed in a number of papers [5, 6, 19, 24, 51, 52, 53]. The spatial
distribution of gray levels in the image can be described using a number of statistical
textural measures. Some of the measures are autocorrelation, edge density, run length,

co—occurrence and moments of the gray-level histogram.

Autocorrelation Function
The autocorrelation function describes the regularity as well as the fineness/coarseness

of the texture [22]. The autocorrelation function depends on the resolution of the image
since a coarse texture at a lower resolution can appear as a fine texture at higher
resolutions. In addition to the resolution problem different textures can have identical
autocorrelations and therefore the autocorrelation cannot be used on its own for texture

segmentation [6].

Edge Density
The coarseness of texture can also be described by the edge density. In this method the

edges are detected using either small or large edge operator masks and then the texture

features evaluated from the strength of the resulting gradient image [19]. The texture
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features calculated include coarseness, contrast, randomness, directivity, linearity and
size. Some of these measures are derived from co-occurrence of edge pairs which may

be computationally expensive. Co-occurrence will be discussed in detail below.

Run Length
Run length is defined as the maximum number of neighbouring pixels of the same gray

level located in a line. A number of texture features can be computed from the run
lengths in different directions and these features can then be used as a description
vector for the textures. It can be difficult to represent textures using features derived
from run lengths in the presence of noise. The ship images are very noisy therefore

features derived from pixel run lengths would not be appropriate for these images.

Co-occurrence Matrices
Co-occurrence matrices were used by Julesz et al. [ 54, 55, 56] to discriminate textures

with identical second order statistics. He gave a definition of the first and second order

spatial statistics.

“First-order statistics measure the likelihood of observing a gray value at a
randomly chosen location in the image.” First-order statistics such as the
local mean, variance or skewness are computed from the histogram of pixel
intensities in the image. These statistics depend only on individual pixel

values and not on the interaction of neighbouring pixel values.

“Second-order statistics are defined as the likelihood of observing a pair of
gray values occurring at the endpoints of a dipole (or needle) of random
length placed in the image at a random location and orientation.” These
statistics are properties of pairs of pixel values. Examples of such statistics
are the gray level co-occurrence matrix and the gray level difference

histogram.
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Julesz observed that two textures with identical second order statistics were not easily
distinguished by the human visual system. A number of counter examples to this rule
have been reported but they consist of patterns where the local second order statistics
differ though the global values are the same [14, 57]. Hence a visually distinct texture

can be discriminated by co—occurrence matrices.

The co—occurrence matrix C is the normalised k LKk thatrix A, whose element g; is the
number of times that points with gray level z, occurs relative to points with gray level Z;

in position specified by P where P is the position operator [5]. For example P may be

defined as “one pixel to the left and one pixel below” P I ? éD

The co-occurrence matrix C then needs to be analysed to characterise the texture of the
region. A set of texture measures derived from the co—-occurrence matrices have been
proposed by Haralick [24] namely, the energy, entropy, maximum probability, contrast,
inverse difference moment and correlation measures. The textures can then be

classified based on these descriptors.

Conners and Harlow [26] reported that the above mentioned texture measures used
with co-occurrence matrices do not contain all the important texture context
information. In a later paper Conners et al. [57] proved a texture pair, that was easily
discriminable using the information in co-occurrence matrices, could not be
discriminated using the texture measures computed from these matrices. Papers that

defined new additional texture measures to address the problem were mentioned.

The co-occurrence method with the above mentioned texture measures works well for
a variety of textures but as mentioned by Sonka et al. [19] it does not work well for
textures consisting of large primitive shapes. They also mention that the method is
computationally expensive and has large memory requirements. The speed of the

algorithm is the largest drawback in its consideration for use in real time imaging even
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though faster algorithms have been suggested. In addition to the speed and memory
problems, co—occurrence matrices also suffer from a number of other difficulties: there
is no well established method of calculating the position operator P; for a given P a large
number of features can be computed from the co—-occurrence matrix which means that
some prior selection of the most relevant features must be done [22]. Co-occurrence
matrices are useful for describing regular features in images but the images being used
in this work do not display any regularity in the textures. Due to these problems

co—occurrence matrices were not used for extraction of the ship texture.

Moments of the Gray Level Histogram
Using the moments of the gray-level histogram of an image or a region is a simple way

to describe texture [5]. Moments about the mean use the first order statistics in Julesz
notation but moments higher than the first will be referred to as higher order statistics

for the purpose of this work. The nth moment about the mean is defined as

miz) Chel m)ype)

N | (2.9)
where z is a random variable denoting the discrete image intensity, and

p(z;), i L2, ..., Listhe corresponding histogram, and L is the number of distinct
intensity levels. The mean value of z is given by m. The second moment (variance) is
calculated when n [Zahd the third moment ( unnormalised skewness) is calculated
when n [3_1The fourth moment (unnormalised kurtosis) is calculated for n [—4_Trhe
mean gives an estimate of the average intensity level in the region. A region is
considered to be the area over which the statistics are taken. There is a limit on the
minimum number of pixels in the region over which the statistics are taken. If the
region is too small then calculation of the higher order statistics within this region

would be meaningless. Variance is a measure of gray level contrast. Skewness is a
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measure of asymmetry in the distribution; it shows the number of pixels that favour

intensities on one side of the mean. Kurtosis is a measure of flatness of the histogram.

Sadler [58] segments textures by detecting a change in statistics over a small sliding
window. Textures are assumed to be stationary or nearly stationary between changes.
Changes were defined as those areas where the statistics in an image start to differ. A
1-D data window of fixed size was used and checked for change in variance inside the
window in both the horizontal and vertical directions. The position of the change was
then estimated. This change in variance was indicative of the boundary of a texture.
Although he demonstrated change detection by using locally estimated variance, he
mentioned that any higher order statistic which represents a good feature for change
detection can be used. He found that the success of his approach depended on the
choice of good local features that exhibited a step behaviour since a step is easily

detected.

Unser [59] used higher order moments for texture classification. He reported
significant improvements in classification when the second, third and fourth moments
were used. He showed that if the textures being analysed are non-Gaussian it was
advantageous to use higher order statistical information to improve the results of the

classification.

Kempinger and Shettigarn [60] used statistical moments such as variance, skewness
and kurtosis for segmenting cluttered SAR images. They found that skewness and
kurtosis were high for small objects. The skewness and kurtosis measures appeared to
enhance the small objects by suppressing clutter. For larger objects the variance was

high but the other two texture measures were low.

The advantage of using the higher order statistics in segmentation lies in their
computational simplicity since the statistics are computed over a region and avoid

detailed spatial calculations. Statistics computed only from the histogram suffer from
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the limitation that they carry no information about the relative positions of the pixels
with respect to one another. This may be a limitation for some applications but not so in

this work as will be discussed in later chapters.

2.4 Discussion

The images used in this work are noisy and have a band structure through them due to
the infrared scanning process used in acquiring and digitising the images. The textures
in the background are random with no obvious regular structure. This meant that
segmentation methods which depended on regularity of structure in the textures could
be used. These methods include structural segmentation techniques which describe
the texture in terms of texels which are repeated and arranged according to placement
rules. Segmentation methods based on the fractal dimension also rely on some

statistical regularity in the textures, therefore they were also discarded.

In all of the images used, the ship stands out relative to the immediate surrounding
background in terms of intensity. The sky, horizon or land pixels may sometimes be
bright although not as bright as the ship. This quality of the ship in relation to its
surrounding background has been exploited for localisation of the ship within the
image. It was proposed at this stage that the image be subdivided into regions and
higher order statistics be used as a predicate in segmenting regions in the image. This

scheme is discussed in detail in Chapter 4.

2.5 Conclusion

This chapter presented and discussed some of the literature on the various image
segmentation techniques. From the discussion it is indicated that for the infrared
images used in this work, segmentation provides a useful mechanism to aid the

extraction of the ship from the image.
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Two major image segmentation techniques were discussed i.e. segmentation based on
edge detection and texture segmentation. For edge detection, only the simplest
techniques were discussed and these provided the basis for the first algorithm for the
ship extraction problem which is presented in Chapter 3. From the investigation of
possible texture segmentation techniques, it has been concluded that local image
statistics appear to provide a useful approach to the problem of localising a ship in an
image. Chapter 4 discusses use of skewness as a region discriminant for identification
of the ship and all the other techniques tried in the development of the algorithm for

extraction of the ship. A comparison of the two algorithms follows in Chapter 5.
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Chapter 3
Segmentation by Edge Detection

3.1 Introduction

The problem of ship extraction from an infrared image was investigated by Defence
Science Technology Organisation using edge extraction together with additional
processing. The algorithm that was developed is outlined in detail in this chapter. A
discussion of the results obtained using the algorithm are presented at the end of the

chapter.

3.2 Algorithm in Detalil

The structure of the algorithm showing all the interrelations of the processes is given in
Fig 3.1. The algorithm builds up a region of interest (ROI) by using the Prewitt operator
to detect edges in the image and this image thresholded to retain the strongest edges.
The thresholded edge image is sorted to locate the boundary of the ship. The boundary
of the ship is dilated to close the gaps and filled to create the ROI. The median filtered
image is thresholded within the ROI using a local threshold to get the silhouette of the
ship. The vertical edges within the ship are also calculated and the left and the right

most vertical edges within the ROI are then identified. This information is used to
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remove the wake of the ship. The algorithm requires an external input of range of the

ship. The components of the algorithm are now discussed in detail.

Median ) Prewitt 3 Global
Image Filtering Operator Thresholding
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Edge Object Sort
Thresholding Dilate

|
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Figure 3.1 Structure of the algorithm

3.2.1 Median Filter

A 3 [3nhedian filter was used to remove impulse noise in the image and to reduce line
to line irregularities. The median filter is an image to image transformation based on
the operation at pixel at position (i,j) [5],

O; j LMAd[l ok copali coperh, j ooh iy j oo copesh copli coedh
The principal advantage of the median filter is that it does not reduce the brightness

difference across steps [61]. The median filtered image of Figure 1.2 is shown in Figure

33



3.2. Median filter is applied symmetrically around each pixel therefore pixels near the
edge are not processed. Thus a line of unprocessed pixels, equal to one pixel width was

left along all the edges.

Figure 3.2 Median filter processing of
image in Figure 1.2

3.2.2 Prewitt Operator

The Prewitt operator [62] was used on the median filtered image to find the edges
within this image. The 5 [ bperator is represented by the masks H;and H, in

Equation (3.1) which measure the gradients in the image U in the two orthogonal

directions.
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Prewitt Operators (3.1)

Defining the bidirectional gradients g, and g, for an image size of 256 pixels,
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where u(m, n) is the intensity of the pixel at position m, n

the magnitude gradient g(m, n) is calculated as g(m, n) Iﬂ(ig | I—_lg“?(ig ) l. The

division by 10 ensures the magnitude gradient is within the 0 — 255 range of pixel
intensity. Any pixels with magnitude greater than 255 after the above calculation are
estimated at 255 since these pixels belong to a strong edge. The output image after the
application of the edge detector is a measure of the edge strength at each pixel,
independent of the image intensity. The results of applying the Prewitt convolution
masks to the median filtered image of Figure 3.2 is shown in Figure 3.3. The operator

leaves a line of unprocessed pixels, equal to two pixel width along all image edges.

Figure 3.3 Prewitt Edge Image of the
image in Figure 3.2

A 5 [ 5 Prewitt edge detector was used since it located the edges accurately in the
image and computational load was not high due to the integer nature of the operation.
The operator computed the horizontal and vertical differences of local sums which
reduced the effect of noise in the data. The operator also had the desirable property of

yielding zeros for uniform regions [4].

35



3.2.3 Global Thresholding

A global thresholding operation was applied to the edge image to identify those
locations where the gradient exceeded the threshold [ [CWwas selected using the
histogram of g(m, n) so that between 5% and 10% of the pixels with the largest gradient
were declared as edges. The actual percentage value (p) was set from the range input
using an empirically derived relationship given in Equation (3.4). The percentage
value is inversely proportional to the square of the range. This was multiplied by a
factor of 24 which related the area of the object to the number of pixels on the screen.
This value taken as an integer was then added to 2 so that the percentage p is always

non zero i.e. for all images 2% of the pixels were retained.

24
p [ Z1L Int 5
(range?) (3.4)

The effect of thresholding on the Prewitt edge image is given in Figure 3.4.

Figure 3.4 Global Thresholding per-
formed on the image in Figure 3.3

3.2.4 Object / Edge Sorting

The thresholded edge image was then processed to remove any small noise induced
edge structures and large structures which were unlikely to be the ship such as horizon.
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The algorithm also removed any object at the edge of the image hence the ship needed
to be in the central area of the image. All the objects in the image were sampled using
multi—-directional growth bounded by the background. If the size of the object
traversed is above a minimum size and below a maximum size it is retained as a likely
target. The empirically derived minimum and maximum sizes are given in Equations

(3.5). The object was also checked for correct area to width ratio.

.. 0 . 00
minsize Iﬁ@ maxsize E%@ (3.5)

Edge sorting was performed on the image in Figure 3.4, the result of which is shown in

Figure 3.5.

Figure 3.5 Edge Sorting performed on
the image in Figure 3.4

3.2.5 Dilation and Filling

Standard morphological dilation processing was applied to any objects remaining from

the edge sorting routine. The dilation method used is discussed below.

Let the object A and the structuring element B be sets in the 2D integer space. Let Bp

denote the translation of B so that its origin is located at pixel p. The dilation of A by B,
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denoted A [ Bk defined as the set of all points p such that B, and A have a non empty
intersection [6]

A CBI1C{p: B, LA K TJ (3.6)

The structure element used for the dilation is shown in Figure 3.6.

. °"/origin

Figure 3.6 Structure Element for Edge Dilation

The dilation completed any breaks in the edge boundaries to define a Region Of Interest
(ROI). The region of interest was then filled to generate a ROl mask. The dilation and

fill operation performed on Figure 3.5 is shown in Figure 3.8.

Figure 3.7 Dilated edge structure to Figure 3.8 Filled ROI
create ROI

3.2.6 Vertical Edge Detection and Thresholding

The wakes produced as the ship travelled were confusing to the classification process,
thus requiring their removal to improve the results of classification. Wakes are
characterised by a relatively diffuse boundary and do not have a strong vertical edge

structure so the bow and stern of the ship could be found using a vertical edge detector.
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A modified 1D Marr-Hildreth operator was used as a vertical edge detector to find the

extremities of the ship.

Marr—Hildreth [19, 63, 64] were motivated by the problem of finding an operator that
could detect intensity changes at a range of scales. This led to the idea where the local
averages of the image at various resolutions is first taken and then the intensity changes
are detected in each one. This needed a definition of the nature of the optimum
smoothing filter and then the a definition on how to detect the intensity changes. The
appropriate smoothing filter needs to fulfil two criteria: the filter needs to reduce the
scale at which the intensity changes take place and this can be achieved by bandlimiting
in the frequency domain, the filter also needs to respond to changes in the image which
are generally localised in space hence the filter also needs to be spatially localised.
These two requirements are conflicting but are optimally jointly satisfied by the

Gaussian distribution.

The detection of intensity changes within an image has been described as a
corresponding peak in the first directional derivative of the intensity measured
perpendicular to the change or a zero—crossing in the second directional derivative. Itis
computationally more efficient to use the non-directional Laplacian operator to detect
the intensity changes. The two operators are combined to detect the intensity changes

by detecting the zero crossings of the output of the convolution of the image with

Laplacian of the Gaussian [2G(x,y). For this algorithm a modification of the operator

as suggested by Marr-Hildreth was used. This operator is defined as

23 Iﬁr—r;llxp‘rzEZJE

r is the distance from the centre of the operator. Maximumr [14
[13 the space constant for the Gaussian and here it is defined as

* 5
[T L3 rnge

(3.7)

A plot of the operator is given in Figure 3.9
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W r=16

Figure 3.9 The modified Marr—Hildreth Operator

Once the Marr—Hildreth operator was applied to the median filtered image the output
was a measure of the vertical edge strength at each pixel. The results of applying the
Marr—Hildreth operator to the median filtered image of Figure 3.2 is shown in Figure

3.10. The operator leaves a width of 16 unprocessed pixels along all image edges. A

Figure 3.10 Vertical Edges of the Figure 3.11 Thresholded Vertical Edge
image shown in Figure 3.2 Image from Figure 3.10

threshold operation was then applied to this vertical edge image to identify those
locations where the edge strength exceeded the threshold. The threshold gray value
was set at 27 which was determined empirically. The output threshold image is shown

in Figure 3.11.

The ship is expected to be centred in the image since the edge sorting operation removes

any structures at the edge of the image and the Marr—Hildreth operator is applied in
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horizontal symmetry around each pixel therefore the pixels near the edge have not been

processed.

3.2.7 Left and Right Extremities

The thresholded vertical edge image was processed to retain only the edges within the
ROI mask generated from the Dilate and Fill operation. The left most and the right most
points within this new image were identified. This information was stored for input to

the classification process, which will be discussed in Section 3.3.

3.2.8 Local Thresholding

A local threshold was set and the pixels in the median filtered image that were
co—located with the ROl mask were thresholded using this local threshold to extract the
silhouette of the ship. To calculate the local threshold a histogram of the pixels from the
median filtered image (Figure 3.2) that were co-located with the edge sorted image
(Figure 3.5) was created. The local threshold was selected such that 50% of the total
pixels in the histogram, with the highest intensity were declared as ship pixels. 50% of
the pixels are retained from the histogram since it is assumed that the edge sorted image
overlayed in equal proportion the pixels which formed the ship and the background.
The final extracted silhouette of the ship after the local thresholding process is shown in

Figure 3.12.

3.3 Classification

The silhouette extracted from this algorithm was encoded using a modified 1D
Hadamard transform [65] aligned along the x axis and classified using a Probabilistic

Neural Network [66, 67].
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Figure 3.12 Silhouette of the ship

A Hadamard transform was used to produce shape description vectors. The hadamard
transform is computationally efficient and the relative signs of the transform indicate
the direction of travel by the ship [2]. The ship was divided into 16 equal width column
segments only covering the ship and the area ay x [(Q]...,15was calculated for each
segment. The 1D Hadamard transform kernel for this application is given in Table 3.1
where the + and - indicate +1 and -1 respectively. The calculation of the values that
were to be used as input to Probabilistic Neural Network (PNN) can be demonstrated

by an example. For row 3 the value h, is calculated as

h, CEa, U B, U bra g caagUl

This value was then normalised by h, before being used as input into the PNN.

Table 3.1 Values of the 1D Hadamard Transformation Kernel

h\x 0 1. 2 3 4 5 6 7 8 9 10 11 12 13 14 15
0 + + + + + + + + o+ o+ o+ o+ o+ o+ o+ o+
1 + + + + + + o+ + - - - = = = = =
2 - - - = = = = =+ 4+ + + + o+ o+ 4+
3 + + + + - - - - + + o+ o+ = = = -
4 + + - - - - + o+ o+ o+ = - - - o+ o+
5 - - 4+ 4+ + + - - + o+ - - - - + 4+
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3.3.1 The Probabilistic Neural Network

The PNN is based on the Bayes Strategy for pattern classification [2]. Consider a two
category situation in which the state of nature of [id either C,bor [gbased on asetof p

measurements X' C[X1... X .. Xpl. The Bayes decision rule is

decide d(X) Ll if halafA(X) Chglgfg(X)
decide d(X) LT3l if hglgfg(X) L AfA(X) (3.8)
X [pattern vector (p—dimensional)
Xt [franspose of X
h, [aptiori probability of occurrence of pattern from category A
hg [apliori probability of occurrence of pattern from category B
| , [lobs function associated with decision L,Wwhen [T Tl
|g [Iobs function associated with decision [giWvhen 1Tl
fA(X) [Probability density function for category A [PIDF
fg(X) [Probability density function for category B

Therefore the decision boundary is

hg Ig
fA(X) CKIL(X) where k q:it
The output units in the PNN produce binary outputs with only a single variable weight,

Cp.

hg, Ig, Na,

k k
C g
AJA, Bk

Na, [_nuimber of training patterns from category A,

where Ng, [number of training patterns from category B,

In any problem in which the numbers of training samples from Categories A and B are

obtained in proportion to the apriori probabilities C, can be redefined as

C [=13,(T,
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This ratio can be determined from the significance of the decision of associating [with
either [ dor [gl If there is no particular reason for biasing the decision, C, may be
simplified to -1 (an inverter). Therefore the accuracy of the decision boundary depends

on the accuracy of the underlying PDF’s.

Parzen [66] proposed that the PDF is estimated by the sum of small multivariate
Gaussian distributions centred at each training sample. The sum however is not
limited to being Gaussian. It can approximate any smooth density function. This

density function can be expressed as

N — 1IIZI % | expl= _XAi&_XAi J
(2 )P4 P 2[2]

i [pdttern number
m [fotal number of training patterns
X,; L[ffl training pattern from category L.l
[ snhoothing parameter
p [dimensionality of measurement space

A small value of the smoothing parameter [cbrresponds to the PDF having distinct
modes corresponding to the location of the training samples. A larger value of []
produces a greater degree of interpolation between points. For this work the holdout
method was used to determine the best value of [_This is the basis of the PNN which
was used for the classification of the ship. This two category decision can be extended to

a multicategory decision rule.

3.4 Resaults of Extraction

The edge algorithm described above was tested on 20 images taken by 3 different
sensors. The images covered ships of different sizes, radiance and backgrounds. The

edge detection process described above was reasonably successful in segmenting



infrared images to extract a ship. It worked well for most situations but produced

errors for some images.

One of the major problems that occurred with this algorithm was the difficulty in
locating the ship. This error can be demonstrated by an example of a modified ship
image shown in Figure 3.13; the original infrared image was thresholded at a low pixel
value and converted to a binary image before displaying to maintain the defence
sensitivity of the original image. In the original infrared image the background was
very dark compared to the ship i.e. the bright ship was seen on almost a black
background. The extracted silhouette of the ship using the edge algorithm described

above is shown in Figure 3.14. The algorithm extracted not only the ship but some

Figure 3.13 Binary image of a ship, Figure 3.14 Location of the ship using
converted from an infrared image the algorithm described above

background as well, since the background *“blob” satisfied the conditions set by the
object sort routine in the above algorithm. In other images of the same ship, taken
under different conditions, where the same blob is on a brighter sky only the true ship is
identified in the silhouette. This elimination of the background blob can be explained
by the brighter sky. In the object sort routine the size of the object in relation to the range
is compared for a valid object i.e. a ship. Since the sky was brighter in the other images
the background blob blended in with the sky hence increasing the area traversed by the
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object sort routine and thus not satisfying the size to range relationship conditions set

by the routine and therefore being rejected. This will be discussed further in Section 3.5.

The algorithm was found to identify and extract the ship correctly for some of the
images, but the silhouette of the ship extracted was sometimes found to extend beyond
the ship or it had segments missing from it, i.e. the superstructure of the ship was not
well defined. The code of the algorithm without any optimisation took 9.6 seconds user

time for execution on a SPARC 67 MHz system.

Despite the limitations of the extraction algorithm the classification of the ship after
extraction of the silhouette was high. This was mainly due to the use of low spatial
frequencies for feature extraction from the ship silhouette. Higher frequencies used
during the Hadamard feature extraction process were found to confuse the classifier
and produce a lower rate of classification accuracy. This was primarily due to the
superstructure of the ship not being well described in the ship silhouette extracted from

the image.

3.5 Discussion

There were a number of problems encountered with the algorithm described above.
The main problem was the robustness of the algorithm in that it did not consistently
extract the ship from the image. The other problem was with the superstructure of the
ship not being well described in the silhouette, which reduced the information
available for classification. The process used for removal of the wake of the ship uses a
set threshold which could produce some errors in the removal of the wake of some
ships. These problems are discussed in detail below. The modification of the algorithm

for applicability of extraction to multiple ships from an image is also discussed.

A study done on the effect of median filtering on edge estimation [68] found that

median filtering improved edge detector performance since noise was suppressed in
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regions of constant image intensity. They also found that filters (shape of the
neighbourhood) with cross ( [).anH X shaped geometries performed better than square
shaped median filters. The square shaped filters gave smoother edge maps but created
more edge displacement in comparison to the other two filter shapes [19, 68]. Square
shaped median filters were used for the algorithm described above therefore the edges
may have been shifted. Edges were used in the algorithm described above to create a
ROI mask within which the object was re-thresholded. The re-thresholding was done
on the median filtered image therefore the edge displacement created by the median

filter could have shifted boundaries in the final silhouette.

The threshold value used to isolate the strongest edges found by the Marr-Hildreth
operator was not adaptive but set at gray value 27. There appears to be no justifiable
reason for choosing this threshold to be 27 since removal of the wake must be

performed on a wide variety of images both in contrast and brightness.

The object/edge sorting routine described in Section 3.2.4 is ad-hoc and prone to error.
It relies on the range input being accurate and there being no other background object
within the image that could satisfy the object size to range relationship. It also relies on
the ship not being at the horizon. Since the size to the range relationship may not be

satisfied, the algorithm may fail.

This algorithm will not identify multiple ships in an image since the object/edge
sorting routine which identifies the objects of interest (ships) in the image relies on the
objects of interest satisfying a size of object to range of object relationship. The range
that is input into the system is of the ship that is the closest in the field of view. This
means that if there a number of ships at different ranges within the field of view, not all
of them will satisfy the size to range relationship and hence they cannot be identified.
Two ships that are within the same range may be identified if neither of them is on the

horizon or near land and both are away from the edges of the field of view. If the image
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contains multiple ships within the same range such that all the ships are extracted
correctly, the classification process may not be able to classify all of them. This is

discussed in detail below.

The classification process relies on an input of the left and right extremities of the ship to

remove the effect of the wake. However, as can be seen in Figure 3.15 the left and right

Left Right

Figure 3.15 Error in identification of

the left and right bounds of the ship
extremities of the ship will be in error with more than one ship in the image or with
some background noise being extracted in addition to the silhouette. Hence the
classification relies on the image having a single object in the field of view. The
classification process could be modified for images where multiple ships are extracted,

but this was not implemented in the code provided.

If the extraction process is presented with and image which does not contain any ships
then the process should not extract anything from the image. For the edge detection
algorithm presented above the extraction process relies on an estimate of range of the
ship. The range input is an estimate of the range of the closest ship within the field of
view if it contains a ship, if there is no ship within the field of view a range estimate is
still input into the extraction system. Therefore the extraction process will extract an

object from the image if the object satisfies conditions of the object/edge sorting routine
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even if the image does not contain a ship. The algorithm relies on the classification

process to determine if an extracted object is a ship.

The extraction process also relied on the ship being centralised within the image. The
extraction process due to the nature of the filters applied for ship extraction was not
able to process right up to the edges of the image. The vertical edge detector left a line of
unprocessed pixels equal in width to 16 pixels along all the image edges. The rest of the
processes did not leave as wide a gap of unprocessed pixels therefore this was the

limiting factor.

3.6 Conclusion

The edge detection based algorithm described above was found to be slow and not
robust. The algorithm currently relies on the image containing one ship in the image.
The extraction process performed on an image with no ships or more than one ship may
be prone to error as discussed above. The algorithm also found it difficult to locate the
ship within the image. If the ship was located correctly then the superstructure of the
ship was not always well described in the silhouette of the extracted ship. The
algorithm sometimes retained objects from the background in the final output image
that should only contain the silhouette of the extracted ship. The algorithm relied on
the object sort routine conditions of the object size to range relationship being

satisfactory for the object to be declared a ship.

The difficulty in locating the ship can be attributed to the regions i.e. the land, sky and
water regions being within themselves homogeneous textures having many micro
edges. To segment the scene so as to identify the ship, land, sky and water segments, by
finding their boundaries, the object/edge sorting routine is not satisfactory. The
object/edge sorting methods applied to the entire scene cannot distinguish between

the micro edges within each texture and the boundary between the textures.
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The above problems with the edge detection algorithm will be addressed in the
algorithm based on a combination of texture segmentation and edge detection

techniques for ship extraction in Chapter 4.
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Chapter 4
Processing

4.1 Introduction

The following chapter discusses all the experiments used in the development of the
algorithm based on a combination of texture segmentation and edge detection
techniques for ship extraction. The main focus of the “combination” algorithm will be
to address the problems faced by the edge detection approach of extracting the ship
from the image. The combination algorithm uses texture segmentation to reliably
locate the ship quickly within the image. Once the ship has been located, further
processing using edge detection techniques is performed to extract the silhouette of the
ship. Robustness and speed of computation are the predicates that need to be satisfied

at each step of the algorithm.

4.2 Processing Background

Statistics from 25 images taken by 3 different sensors were examined. The mean,
variance, skewness and flatness of these images were examined by manually placing
rectangles around regions of interest (ROI). The image was divided into ROI consisting
of rectangles around the ship, sky, water, horizon, land or other features that were

found in the images. The size of the rectangles varied with the size of the ROI. It was
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found that the variance, skewness and the flatness of the region containing the ship
were a few orders of magnitude larger compared to the background. This meant if the
size of the rectangle was such that it only encompassed the ship, it showed a high
variance, skewness and flatness. There was however no indication of how the size and

the location of the rectangle could be determined.

The test image set was reduced to 6 images which were then used for the development
of the rest of the algorithm . These test images were then divided into 16 equal blocks of

64 [64pixels as shown in Figure 4.1. The statistics, i.e. mean, variance, skewness and

A

* 12| 13 14 | 15

vy

<—64—>

Figure 4.1 Blocks in a test image

flatness for the blocks were compared. The comparison was done to determine if the
blocks containing the ship or a part of the ship showed any difference in the statistics to
that of the blocks containing the background only. Each of the moments for the 16
blocks was sorted in ascending order and plotted. The comparison of the mean of the
blocks indicated the blocks containing the ship had high mean but it was not different
enough to the background for a conclusive identification of a ship. The examination of
the other statistics indicated that blocks containing a part of the ship with water or sky
background displayed a high variance, skewness and flatness. Therefore these three
statistics were examined further. The variance and skewness plot of the ship image in

Figure 1.2 is shown in Figure 4.2. Blocks that contained some land with other
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Figure 4.2 Variance and Skewness plot of the ship in Figure 1.2

backgrounds showed variance and flatness of the same order as that of the blocks

containing a part of the ship but low skewness. Blocks that contained only ship, land, or

water showed low skewness but variance was of the same order as that of blocks

containing a combination of two or more textures. For images with large ships the
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blocks that contained the sky showed variance and flatness of the same order as that of
the blocks containing a large portion of the ship but showed low skewness. If the ship
was small and split over several blocks such that each of the blocks contained a very
small portion of the ship then the skewness of the blocks containing the sky sometimes

was of the same order as the blocks containing the ship.

The experimental evidence indicates that variance and flatness cannot be used to
discriminate against blocks containing some land and blocks containing a part of the
ship. The skewness of blocks containing some land was high, but not so high that it
approached the blocks containing a part of the ship. Therefore skewness is the best
discriminant in identifying the blocks containing the ship or part of the ship. However
further processing is required to eliminate the blocks that contain the sky if the ship is
small. A non-standard quadrant subdivision process in which the image is recursively
subdivided into quadrants is used for eliminating blocks that contain the sky if the ship

is small. This subdivision process will be presented in Section 4.5.

4.3 A Modd of the Skewness of the Ship Region

For an explanation of why a region containing the ship should show the highest
skewness, a model based on Figure 4.3 was used. The figure shows a block that
contains textures of sky, ship and water. Each texture in the image was modelled as a
Gaussian [69] (normal) with a different mean and variance. The accuracy of the

Gaussian model is discussed in Section 4.3.1. Let each texture have the density function

fi ().

1] I flor texture of sky

f;(x) %ﬁ—@—@? L2 H 2 for texture of ship
, HI[3for texture of water

(4.1)
Given 3 normal distributions f; (x) for i [—L2,3 with mean Gand variance [Zfor the

three textures, they may be summed to give f(x) the density for the entire distribution
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Figure 4.3 Block retained at
64 [ 64lpixel level

with mean m, variance [ahd skewness S. Letting k; be the ratio of the number of

samples in the texture i we write

f(x) LR, (x) TG, (x) CKgl(x) 4.2)

The mean m of the entire distribution is given by

L1
xT(x) dx

K, IR T, 1K T
m i e

k) dx

-1

LR DKL I Kl
ask, [ K11

The skewness for this entire distribution can be found from

L1

skewness S L m)P f(x) dx

\

CI 11
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and expanding the cubic term and evaluating the ith integral

L1 L1
ki Lode P20 [3K)(GOCm) Lxde BTy
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This can be simplified using symmetry arguments to

3k, (Cormy ek nrmp adi

All the terms are normalised by 1
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Therefore the Skewness is given by

n

s T h3kdrEm) Pk Em)?

i 11

(4.3)

Referring to Figure 4.3 and taking vertical slices from the block retained, the skewness

was calculated using the equation given above. It was found that the skewness of the

block was very high, this was due to the large difference between the mean of the pixels

belonging to the ship region, and the mean of the sky and water. Any region on its own

showed low skewness as the mean of the region and the Gaussian assumption proved
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itself to be a reasonable model. A combination of two or more regions where one of the
regions displays a very different mean and variance to the rest, tended to produce a

skewness in the overall distribution.

4.3.1 Test for Goodness of Fit

Pearson’s test was used to test the model’s assumption of a normal distribution for the
three textures of the image as discussed above [70]. The multinomial chi-square
goodness—of—fit test was applied to data extracted from the three textures of sky, ship
and water. The test uses a multinomial distribution consisting of random variables
Y, Yo ..., Y where Y, is the observed number of elements from a sample size n that
belong to class i. For the total number of classes K,

L dm

i C11
A multinomial distribution can be described by the parameters n and hypothesised

proportions p4,p,, . .., P, Where n is the sample size and p; is the probability that an
element belongs to class i. Therefore

i -
The mean or the expected number of elements in the ith class for a total of n samples is

E; [npi

For each class i, the following random variable is calculated

&.-Eiﬁ

E.

The sum of these quantities over all classes gives a [Zlstatistic,

Mg []

1

] - —
irc1 ! (4.4)
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The [Z3tatistic measures the deviation of the observed data from the expected number
of elements in each class. To test the hypothesis the calculated [Z3tatistic is compared to

the E%J distribution with a desired significance level [and d; degrees of freedom

where

k [tatal number of classes
di Lk=l-L1where —r—pmgmber of estimated parameters

A small deviation of the observed data from the expected number of elements would
result in a small [Zvalue therefore the hypothesis would only be rejected for a large [21

value.

The [Zstatistic was calculated using Equation (4.4) for each of the three regions i.e. sky,
ship, water. The graphs for the data from the three regions with a hypothesised

Gaussian curve are shown in Figures 4.4, 4.5 and 4.6. As can be seen from the graphs,
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Figure 4.4 Histogram of data from the sky and a Gaussian fit.
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and determined from Pearson’s test, the ship data fitted the Gaussian model extremely
well. For sky and water data, ignoring outliers, the data also fitted extremely well to a
Gaussian model. The Gaussian distribution curves fitted to the data were generated by
using the sample mean and variance of the data and normalising the curve such that the
areas of the hypothesised Gaussian and observed histograms matched. The outliers

were removed from both the distributions before fitting the curves. The calculated
[%3tatistic and the E%J values for a desired significance level 0.1, ignoring outliers are

shown below

sky-  [AC2300 [§),,, [23P1
ship- (21328 [3),, [ 15109
water-  [Z134B2 [}, ¢ 32100

The outliers in the data for both the sky and water regions can be described by the
apparent concentration of image values in particular classes as a significantly high or
low value compared to the Gaussian model. This concentration of values is thought to
be an artefact of the image generation process. The dynamic range of the image is
automatically maximised by using a look up table to adjust the gain of the imager and
the offset of the black level. The image values are further quantised using another look
up table during the digitisation process. The image values mapped through the look up
table of the imager, followed by the look up table of the digitiser and the 8 bit storage
capability of the frame store would be expected to result in quantisation of the intensity
levels. This quantisation of the intensity levels results in variability in the measured

distribution.

The reasonably close agreement of the measured distribution to a Gaussian distribution

is shown by Pearson’s test. The calculated [Z¥esults for the ship are excellent and for
the water and sky they are very close to being acceptable. Therefore, due to Pearson’s

test, a Gaussian model may be assumed for the sky, ship and water textures.
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4.4 Use of Skewness as a Discriminant

The image was divided into 16 blocks of 64 [C64pixels (Figure 4.1), the skewness was
calculated for all the blocks. The skewness values were sorted in ascending order and
plotted as shown in Figure 4.2. This is a typical graph of sorted skewness values of the
blocks. This curve needed to be thresholded to retain only the blocks that contained the
ship or part of the ship. A number of methods were tried for choosing the optimal

threshold.

To find the threshold, the curve of the skewness plot was followed to determine the
knee. The knee is defined as the point where the area above the curve becomes greater

than the area under the curve as shown in Figure 4.7. However it was found that this

A skewness A skewness A skewness
Cafafafafaf af af of
coepEed sttt
Qe
A [ ¢§¢¢¢¢ £
> : > >
Blocks K Blocks Blocks
B 1-16 nee  "1716 B 1-16
(A+B) /B <20 (A+B) /B >20

Figure 4.7 Knee in a curve.

method was very sensitive to the roughness of the curve. In an attempt to reduce this
sensitivity an average of four skewness values was used to generate the curve, but this

failed to improve the results.

Use of range data that is available as an external input was then considered. Given the
range of the ship a decision could be made on the number of blocks with the highest
skewness values that needed to be retained. It was decided that this method would not
be robust enough for this problem. For example if the ship is small enough to fit in one

64 [64bixel block it did not mean that the ship would be contained in one block. Since
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the block boundaries are fixed, the ship can be split over 2 or more blocks. Thus this

method was also discarded.

To ensure robustness in the algorithm, the threshold was set at 15 percent of the
maximum absolute skewness value. This percentage value was determined
empirically and ensures that at least one of the retained blocks definitely contains the

ship or a part of the ship.

This threshold value retained blocks that could contain parts of the ship, land and some
sky regions if the size of the ship was small. The blocks that definitely contained the
ship needed to be identified for extraction of the silhouette of the ship. To see if the
blocks containing the ship stood out compared to the background, the image was

plotted in 3 dimensions,

the three dimensions being ( X, y, gray value). On examination of the 3D plots it was
found that the ship had the highest z coordinates, i.e. the highest gray values. To
classify the blocks into different categories such as ship or sky, the concept of
representing the image intensity as triangular surface patches was utilised [71]. Each

block was divided into a set of non-overlapping triangles as shown in Figure 4.8. Each

A
1 3
2 4
32
5 7
6 8
Y

Figure 4.8 Division of block into triangular planes
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of the triangles contains three points (X;,Y4,24), (X5 Y5, Z5) and (Xg, Y3, 23). The image
gray levels (z,,z,, z5) at these points define a unique plane. The equation of the plane in

space that contained the three points can be calculated [72] and is defined as

X d3 z%

where

dy LYz LYL)z, LY,z
d, [L(xXFx)z, [LXHX3)Z, [(XdX,)Z,
dy COG-xp)ys COXGHxa)y, CXdx,)y, (4.5)

d d X,d d
All the terms i.e. terml I%_fl term2 I%_}Iand term 3 I:.F—fkl yl 2 [z, were
3 3

calculated for all the triangles for all the blocks that had been retained using the 15 %
threshold value. On scrutiny of the results, the information was not found to be useful

enough to discriminate the textures of the ship, sky and land.

To find a method that was robust and fast it was decided to identify only one block that
contained the ship. This would localise the ship within the large image. This block
could then be used as a seed to extract the ship. To identify the block that definitely
contained the ship, use is made of the information that the ship would display the
highest skewness value if the size of the block being examined was similar to that of the
ship. Therefore a non—-standard quadrant subdivision technique is used in which the
image is recursively subdivided into quadrants. Skewness was calculated for each of
the quadrants and was used for discrimination of the quadrants for ship localisation
within the image. By experimentation it was found that the size of the ship need only be
a rough estimate, i.e. decision of block size 64 [64lpixels or of size 32 [3ZIpixels is
enough to localise the ship. These sizes of blocks were appropriate since any larger
sized block did not simplify the segmentation process but just added to the

computation. Smaller sized blocks i.e. subdivision of the 32 [3Zblocks to 16 [I6lvas
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not appropriate since the statistics calculated over the smaller blocks did not reflect the

true statistics of the region.

4.5 Block Discrimination

A single block that definitely contained the ship needed to be identified to localise the
ship within the large image. The range of the ship provides an estimate of the size of the
ship. Therefore the range of the ship was examined to decide the size of the final block

to be retained.

The image was divided into 16 blocks of 64 [64lpixels (Figure 4.1). Skewness was

calculated for all the blocks and the range of the ship was examined

] If range 1, 3hen the block of size 64 [64pixels with the highest skewness

was retained. This was the block that definitely contained the ship.

] If range 1, 1hen blocks need to be further subdivided into blocks of size
32 [32A pixels. To avoid subdivision of all the blocks and calculation of
the skewness of all these blocks, only the blocks that could contain the ship
were retained at the 64 level and further subdivided into size 32 1
32 pixels. The threshold was set at 15 percent of the maximum absolute
skewness value to ensure robustness of the algorithm as discussed earlier.
All the blocks having a skewness value above this threshold were retained.
Figure 4.3 shows the blocks retained at the 64 level for the image

in Figure 1.2.

Each of the retained blocks was then subdivided into its quadrants to give
blocks of size 32 pixels and the skewness was then calculated for each
of these smaller blocks. The block with the highest skewness was retained as
the block that definitely contained the ship. The resulting image for the ship

Figure 1.2 is shown in Figure 4.9.
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Once the block that definitely contained the ship was identified the next step

Figure 4.9 Block retained at
32 [3pixel level

considered was to find the edge of the ship within this block. A template could then be
developed for a dynamic edge following algorithm to create an edge outline. This edge
outline would then be filled to get the silhouette of the ship. This concept is explored in

the next few sections.

4.6 Detection of Edgeswithin thefinal retained block

The next step after identifying a block containing the ship was to identify the edge of the
ship within the block. The retained block will definitely contain the edge of the ship
and not only its interior because the chosen block has a high skewness which is only
characterised by a combination of two or more regions where at least one of the regions
displays a significantly different mean and variance to the rest. A block that contains
only the interior of the ship region cannot have high skewness values, therefore the
retained block will definitely contain the edge of the ship. The edge of the ship was
identified by detecting the edges within the final retained block and then identifying

the longest and the brightest edge and labelling it as the edge of the ship. The edge of
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the ship will be more prominent than the edges within the microtextures of land, water

and ship interior and it will therefore be characterised by the brightest pixels.

The Prewitt operator as documented in Section 3.2.2 was used to detect the edge of the
ship since it accurately located edges in infrared images of ships, while minimising the
computational load. The results of the application of this operator to the final retained

block Figure 4.9 is shown in Figure 4.10.

Figure 4.10 Prewitt operator proces-

sing of sub-image in Figure 4.9

The longest line with the highest intensity within the Prewitt edge detected image is the
edge of the ship. A number of methods were used to find the line that identified the

edge of the ship. Among the methods tried was a modified Hough transform.

4.7 Methodsto locate theline defining the Edge of the
ship

4.7.1 Hough Transform

The Hough transform is a well recognised technique for finding line segments in an

image. This method was considered as a first step in detecting the line defining the
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edge of the ship because of its robustness to noise, capability of handling missing data

items and parallel processing of all points.

The Hough transform can use a parametric or a polar description of a straight line [62,
73, 74]. Since in the parametric representation of the line i.e. y [Cax1[ b the parameter
a tends to infinity for a vertical straight line, the polar representation is used to describe

the line. In the polar representation, a straight line at a distance r and angle [chn be

defined by xcos [CI_ysin [T r._The Hough transform of this line is a point in the (r, D1

parameter plane. This is illustrated in Figure 4.11.

4 h

@— °
r
L] T | T
y r r
Straight Line Hough Transform

Figure 4.11 Hough Transform of a straight line

If D%:I':Ijjgjind D[N_%llji@ m@?&%ﬂhen every line in the (X,y)

picture plane corresponds to a unique point in the (r, D_parameter plane. Consider a

point (x,y) in the picture plane. Then x cos [ Iy dn [ L r;Jields a sinusoidal curve

in the parameter plane. Therefore M collinear points in the picture plane yield M

sinusoidal curves x cos LIy dn LI r;that intersect at (r;, I;Xlin the parameter space.
Therefore, the problem of finding the longest line in the picture plane is reduced to
finding a point in the parameter plane that has the maximum number of curves passing

through it.
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For some chosen quantised values of parameters [ahd r each (x;, yj) in the image space

must be mapped into the quantised (r, ) 3pace which is represented by a matrix. Count

C(r, Dn the (r, Ddmatrix is incremented

C(re, G LCAn, LI LT
if xicosLLydnlL 1 1 for LT L1

The maximum of C gives the longest straight line. If C(r, Dds incremented by the

intensity value of the pixel (xi,yj), then maximum of C will give the brightest and

longest line [75].

The Hough transform was found to be too dependent on the quantisation of the
parameters r and [_Trhis was a problem because of the small size of the sub—image. To
reduce this problem of quantisation caused by systematic rounding up of the
parameters, a probability was associated with each parameter fractional part and this
determined whether the number was rounded down or up. This approach can be
illustrated with an example: if r [—24 it has a 60% chance of being placed in bin 2 and a
40% chance of being placed in bin 3. A random number x between 0 and 1 correct to 1
decimal place was generated. If 0.4 [xX T 1 1hen it is placed in bin 2 and if

0.1 XTI 0Athen it is placed in bin 3.

This method reduced the problems caused by the quantisation of the parameters but it
did not eliminate them. This meant that not all the lines in the image were detected
correctly and some were totally missed out. Lam [74] showed that for any input image
containing line segments of different length, it was not possible to quantise (r, D:$pace
optimally so that all the lines in the input image have neither peak spreading nor peak
extension. Peak spreading is defined as the splitting of peak votes, which should be in
one cell to neighbouring cells in the r—direction due to under-sampling of [{ or

over—quantisation of r). Peak extension is defined as the replication of peak votes,
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which should be in one cell to neighbouring cells in [=dlirection due to over-sampling

of [{Ior under—quantisation of r).

Other ideas [75] such as using higher resolution parameter space around the area of
interest were also tried but these methods were found not to be robust enough for this
problem. The noise in the image and the quantisation of the image itself also caused a
problem because of the small size of the sub-image. As a consequence the Hough

transform was discarded since it was not robust enough for this problem.

4.7.2 Modelling of Data

The small size of the sub—-image meant that the Hough Transform could not be used to
find the line defining the edge of the ship. It was then proposed to model data within
the sub-image to find best fit to a line. This line would then define the edge of the ship.
The amount of data in the sub-image was reduced to retain the brightest pixels above a
predetermined threshold. Since the data is not exact and will never fit the model

correctly, even when the model is correct, a fitting procedure should provide [76]:
1. parameters

2. error estimates on parameters

3. statistical measure of goodness of fit

4.7.2.1 Least Squares as a Maximum Likelihood Estimator
Fitting N data points (x;,y;) i CL1..,N to a model which has M adjustable

parameters g, j L 1..,M. The model predicts a functional relationship between the

measured independent and dependent variables,

y(x) Lylk;a; .. ay) (4.6)

For a least squares fit we need to
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minimise overa, ...ay, : Ii@!{(xi ;ay ...y’
i LI 4.7)

How do we pick the best parameters a, . . .ay,? The question can be turned around to
ask “Given a particular set of parameters, what is the probability that this data set could
have occurred?”. In other words, identify the probability of the data given the
parameters, as the “likelihood” of the parameters given the data. The likelihood as
defined above needs to be maximised. This form of parameter estimation is maximum

likelihood estimation.

Suppose each data point y; has a measurement error that is independently random and
distributed as a Gaussian distribution around the true y(x). Assume that the standard
deviations [df these normal distributions are the same for all points. Then the

probability of the data set is the product of probabilities of each point,

] [ ]
P hled[-2 y‘) E.Fﬁlj |
irth | L] (4.8)

Therefore Least Squares Fitting is a maximum likelihood estimation of the fitted
parameters if the measurement errors are independent and normally distributed with

constant standard deviation.

Normal Distribution Assumption — The Gaussian predicts that “tail”” events are much
less likely to occur than they actually do. This causes such events when they occur to
skew a least squares fit much more that they ought to do. Points that get measured or
written down incorrectly are called outliers and can easily turn a least squares fit on
otherwise adequate data into nonsense. Their probability of occurrence in the assumed
Gaussian model is so small that the maximum likelihood estimator is willing to distort

the whole curve to bring them into the line. This is illustrated in Figure 4.12.

Robust statistics deals with cases where the Gaussian model is a bad approximation or

for cases where outliers are important. For this work it is important to fit the line to the

70



_Least squares fit

Robust straight line fit

>

Figure 4.12 Data Points where Robust Statistics are desirable. The
Least—sqguares fit is overly sensitive to outliers.
( From Press et. al. [76] )

direction of the maximum number of edge points while ignoring the outliers therefore a

robust line fit is better than a least-squares fit.

4.7.2.2 Robust Estimation

Robust in terms of the Statistical Estimator means “insensitive to small departures from
the idealised assumptions for which the estimator is optimised.” Here the “small” is
taken to mean fractionally large departures for a small number of points and not

fractionally small departures for all data points as illustrated in Figure 4.12.

When this method was used to detect the line (edge of the ship) in the sub-image, it
worked correctly and produced extremely good results of line fitting to Figure 4.10.
This worked extremely well since only one line was identified as the edge of the ship.
When this method was used on a different image where 3 different segments of the
edge of the ship oriented at different angles could be seen in the sub-image, the
estimator produced only one line. The estimator fitted all the data to one line and not to
3 separate lines. Since the data from the three segments could not be separated without
human interaction this method of locating edges and using a dynamic edge following

technique of extracting the silhouette was discarded.

Davies [75] has suggested estimating the gradient of the line from the measurement of

the local gray level gradient components g, and g, obtained from the Prewitt edge
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image. This method proposed by Davis in which he suggests that the method is best
applied to small sub-images, was not attempted because of the reason mentioned

above i.e. data for the different line segments in the sub-image cannot be separated.

Since this edge following method failed, a region based method was proposed. The
proposed method was based on thresholding the final retained block to only retain the
ship pixels. Other blocks that contained the ship would be thresholded and added in a
“block growing” process. This would eventually result in the silhouette of the ship.

This method is explored next.

4.8 Block Thresholding and Growing

Thresholding of the block to retain only the ship pixels may be tackled in a number of
ways [10, 77, 78]. Most of the methods threshold the image by examining the
histogram. For the images in this work, the light ship is on a dark background and thus,
the histogram contains 2 peaks. The threshold can then be set in the valley between the
two peaks. Sometimes the peaks are not well separated i.e. the valley is not well
defined. Several methods have been proposed for transforming the histogram so that
the valley between the peaks is deepened. These methods generally make use of edge
gradient values in conjunction with gray levels. They argue that pixels which do not
have a high gradient belong either to the background or the object and therefore
histograms comprising only of pixels with low gradients should have deeper valleys

thus making it easier to locate the valley and set a threshold.

For this work, the location of the valley between the peaks was not difficult. The
problem occurred with overlapping distributions which meant that if the threshold is
set at the valley of the two peaks, then many background pixels were still retained. This
made it difficult to identify the pixels that belong to the ship and those that belong to the

background hence the threshold value needed to be set at a higher gray value for this
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application. The location of the valley and the ultimate threshold value that was used is

discussed in the next sections.

4.8.1 Thresholding Block

Assume that the retained block contains only two brightness regions — dark for the
background pixels and light for the ship region. The normalised histogram estimates
the probability density function p;(x) and p,(x). The overall density function is the sum
or mixture of the two unimodal densities. The mixture parameters are proportional to

areas of the image of each brightness. The mixture probability density function,

P(X) LB b;(X) CE5by(X) (4.9)
Assuming a bimodal Gaussian distribution as shown in Figure 4.13 within the final
P() A Region 1 — Background Pixels
Mean —
Variance — 21

Region 2 — Ship Pixels

X Mean- [
' Variance — 2]
] E
' o1
0 >
G L gray value — x

Figure 4.13 Bimodal distribution within the block
in Figure 4.9

retained block of Figure 4.9 the mixture probability density function is then given by,

; g coy[] P, g CLy
p(x) %1 eXP |= Li=k"—exp ==
! 2001 T2ty 203 (4.10)
[, &nd [, &re the mean values of two regions

[, &nd L, are the standard deviations about the means
P, and P, are the apriori probabilities withP;, [PJ [ 11
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Once the distribution described by Equation (4.10) had been assumed within the block,
a number of different threshold values were calculated using different criteria and then
evaluated before making the final decision on the best threshold value. The threshold T
can be defined such that all the pixels with gray level less than T are background pixels
and the pixels with gray level above T are ship pixels since 1L T,1 The parameters
L1050 10 heed to be calculated to define the two curves before the threshold can be
determined. The method used to estimate these parameters is described below and

then the methods that were used to calculate the threshold T are discussed.

48.1.1 Estimation of Parameters

The initial curve parameters were estimated using a nearest neighbour rule. Let L be
the number of distinct intensity levels. Let [, be the mean of the background (region 1)
and initially set this at 20% of L and let [, be the mean of the ship (region 2) and set this
at 80% of L. All the pixels in the block were then classified as region 1 or 2 using the

nearest neighbour rule. The nearest neighbour rule is defined as,

region 1if, gray value of x — [ 1[gray value of x-[;]
region 2 otherwise

Assign x to

The means for the two regions were then re-estimated, as were the variance and the

apriori probabilities.

Iﬂtensities of pixels assigned to region m
(P —

total number of pixels in region m (4.11)
number of pixels assigned to region m

P
m Lgr_p‘xels in both regions (4.12)

m can be 1 or 2 with reference to region 1 or 2

The variance [ilwas calculated using Equation (2.9) with n=2,

The parameters were then refined using Bayes Decision rule [79],
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region 1 if, p(x] regionl) P, [p(k] region2)P,
region 2 otherwise

decide

where P, and P, are the apriori probabilities of regions 1 and 2

p(x]region m) ﬁexp D%D

The rule was used to reclassify all the pixels into the two regions. The parameters
LLIGIGIGBNd the apriori probabilities Py, P, were recalculated. This process was
iterated to reclassify all the pixels and refine the parameters. By experimentation it was
found that Bayes rule need only be iterated 4 times to get an estimate of the parameters.
A precise value of the parameters was not needed since the parameters were to be used
to threshold the block to retain some ship pixels. These seed defined by these ship

pixels would then be grown for extraction of the final ship silhouette.

4.8.1.2 Optimal Thresholding

If all the parameters in Equation (4.10) are known, then the optimal threshold as

marked in Figure 4.14 can be easily determined [5 pp 360]. The overall probability of

p(x) A Region 1 — Background Pixels
Mean— [
Variance — 1]

: Region 2 — Ship Pixels
X Mean— [

: Variance —[2]
G : !
' ) ' L]
- ! ; : —
1 optimal T oo gray value — x
threshold
(M X
T CLOC2a0]

Figure 4.14 Threshold settings shown in relation to the curves

error of erroneously classifying a point in the wrong region is given by,
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E(T) CEE(T) [ELEL(T) (4.13)

To minimise this error, we need to differentiate E(T) with respect to T (using Liebnitz’s

rule) and equate the result to 0. The result is,

P1p1(T) [P5p,(T) (4.14)

Therefore we need to solve

Py (I CLP P, a
exp l==+——=—— exp =4
YR b e [PTEE e [ YA 5l e TR

After taking logarithms and simplifying,

B e @16)

A LI
where B AL LI
C LTSS BTN 2 TS In( LR, [TR,)

To reduce the problems caused by storage when implementing this equation both B and

2

(4.15)

C have been divided by A. Solution of the quadratic Equation (4.16) gives,

T,ﬁ_%m

(4.17)
Possibility of the two solutions of T was overcome by taking the larger of the T values as

being the threshold. This ensured that less of the background pixels were retained.

On implementation of this threshold value it was found that background pixels were
still being retained because of the degree of overlap in the two distributions. Thus the

threshold needed to be set at a higher value.

4.8.1.3 Other Thresholding Methods
Since the threshold value needed to be higher it was arbitrarily setat T [T, 230, &s

shown in Figure 4.14. This threshold value ensured that 99.38% of the background
pixels were discarded [69, tables on pp 639]. This value worked well for some of the

images where the two distributions were separate or had minimum overlap. If the

76



distributions had a large degree of overlap then unwanted pixels were still retained.
The majority of the images had a significant overlap in the distributions thus the

threshold value needed to be higher than this.

To ensure retention of ship pixels only, the threshold was setat T [0 This threshold
value when used for blocks/images with non—-overlapping distributions only retained
pixels that belonged to the ship. When this threshold value was used for
blocks/images with overlapping distributions, pixels belonging to the ship only were
retained once again. This can be explained by the ship being represented by the
brightest pixels in the image. The land/horizon pixels are bright, but not as bright as
the ship. Therefore even if the background consists of water and land (i.e. the block has
3 Gaussian distributions belonging to water, land and ship, when the water and land

are lumped into one distribution as shown in Figure 4.15 and ship into the second) then

p(x) A 7T Region 1 — Background Pixels
‘\ Mean — L1_—|
' Variance— [2]
', (water + land)

Region 2 — Ship Pixels
Mean - L1
Variance — [Z]

: >
= T 1 gray value — x

Figure 4.15 Three distributions in the background being modelled
as two distribution and threshold at T L0
with the threshold at T [_L,bnly the ship pixels are retained. This meant that the
original assumption of the block containing two distributions — one for the darker
background pixels and the other for the lighter ship pixels still produces the correct
results even if the block contains more than two distributions. The results of

thresholding the final retained block of Figure 4.9 is shown in Figure 4.16.
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Figure 4.16 The Final retained block Figure 4.17 Adding on Blocks to the

thresholded at [T first block in Figure 4.16
Figure 4.18 Adding Block to Figure 4.19 Adding block to
Figure 4.17 Figure 4.18—“Seed” of the ship in Figure 1.2

4.8.2 Growing Blocks

When the block with the highest skewness value that had been selected as definitely
having the ship has been thresholded, the next step is to add on other blocks that
contain the ship. Since the ship has to be in the same region as the first retained block,
the property of connectedness is used as a first step in determining the other blocks that
contain the ship. The blocks in the immediate four neighbourhoods of the first retained

block were examined. If a side of the thresholded block had 3 contiguous pixels above

78



the threshold the block adjacent to this side was appended. This block was then
thresholded using the same threshold value as for the first block to extract the ship
pixels and the process of examining the neighbours was repeated. This step was
repeated until no new blocks were found. The percentage of pixels belonging to the
ship that were retained in relation to that of the total ship pixels is small. This results in
an eroded ship image that can be used as a “seed” for further growth at the pixel level to
get the final silhouette of the ship. The result of thresholding the retained block and

growing blocks to obtain the seed of the ship is shown in Figure 4.16 to Figure 4.19.

When appending blocks, a run of 3 pixels above the threshold is required before the
block is appended, where the 3 pixel run length was found empirically. A greater run
length meant that some of the blocks that needed to be retained were missed out and a

smaller run length did not improve the results.

Some parts of the ship are hotter than others and when an infrared scanner which
converts the thermal intensity to pixel gray level in the image is used, these “hotspots”
are described by higher gray values than other parts of the ship. For images where the
ship has range [1, #he difference in heat radiated from different parts of the ship does
not translate to a large difference in gray values describing the ship due to atmospheric
absorption and radiation in the air path. For images where the ship has range [1the
gray value difference between different parts of the ship becomes more obvious. The
hotspots are described by the higher gray values therefore they tend to skew the curve
more than other ship pixels. Since the block containing hotspots is characterised by the
highest skewness value this block is identified as definitely containing the ship. The
threshold value which is used to extract the ship pixels from the background is high
when calculated within this region and is higher than is required by the rest of the
blocks containing the rest of the ship. Therefore the block growing procedure does not

extract as much of the ship region as with the images where range [ 1 ITo improve the
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performance of the block growing procedure for hotspot images, the threshold value
was recalculated using the procedure described above, for the block with the second
highest skewness value. This new threshold value was then used for the rest of the
block growing procedure. This modification to the block growing procedure by
choosing a new threshold for growing blocks for images where range [ Tiinproved the

results of the extracted seed considerably.

It has been pointed out by Haralick and Shapiro [10] that the split and merge technique
of extracting homogenous regions tends to produce “squarish” boundaries. The
method described above of extracting one block containing the ship and then growing
other blocks also containing the ship may be compared with the split and merge
method. It can then be argued that the method described above will produce squarish
boundaries and not the true boundary of the ship. This argument can be discarded
since for the method described above the blocks added are thresholded to only retain
the ship pixels and thus provide a seed. This seed will be processed further for
extraction of the final silhouette of the ship and therefore giving the true boundary of

the ship.

4.9 Region Growing

The location of the ship within the image and some of the pixels belonging to the ship
have been correctly identified. The next step would be to grow the seed, so that other
pixels belonging to the ship could be identified to complete the silhouette of the ship.
There are a number of region growing methods that have been discussed in the

literature [10].

Some region growing techniques examine neighbouring pixels where pixels with
similar properties are put in the same region. This is a simple technique and is of

limited use where the data is noisy or complex. The boundaries of the regions can also
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be difficult to find leading to unnecessary growing. Other techniques examine the
properties of neighbourhood of the pixel under consideration. This reduces the
problems experienced by the examination of the single pixel to a certain extent but these
methods may not produce smooth boundaries. Some methods assume that regions are
normally distributed and then use the maximum likelihood test to determine the edges
[10]. Other approaches combine region and edge information to detect region
boundaries [80, 81]. Some of the methods attempted for growing the seed to extract the

silhouette of the ship are discussed below.

49.1 Frie and Chen Operators

The seed was grown in the horizontal direction until the vertical edge was encountered
or in the vertical direction until the horizontal edge was encountered. The edges were

located using the Frie and Chen operators [5, 61].

1 1 [] [I]0 -1[ ]

[0] O O[] [2] o -2 ]

-1 0 -1[_1

horizontal edge mask vertical edge mask
Frie and Chen Masks (4.18)

Frie and Chen operators were used because these operators did not smooth the image.
The seed of the ship is considered to be made of vertical or horizontal slices. For
example, for each vertical slice the middle point within the slice of the ship is located
and the horizontal Frie and Chen mask is used to locate the top horizontal edge. This is
done by finding the gradient value (outputl) at the middle pixel and the using the same
mask to find the gradient value (output2) of the next adjacent pixel. If
output 1 [oulput 2 then opl is set equal to op2 and op2 is recalculated for the next
adjacent pixel. When output 1 [autput 2 then the edge had been located. The slice is

then filled from the middle point to the top horizontal edge. The process is then
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repeated in the opposite direction. The slices are then traversed in the horizontal

direction with the left and right vertical edge being located.

The middle of the vertical slice needs to be found and then filled to the horizontal edge
because if the top or the bottom of the slice is used as a starting point the gradient is
already on a downward trend and hence a lot of unwanted growth occurs using the
method stated above. This is also the case for the horizontal slices. When the middle of
the slice is used to get the edges of the slice the edge found is not a true edge of the ship
but the edge where the intensity of the gray levels starts to drop hence not enough
growth occurs as illustrated in Figure 4.20. Due to these problems this method was

discarded for region growing.

Figure 4.20 Application of the
Frie-Chen operators to the image in
Figure 4.19.

4.9.2 Region growing using mean squared deviation

This approach is based on the work done by El-Sakka and Kamel [82]. They use this
method for digital image compression but in this work it was used for region growing.

For region growing every pixel around the boundary of the seed was examined and the
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mean squared deviation was calculated for these pixels. The deviation for every pixel

P(i,j) under consideration is defined as

d [P, j)-N(.j) (1.1)

where d is the deviation and N(i)) is,

qu L1y CPOHLj) CPAj COICPA j-1)
4

N(i, j)
The deviation d is allowed to have a preset tolerance value. If d is less than the tolerance

then P(i,)) is labelled a ship pixel. The results of the application of this routine to the

image resulting from the Frie-Chen operators is shown in Figure 4.21.

Figure 4.21 Application of the mean
squared deviation growing to the
image in Figure 4.20 with d 40l

The results obtained from the use of this routine were not promising since the boundary
of the ship was not well defined. The size of the neighbourhood and the deviation

tolerance level were varied without improvement in results.

4.9.3 ldentification of Region of Interest

If a ROI that contains the complete ship could be identified from the seed, then an

appropriate threshold could be used within the ROI to extract other pixels belonging to
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the ship. The ROI can be identified by dilating the seed of the ship using the operation

in Equation (3.6). The structure element used for the dilation is shown in Figure 4.22.

..................... origi n indicated

..................... by anon filled pixel o
- 10— =— |0—>
pixels pixels

Figure 4.22 Structure Element for Dilation to create
Region of Interest
The shape of the structuring element takes into account the viewing angle being
alongside the ship, which is one of the restrictions of the ship images being considered
for this work. This viewing angle would indicate that the bow and the stern of the ship
are the more likely parts of the ship that could be missing hence the structure element is
longer than it is wide. The shape of the structuring element was chosen on apriori
knowledge of the object being extracted to reduce computation, it could be changed to
any other shape that would create an appropriate ROI. The result of dilating the seed

image is shown in Figure 4.23.

Figure 4.23 Region of Interest created
for the seed of the ship in Figure 4.19

The resulting ROI created is used as a mask to generate a histogram of pixels from the

original ship. On examination of the histogram it was difficult to pick out the threshold



value. Therefore the ROl was further dilated to identify the background region
surrounding the ROI. Comparison of gray values of the ship seed to the background
region could then be used to set an appropriate threshold for extraction of the rest of the
ship pixels. The structuring element used for dilation is shown in Figure 4.24. When
the ROI has been dilated, the background region is obtained by retaining the pixels that
belong to the background region and not to the ROI. The resulting image is shown in

Figure 4.25.
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Figure 4.24 Structure Element for Background Dilation

Figure 4.25 Background surrounding
the Region of Interest of the ship in
Figure 4.23

The background surrounding the ROl may contain water, land, horizon or some ship
pixels if the ROI is not wide enough to encompass all of the ship. To determine the
textures that are contained within the background the resulting background image is

used as a mask to generate a histogram of pixels from the original ship image as shown
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in Figure 4.26. The histogram is then examined to determine the number of
distributions hence the number of textures contained within the immediate ship
background. This information can then be used to set an appropriate threshold to

extract the rest of the ship pixels.

The histogram is passed through a low pass filter to smooth the distributions contained
within it therefore making it easier to identify the distributions. A single pole filter was
chosen since its magnitude response was the closest in model to the distributions in the

histogram [83]. The magnitude of the single pole filter is

H(z) C=F2-

1-az1
where z is the delay in the system and a is the multiplying factor such that the gain
G LI I a Trhis filter was used with the value of z=1 and a=0.90 which were found
empirically. The effect of the low pass filter of the histogram in Figure 4.26 is illustrated

in Figure 4.27.

i A

pixel pixel
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Figure 4.26 Histogram of pixels in Figure 4.27 Low pass filtered image of
Figure 1.2 using Figure 4.25 as the histogram in Figure 4.26 using
mask a=0.9 and z=1

Use of a low pass filter on the histogram smoothed the distributions so that the

histogram could then be processed to determine the number of distributions.
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Maximum likelihood estimation [10, 69, 84] was considered for this problem of
determining the number of distributions in the histogram but it was found to be
computationally too expensive. Therefore this idea of thresholding within the ROI to

extract the ship pixels was discarded.

4.9.4 Region growing usng RANK—-order clustering

All the methods mentioned above concentrated on the individual pixel intensities,
attempting to decide if a pixel belonged to the ship or not by examining the local pixel
intensity or the edge strength in a local region. These methods did not work well,
therefore properties of regions around the ship were used for extraction of the ship
pixels. This method represents the local information in 4 directions around a pixel and
its neighbourhood, in a vector known as a directional RANK-strength vector [85]. The
textural information of the region is extracted in term of occurrence of n cojoint pixels in
a given direction. The features are extracted for small areas of the image. It is assumed
that each homogeneous region will form a distinct cluster in the space of these features.
Texture segmentation or region growing for the ship can be achieved by mapping test

features to these clusters.

Four orientation masks at 0, 45, 90 and 135 degrees are used to map n—points from the
texture image to a n—tuple. For this study 4 immediate neighbours around the centre
pixel were used for the mapping thus producing a 4-tuple RANK vector for each of the
orientations described above and labelled V, D2, H, D1 respectively. The mapping

process can be best illustrated by an example.

Consider the neighbourhood of the pixel P as shown in Figure 4.28. From this
neighbourhood consider the 4-tuple 0, 145, 89, 45 from the Horizontal Mask. These
intensity values are labelled A, B, C, D respectively. The values are then sorted in

descending order i.e. B, C, D, A. This order represents the RANK of the tuple from the
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Figure 4.28 Neighbourhood gray values of pixel P.

RANK order table (Table 4.1) in this case the RANK order is 14. In the horizontal RANK
vector labelled H, the 14th rank order is incremented by one. Similarly the tuples from
the other directions are sorted, a RANK order is determined from the Table 4.1 and the
corresponding RANK order from the appropriate vector is incremented by one. In
addition the variance is calculated for all the orientations i.e. H, V, D1, D2 using
Equation (4.19). For the example above the variance calculated for the H vector is
2877.69. The vector with the least variance and the corresponding RANK order is
incremented again by one. The variance is used to measure the dispersion of the
elements for each RANK.

Xis a random variable
- 2
Variance X CEGRHEXT where E(X) is the Expected value of X (4.19)

Table 4.1 RANK order table for RANK vectors H, V, D1, D2

Tuple Order RANK Order Tuple Order RANK Order
ABCD 1 BCAD 13
ABDC 2 BCDA 14
ADBC 3 BDCA 15
ADCB 4 BDAC 16
ACDB 5 BADC 17
ACBD 6 BACD 18
CABD 7 DACB 19
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CADB 8 DABC 20
CDAB 9 DBAC 21
CDBA 10 DBCA 22
CBDA 11 DCBA 23
CBAD 12 DCAB 24

For the ship seed growing problem there were 2 regions to be considered, the ship
region and the background region. The 4 RANK vectors (H, V, D1, D2) for both the
regions could be calculated prior to use therefore the time required in the formation of
these statistics is not critical. The vectors could then be stored for retrieval during the
region growing process. The segmentation process in [85] minimised the Euclidean
distance between the vectors calculated for the test region and the vectors for the

sampled regions (i.e. the ship and background regions for this case).

The above mentioned vectors were calculated and stored for the ship images where the
textures from the two regions were extracted manually and used as input for the
calculation. On examination of the vectors from the two regions it was found that the
ship region had approximately equal and non zero values for each of the RANK orders
in each of the vectors. The background region on the other hand tended to display a
significantly higher value for one of the RANK orders in all of the vectors. This meant
that if the test region being examined had a significantly higher value for one of the
RANK orders in all the vectors the region could be identified as background region and
all the pixels within this region could be labelled as belonging to the background.
Therefore an online comparison of the test vectors to the pre—calculated vectors can be
avoided. A smoother boundary of the region being grown can be produced if the test

region is scanned across the image in steps smaller than the width of the test region.

During the ship region growing process the growth occurred from the middle of the

identified seed in 4 directions, i.e. left, right, top and bottom. This could be refined to
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grow in the diagonal directions as well to improve the final results. A test region of size
8 [8pixels was identified in the seed and the RANK vectors were formed for this
region. These vectors were then tested for a significantly higher value for one of the
Rank order values. If this test was true the test region was moved by the step size and
the process described above was repeated. The process was stopped when the test was

false. The step size was set at 2 pixels.

On implementation of the above algorithm it was found that the test region size 8 81
pixels was too large. This size was then reduced to 5 [ 5 dixels and the process was
repeated. The results of growing along one row from the middle of the ship seed using

a5 [5pixel window and step size of 2 is shown in Figure 4.29.

Figure 4.29 Region Growing using
RANK order clustering along one row
using 5 [5 plxel window

This method of region growing is promising since it produces good results for larger
Brodatz based textures. However this method cannot be used for this application
because of a number of problems. The major problem experienced was the size of the
test region. It was found to be too big for the images being used in this study where

some very small ships need to extracted. The minimum size of the test region using this
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method is 5 5 fixels. Therefore the size of the test region cannot be reduced. The

stopping criterion for the growing process was also found to be difficult to determine.

4.9.5 Region Growing based on Edge Detection

The infrared images being used in this study can be acquired by 3 different imagers.
These imagers perform differently for the same scene. The better quality images have a
high contrast image where the ship is easily distinguishable from the background to a
human observer. In other images the contrast is poor. A human observer can only
discriminate the hotter sections of the ship in relation to the background. The rest of the
ship is indistinguishable from the background. When the Prewitt operator followed by
Gaussian smoothing is used on these images, the edges of the ship are clearer in relation
to the background. Due to these reasons, the use of edge information as a stopping

criterion for region growing is effective.

Some region growing methods rely on an edge operator to segment the image and
provide a stopping criterion for the region growing scheme. An edge operator is
applied to the whole image, labelling each pixel as an edge or non-edge. Neighbouring
non edge pixels are joined and connected components of non—-edge pixels then define a

region which is completely surrounded by edge pixels.

The performance of this method relies heavily on the quality of the edge operators
being used as most of the edge operators leave gaps in the boundary contours of the
regions. The performance of the method also relies on the pre—processing methods
being used on the images to reduce the effects of noise and other irregularities in the
image. If the noise in the image is not removed then the edge segmentation methods
will not lead to accurate boundary detection. Choice of the smoothing or

pre—processing methods is also important since in addition to removing noise from the
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image they may blur the edges or shift them. The pre—processing of the ship images

being used in this study is discussed in Section 4.9.7.

For this study the region growing was done by identifying the edges in the image using
the Prewitt operator and then using an adaptive Gaussian filter smoothing technique to
improve the results obtained from the use of the Prewitt operator. The adaptive

Gaussian smoothing filter is discussed in Section 4.9.6.

To reduce the number of edges in the image the edge image obtained after the Gaussian
smoothing process is thresholded. The threshold level is arbitrarily set such that 2% of
the pixels with the highest edge gradients are retained. This is done by forming a
histogram of the edge pixels and then setting the threshold to retain the top 2% of the
pixels. The results of retaining the top 2% of the pixels is shown in Figure 4.31 Since the
ship is characterised by a sharp edge the ship boundary will display the highest edge
gradients. The edges that belong to the ship can then be localised using the seed found
by using the region segmentation routine described above. These edges, whilst not

connected for some images, were found to closely follow the actual ship structure.

The edges of the ship, once localised, can then be closed to form a closed contour
describing the boundary of the ship. A possible method to form the closed contour is
discussed in Chapter 6. The seed of the ship may then be grown to the boundary

resulting in the silhouette of the ship.

The computation time of this algorithm can be reduced by using the extracted seed of
ship and the range of the ship to reduce the size of the image that needs further
processing. The size of the image that needed to be retained only needs to be a generous
approximation. The reduction in image size would reduce the computation time of this

algorithm.
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4.9.6 Adaptive Gaussian Filter Smoothing

The adaptive smoothing technique [86, 87] is based on a Gaussian filter. The spatially
varying Gaussian filter can be expressed as

IG,j) TG, ) @h LR CI I &b M

F.D) (4.20)

where f(i,j) is the input edge intensity image generated using any edge detector

operator. I(i,]) is the output, CHY{!j) is the normalising parameter and [2{,j) is the
variance of the Gaussian filter. The variance of the Gaussian filter is the only parameter
that controls the smoothing effect of the filter. A large variance causes more smoothing.

The variance at a particular location can be expressed as,

) cexpl P00 [ ]
P (4.21)

where P is the parameter that controls the preservation or smoothing of edges and
G(i,]) is the gradient of the image. The Gaussian function allows the row and column

variance to be distinct i.e.
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Therefore the adaptive Gaussian filter can be described as
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During the implementation of this filter the parameter P is chosen as 2552 which limits
the variance between exp(-1) and exp(0). The filter is then applied for all rows to

generate liemp(i,j). The filter is then applied in the column direction to give the final
output I(i,j). The normalising parameters are @ﬂaﬂfor calculation of I(i,j) and

mlﬂaﬁlfor calculation of ligmp(i,j). The sum over k is taken from k [=2I;1o0
k [2ITand the sum over lis taken from | [=2I.1o | [2TE1This range of the sum is

taken so that 97.7% of the Gaussian distribution is included [69, tables on pp 639].

The adaptive Gaussian smoothing filter was found to improve the performance of the

Prewitt edge operator. This can be illustrated by the Figures 4.30 and 4.31. Figure 4.30

Figure 4.30 Prewitt Edge image of Figure 4.31 Adaptive Gaussian
the image shown in Figure 1.2 and Smoothing applied to the Prewitt Edge
threshold gray value = 46. image and threshold gray value = 46.

was created by the application of the Prewitt operator on the original image shown in
Figure 1.2 and then thresholded at gray value 46. Figure 4.31 was created by using
adaptive Gaussian smoothing filter on the Prewitt edge image. This image was then
thresholded at gray value 46 before displaying. It can be seen from the two figures that
the adaptive Gaussian smoothing filter has removed a lot of the noise in the image and

improved the result of the Prewitt edge image.
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4.9.7 Image Pre—processing

Image pre—processing aims to “improve” the image by removing noise, distortions and
enhancing image features before further processing of the image. The images being
used in this study are very noisy and they also display a horizontal banding structure
within them. This structure can be attributed to the image acquisition process. During
the image formation process the infrared scanners scan the scene in the horizontal and
vertical directions using thermal detectors. This scanning process results in a line
structure through the image. Fourier transforms of the images show the line structure

that exists in the original image.

In the edge detection algorithm described in Chapter 3, the effect of noise in the image is
largely removed using the median filter. This filter reduces the noise in the image but at
the same time it shifts the edges in the images as was discussed in Section 3.5. The
resulting silhouette of the ship will have reduced noise but can have slightly shifted

boundaries.

For the algorithm developed during this study the ship is first localised within the
image by segmenting the image into blocks and then using skewness as a discriminant
for identification of the block containing the ship. The Prewitt operator is used to
extract the edges from the image. The Gaussian based filter as described in Section 4.9.6
is then used on this Prewitt edge image to reduce noise and enhance the edges in the
image. This in addition to other processing steps as summarised in Section 4.10 are

used for extraction of the ship silhouette.

The application of the Prewitt operator magnified the noise in the original image. The
adaptive Gaussian filter smoothing technique applied to the edge image was found to

reduce the noise and the line banding effect.
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4.10 The Complete Algorithm

The algorithm is summarised below.

1. The ship is localised within the image by segmenting the image into blocks and,

using skewness as a discriminant, the block containing the ship is identified.
2. The block is thresholded to retain the ship pixels.
3. A block growing process is used to extract a seed of the ship.

4. The Prewitt operator is used to extract the edges from the original ship image.
The Gaussian based filter is then used on the Prewitt image to reduce the noise
and irregularities in the image. The resulting image is thresholded to retain 20%
of the brightest edges. This operator also enhances the edges in the image and

describes the superstructure of the ship well.

5. The Gaussian smoothed image is used in the process, based on Bézier splines, to
complete the edge contour describing the boundary of the ship. This process is

described in Chapter 6 and is yet to be implemented.

6. Under this implementation the seed of the ship will be grown to the boundary of

the ship to extract the silhouette of the ship.

7. Multiple ships may be extracted by masking out the first ship and repeating the

above process for the rest of the image.

4.11 Results

The algorithm was developed using 6 images. The images had been taken by 3 different
sensors. One of the images was of an extremely large ship and one was of an extremely
small ship. One of the images also contained some land in the background. The other
three images were chosen arbitrarily. The method was validated over 20 further

images. The test images are the same as were used to test the edge detection algorithm
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described in Chapter 3. These images cover ships of different sizes, radiance and

background and were taken by 3 different sensors.

It was found that the ship region was always located accurately using the quadrant
subdivision process as described above for each test image. The adaptive Gaussian
smoothing technique reduced the effect of noise and line structure in the image. It also
improved the edge describing the boundary of the ship obtained by the use of the

Prewitt edge operator.

The algorithm took 2.7 seconds user time for localisation of the ship and the extraction
of its seed. The Gaussian filter and thresholding took 9 seconds user time. This time can
be divided into 5.4 seconds for use of the Prewitt operator to extract the edges and for
the formation of the row and column gradients G, and G (Equation (4.22)). 3.6 seconds
were used for the formation of the final image. This time as reported is the worst case
execution time on a SPARC 67 MHz system. It is based on no code optimisation and the
Gaussian filtering was performed on the whole image. The time used in Gaussian
filtering can be reduced by using parallel processing to calculate G, and G since these
are independent. The time can also be reduced by first estimating the size of the ship
from its seed and range. The size of the ship can then be used to determine the size of
the region over which the processing needs to be done. Parallel processing techniques
can also be carried further such that block subdivision, skewness calculation and
identification of the block containing the ship can be done in parallel to use of Prewitt

operator and calculation of G, and G since both of these processes are independent.

4.12 Discussion

This chapter presented the processes undertaken in the development of the algorithm

for ship extraction based on a combination of texture segmentation and edge extraction
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techniques. The main focus of the algorithm was quick and accurate location of the

object of interest within the image followed by the extraction of the object.

The ship is localised within the image very quickly and without errors by using the
above described algorithm. The size or the location of the ship within the image does
not affect the performance of the algorithm. Ships that are located on the horizon are
localised correctly and without degradation in the performance of the algorithm.
(When a ship is at the horizon, the bottom edge of the ship being brighter than the water
shows the highest skewness, thus identifying the ship within the image.) An offset
subdivision of the image may be used and the block with the greatest skewness chosen
to ensure the ship is not missed. This offsetting process was found unnecessary for this

image test set since a small ship on 4 block boundaries was located accurately.

The results of localising the ship in the image in Figure 3.13 is shown in Figure 4.33. As

Figure 4.32 Same image as in Figure 4.33 The block identified as
Figure 3.13 shown here for containing the ship in the image in
comparison Figure 3.13

illustrated by the image the ship is correctly identified by using the quadrant

subdivision process.

The use of the Prewitt operator to detect the edges in the image also enhanced the noise
in the image. The Gaussian smoothing technique removed noise and other

98



irregularities from the edge image. This technique also enhanced the edges of the ship.
The technique also removed the wake of the ship thus resulting in higher classification
accuracy. The edges of the ship that resulted after the Gaussian smoothing technique,
which were not connected for some images, were found to describe the superstructure

of the ship well.

The algorithm can be modified to identify multiple ships within the images. The
algorithm can be run once to identify the first ship. Once the first ship has been
identified that ship area can be masked out and the algorithm can then search the rest of
the image for any other ships. There were no images available with multiple ships

hence this process could not be verified.

If there are no ships in the image, the quadrant subdivision process will still identify the
block with the highest skewness. The Gaussian smoothing technique may find some
edges within the image. The Bézier curve method of describing the boundary of the
ship as discussed in Chapter 6 may also result in an incorrect contour. This contour
when filled would describe a silhouette and will be presented to the classification
process. Since this routine is expected to describe the superstructure of the ship
extremely well, the classification process should easily be able to discard this silhouette

as not being a ship.

4.13 Conclusion

This algorithm as far as it was developed was found to be reliable. The algorithm is also
fast since it lends itself to parallel execution. The performance and the results of this

algorithm in comparison to the edge detection algorithm are discussed in Chapter 5.
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Chapter 5
Discussion

The work reported in this study looks at the application of extraction to a ship from an
infrared image prior to its classification. The problem of extraction was tackled using
two different methods. The first algorithm was developed at the Defence Science and
Technology Organisation (DSTO) and is based on edge detection techniques. The
second algorithm was developed during the course of this candidature and its main
aim was to address the problems experienced with the edge detection algorithm. The
algorithm developed during this candidature is based on a combination of texture
segmentation and edge detection techniques to localise and then extract the ship from

the infrared image.

The major limitation of the DSTO algorithm as described in Chapter 3 was its inability
to locate the ship within the image. It relied on an object/edge sorting routine
described in Section 3.2.4 to identify the ship. The object/edge sorting routine
processed the thresholded Prewitt edge image to remove any structures that were too
large or too small to be the ship. The routine relied on the object size to range
relationship being satisfied for the object to be declared a ship. This resulted in the

routine being error prone.

Errors were introduced if an object in the background also satisfied the size to range

relationship. Therefore after the final thresholding this object would also be retained in
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addition to the ship. If the ship was at the horizon then it sometimes did not satisfy the
object size to range relationship since the horizon pixels was included in the ship when
the size was being determined. Therefore the ship was not identified and hence it was
not extracted. Multiple ships of significantly different sizes could not be extracted by
this routine since only one of the ships in the image could satisfy the constraints of the
object/edge sort routine. The routine also expected the ship to be centred in the image

since it did not traverse the edges of the image to search for the ship.

Due to the errors discussed above this area of localising the ship within the image was
targeted for a more robust solution. The algorithm developed during the course of this
candidature solves this problem by using texture segmentation techniques using the
statistical approach. By experimentation it was found that the block containing the ship
was characterised by the highest skewness if block size and ship size were similar.
Therefore a non-standard recursive quadrant subdivision technique was used to
subdivide the image. Skewness was used as a discriminant in determining the block
that contained the ship. Use of skewness for identification of the ship was found to be
reliable for location of the ship within the image. The ship could be on the horizon but
the skewness in the region where the ship met the water was high enough for the block
to be identified as containing the ship. Once the ship has been localised in the image the

extraction of ship is done by region growing to extract the silhouette of the ship.

It was identified that the region growing process would require the use of edges as the
stopping criterion of the region growing process. For some of the images taken by one
of the sensors the images have poor contrast with most of the ship not being visible to a
human observer. When edge detection followed by Gaussian smoothing and then
retaining the top 2% of the edge pixels is applied to these image the boundary

describing the ship becomes clear. Since the ships are characterised by strong edges this
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property should be used for region growing to produce a more accurate boundary of

the ship.

The edges of the ship are determined using the Prewitt edge operator and then an
adaptive Gaussian smoothing filter is applied to reduce the effect of noise and other
irregularities in the image. The Gaussian smoothing filter also enhances the edges of
the ship. The process to close the edge contour of the boundary of the ship is described
in Chapter 6. The use of the Prewitt operator and the Gaussian smoothing filter means
that a two pixel width at the edge of the image will not be processed, though this does
not mean that a ship at the edge of the image will not be located or extracted. If a ship is
as the edge or in the corner of the image, the ship will be located using block
discrimination process. The ship seed will be extracted by thresholding. The Prewitt
and Gaussian smoothing techniques would then determine the edges of the ship,
though two pixel width along the edge will not be processed. This would produce a
boundary of the ship which will not be connected. This boundary can then be
connected using the method based on Beézier splines, thus resulting in a closed
boundary of the ship. The ship seed when extended to this boundary would result in
the silhouette of the ship. Therefore the use of this algorithm for ship extraction means

that the ship need not be centred in the image for the extraction process.

The use of the adaptive Gaussian smoothing filter in the algorithm developed at DSTO
would also have improved the results obtained from that algorithm. The smoothing
technique would have reduced the number of objects in the image that needed to be
traversed by the object/edge sort routine thus reducing the errors that could occur. The
smoothing technique would not add to the computation since the median filtering
technique which reduces the noise in the image would then be unnecessary. In addition
the object/edge sort routine would have less objects that it would need to traverse

thereby reducing the computation time for this routine.
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The DSTO algorithm relies on the Marr—Hildreth operator to extract vertical edges in
the image and hence remove the wake of the ship. This routine was thresholded at a set
threshold value rather than being adaptive. In addition for multiple objects in the
image the routine returned incorrect left and right extremities of the ship. This meant
that the wake of the ship was not removed accurately. The use of Gaussian smoothing

filter as described above removes the wake of the ship automatically and accurately.

The DSTO algorithm relied on the image having only one ship and could produce
errors for images with multiple ships as discussed in Section 3.5. The algorithm
developed during this candidature can be used to extract multiple ships. Multiple
ships could be identified within the image by reusing the algorithm after masking out
the area containing the first ship. This process cannot be used for the DSTO algorithm
since the algorithm relies on the range of the ship to find the ship in the image. If ships
of different range exist in the image the range input is of the ship that is the closest in the

field of view therefore a significantly smaller ship will not be located.

For the algorithm developed the computation time would not be increased by much for
extraction of the second ship in the image since the Gaussian filtered image could still
be retained if the process had been performed on the full image. If the Gaussian
filtering had been performed on a part of the image then the filtering may have to be
redone. In this case the extraction of the second ship would take approximately the
same time as the first. The new ship location would need to be calculated using the

guadrant subdivision technique.

When the image does not contain any ships the DSTO algorithm may produce a
silhouette of an object in the image but the algorithm developed will produce a
silhouette. Both algorithms then rely on the classification process to determine if the
silhouette being presented is a ship or not. The edges extracted using the Gaussian

smoothing technique, whilst not connected, were found to describe the superstructure
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of the ship extremely well. The edge contour technigue to be described in Chapter 6 is
expected to connect the edges of the ship without losing the accurate match of the ship
structure already provided. Since the superstructure of the ships is well described,
higher classification accuracy may result. Therefore an object that cannot be classified
as ship can simply be discarded. On the other hand the silhouette of the ship produced
using the DSTO algorithm may be of lower resolution and may not describe the
superstructure at all. This means that it will be with less certainty that an unclassified

silhouette can be discarded.

The algorithm developed at DSTO was found to be slow, therefore the speed of
computation needed to be addressed since the extraction process of the ship needed to
be done in real time. Use of skewness to localise the ship within the image was found to
be very fast thereby keeping in line with the requirement of the extraction being in real
time. The time used in Gaussian filtering can be reduced by using parallel processing to
calculate G, and G¢ since these are independent. The time can also be reduced by first
estimating the size of the ship from its seed and range . The size of the ship can then be
used to determine the size of the region over which the processing needs to be done.
The location of the region is known due to the block discrimination process. The
parallel processing techniques can also be carried further such that the localisation of
the ship and the part of the Gaussian filtering are both done in parallel since both the
techniques are independent to a certain extent. The algorithm is fast since it lends itself
to parallel execution. The reduction in size of the processing region cannot be done for

the DSTO algorithm since the location of the ship within the image is not known.

The algorithm developed during this candidature has been shown to be superior to the

DSTO algorithm both in terms of robustness of ship extraction and speed of execution.
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Chapter 6
Future Directions

The problem of ship extraction was tackled by localisation of the ship within the image
followed by edge detection and Gaussian smoothing to find the edges of the ship. This
algorithm was described in Chapter 4 and summarised in Section 4.10. Some methods
of region growing to extract the final silhouette of the ship were implemented. These
methods were not robust enough and were discarded. The main problem with these
methods was the disconnected edge that described the boundary of the ship. A method
based on fitting a spline to the edges describing the boundary of the ship is proposed.

This method is guaranteed to produce a closed boundary.

The proposed method uses the Gaussian smoothed and thresholded image to define a
potential surface. The edge of the ship is then estimated with a spline using a “snake”
method. The potential energy of the spline is minimised to find the boundary of the

ship. This method is discussed in detail below.

The Gaussian smoothed edge image is thresholded at gray value T to produce the

image f(x,y) such that,

glx,y) ifg(x,y) LTI
fy) LY gk y) T

where g(x,y) is the intensity value of the Gaussian smoothed edge image. The threshold

T can be set such that a predetermined percentage of the total edge pixels in the
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Gaussian smoothed image are retained. This thresholding procedure will reduce the
computation time of the boundary extraction process. The concept of active boundary
curves or snakes [88] can be used to refine the ship boundary. A snake is a curve that can
be stretched and manipulated so that a notional defined energy of the curve is

minimised when a best fit of a boundary is found.

We define potential energy of the f(x,y) surface as,

i
AT | fix,y) [0

r

V [ Ldgyiro—r where , Ijb(_lxgjz -y
F21(Xx, y) r CO1

This potential energy is defined such that the total energy of the spline will be minimum

at the pixels with the highest original image gradient that forms the edge of the ship.

Splines [89] can be described as flexible strips which produce a smooth curve through a
set of points. These points are the called the control points and they govern the general
shape of the curve. The control points are fitted with piecewise continuous parametric
polynomial functions to produce the spline and continuity conditions are imposed on
the control points to ensure a smooth transition from one polynomial section to the
next. The fitting of the functions is done in one of two ways: interpolation or
approximation. The curve is said to be interpolated when the polynomial sections are
fitted so that the curve passes through each control point. When the polynomial
sections are fitted to the general control point path without necessarily passing through
any of the control points the resulting curve is said to approximate the set of control
points. Approximation curves will be used here to approximate the boundary of the
ships. Continuity conditions imposed on the control points to ensure a smooth

transition can be of zero-order, first-order or second-order. Zero-order parametric

continuity, C° means that the curves meet. First-order continuity, C1, specifies that the

tangents of the two successive curve sections at the joining points be equal.
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Second-order continuity, C?, specifies that the rate of change of the tangents of the two

successive curve sections be equal at the joining points.

Spline curves can be defined, modified and manipulated with operations on the control
points. They may be specified using blending functions (or basis functions) that
determine how the specified geometric constraints on the curve are combined to

determine the curve path.

Bézier curves were chosen as the properties of Bézier curves and then ease of
implementation makes them suitable for approximation of the boundary of the ship.
Beézier curves can be fitted to any number of control points. Given n+1 control points:
P 0 Yy, zy) for kK COMM, the Bezier polynomial function P(u) between pyand pp is

given by,

P(u) IimEZk‘n(u), OLulT1

k [0
The Bezier blending functions, BEZ, (u), are the Bernstein polynomials,

BEZ, (u) C(h,k)uk(1-u)"*

where C(n,k) are binomial coefficients,

n!
Cink) Lt

The properties of the Bézier curves that make them suitable for approximation of a ship

boundary are discussed below.

Bézier curves always pass through the first and last control points. Therefore if the first
and the last control points of the entire curve are specified to be at the same position
then the Bézier curves will be closed. This property can be used to ensure that the ship
will always be described by a closed boundary. The closed boundary will ensure that
growing of the seed to the boundary will not cause unnecessary growth, while bridging

gaps from the previous edge determination method.
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Another property of Bézier curves that makes them suitable for this work is that the
curves always lie within the convex hull of the control points [90]. This ensures that the
Bézier curves do not have any “erratic oscillations” but follow the control points
smoothly. If the curve segment we wish to model is locally convex, then the Bézier

model will also be locally convex.

Bézier curves can be fitted to any number of control points. The degree of Bézier curves
is a polynomial of degree one less than the number of control points. For many control
points the calculation of higher degree polynomials would be required. This can be
avoided by constructing complicated curves by joining several Bézier sections of lower

degree together. Joining together smaller sections can be done such that the curves

satisfy one of the continuity conditions i.e. C°% Clor C2 An alternative to joining
several Bézier sections is to recursively subdivide the sections to increase the number of

control points. A recursive subdivision method for Bézier curves is discussed below.

Cubic Bézier curves together with first-order continuity functions provide design
flexibility without increasing the calculations needed with higher order polynomials

and thus would be ideal for estimating the boundary of the ship.

Cubic Bezier curves are generated with four control points, p,to p5, and are specified
using the following blending functions

BEZ,,4(u) [(THu)?

BEZ, 4(u) [—3u0(1-u)?

BEZ, 5(u) [—30°%(1-u)

BEZ;,(u) 3 where 0 o111 6.1)
Blending functions BEZ, ; and BEZ;; ensure that the curve always passes through

points p, and p3. Functions BEZ, 3 and BEZ, ; influence the shape of the curve.

Recursive spline-subdivision [89] can be used to repeatedly divide a given curve
section in half. The subdivision process can be continued until the Bézier curve
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approximates the boundary of the ship. The recursive subdivision process as applied to

cubic Bézier curves is described below.

Control point positions along the Bézier curve are described with the parametric
function P(u) where 0 [L_uT 1 1The first half way point P(0.5) is used to divide the
curve into two sections. The first section is described by P4(s) and the second section by

P,(t), where

s L2, for0O CuT 03
t [ 2U-1, for05 Cul 11

Each new section has the same number of control points at the original section.
Therefore the degree of polynomial required for calculation is the same as the original

problem if the sub-sections within the curve are considered.

For application to the ship boundary problem the Bézier curve used to estimate the ship
boundary starts with four control points. This curve can then be recursively
subdivided to increase the control points and hence obtain a better approximation of
the curve. In addition to subdivision the control points can also be moved such that the
total potential energy of the curve is minimised. The direction of movement of points
can be determined by calculating the line integral along the curve to evaluate the

potential energy of the curve or a segment of it.

woyyau b, vo) Mt
C C

where the curve C [P{) szk‘n(u)

k CO1
The integration will be numerical along curve P(u) for this application.

The process of boundary approximation can then be summarised as: Estimate the

boundary with a Bézier curve which has four control points where the starting and the
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ending point are the same to ensure that the curve is closed. The following steps are

then iterated:

1. Subdivision of the curve segment with the greatest potential energy.

P;

2. Optimisation of the new control points by evaluating L\

curve segment.

u for the subdivided

The optimisation of the placement of the control points can be achieved by a simple

gradient descent technique. By limiting the degree of the curve patches, the

dimensionality of the optimisation problem is constrained to an acceptable order.

The advantages of using this process lies in the resulting boundary of the ship always

being closed and as a result bridging gaps in the previously detected edge boundary.

The boundary would also be described by a single pixel width thus ensuring a

de-blurred description of the superstructure of the ship and we hypothesise better final

classification results.
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Chapter 7
Conclusion

In this thesis the problem of extraction of a ship from an infrared image was
investigated. The process of extraction was studied in the context of guided weapons.
Two techniques were presented for the process of extraction. The first technique used
an edge detection approach and the second technique used a non-standard quadrant
subdivision technique in addition to an edge detection and enhancement technique for

the extraction process.

The first technique was developed at the Defence Science and Technology Organisation
(DSTO). The algorithm for this technique was developed in Pascal. This algorithm was
re—-implemented using Khoros in order to understand both the problem and the tools.
Khoros was found not to be robust and flexible enough for code development. It was
discarded in favour of ICORE from Monash University. The algorithm was then

implemented using C and ICORE.

On implementation of the DSTO algorithm the techniques were found to be ad—hoc and
were found to lack robustness. The technique relied on an accurate range value to
locate the ship within the image. It experienced problems with locating the ship within
the image as discussed in Section 3.4. When the ship was located correctly the
extraction process did not produce a correct boundary describing the ship for 50% of

the test images. In particular it failed to describe the superstructure of the ship. The
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silhouette of the extracted ship was sometimes found to extend beyond the ship or it
had segments missing from it. This technique also required the ship to be centralised in
the image (i.e. away from the edges of the field of view). Therefore, a ship located in a
corner or at an edge of the image could not be found. The process used for removal of
the wake of the ship uses a set threshold of gray value 27. There appears to be no
justifiable reason for choosing this threshold to be 27 since removal of the wake must be
performed on a wide variety of images both in contrast and brightness. In addition to

these problems, the process was also found to be slow and computationally intensive.

The second technique developed during the course of this candidature addressed the
above mentioned problems. The developed technique was based on segmentation of
textures to identify the ship within the image. The image was divided into fixed size
blocks of size 64 [&4lpixels. The statistics of image blocks from 20 images were
examined, i.e. mean, variance, skewness and flatness. It was found that the block
containing a part of the ship with water or sky background showed the highest
variance, skewness and flatness. Blocks that contained some land with other
backgrounds showed variance and flatness of the same order as that of blocks
containing a part of the ship but low skewness. Blocks that contained only ship, land or
water showed low skewness but variance was of the same order as that of blocks
containing a combination of two or more textures. The comparison of the mean of the
blocks indicated the blocks containing the ship had the high mean but it was not
different enough to the background for a conclusive identification of a ship. It was also
found that variance and flatness could not be used to discriminate against blocks
containing some land and blocks containing a part of the ship. Skewness of a block
containing a part of the ship, however was ten times larger than blocks containing
water. This is illustrated in Figure 4.2. The skewness of blocks containing some land

was high, but not so high that it approached the blocks containing a part of the ship.
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It was also found that the block size needed to be similar to the size of the ship for the
block to display a high skewness. Therefore, if the range of the ship was high, the blocks
were further subdivided to size 32 [3Zlpixels. Skewness discrimination of this block
size was then used for localisation of the ship in the image. This method of localisation
of the ship within the image was found empirically to be more reliable than the

techniques used in the algorithm developed at DSTO.

A number of methods were then implemented to extract the rest of the ship given a
block containing a part of the ship. Among the methods implemented was an edge
detection method. This method was based on locating the edge of the ship within the
block containing the ship. A dynamic edge following technique could then be used to
extract the rest of the edge, thus defining the boundary of the ship. This method was
found to be infeasible since the line defining edge of the ship could not be correctly

identified if the block contained a number of edges of the ship at different orientations.

A number of region growing methods were also implemented. These methods were
based on first thresholding the block that definitely contained the ship to extract the
ship pixels. Thresholding methods for the block were implemented and thoroughly
scrutinised to ensure robustness. The threshold value was set such that only the ship
pixels were retained in the region. To reduce the computation for region growing, a
block growing procedure was first implemented. This procedure added on other
blocks that were connected to the first block and contained the ship. This method

resulted in a seed of the ship which could then be further used for region growing.

Among all the region growing methods that were implemented, the major problem
experienced was finding the correct stopping criterion for the region growing process.
After implementing and studying a variety of methods in conjunction with analysing
the test images again, it was decided that use of edge information would provide a

robust stopping criterion.
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For the routines implemented and studied, the use of edge information was ideal for
segmentation if the edges provided a closed contour defining the boundary.
Unfortunately, use of most edge detection filters do not result in closed contours. As a
consequence, an adaptive Gaussian smoothing filter was used on the edge image to
enhance the edge of the ship. This did not, however, close the contour but an approach
that should achieve this is described subsequently. Parallel processing techniques can
be used in the implementation of this algorithm to make the process faster as explained

in Section 4.11.

The second technique was found to locate the ship in the 20 test images accurately. The
edges of the ship are also well defined after processing by the Gaussian smoothing
technique. The filter also removed noise and other irregularities in the image. The
Gaussian smoothing technique also removed the effect of the wake of the ship which
should improve classification accuracy markedly. A technique to close the edge
contour of the boundary of the ship has been described but not implemented. The
technique is guaranteed to produce a closed contour of the edge of the ship and is easy
to implement. Itis believed that this method based on Bézier splines will result in the
boundary of the ship that will accurately describe the superstructure of the ship and
bridge any gaps in the previously determined edges. The technique also does not
require the ship to be centralised within the image. It will extract the ship or a part of the
ship from the edges of the image. It is also believed that this technique can be used to
extract multiple ships from one image without error, although this has not been verified

because images with multiple ships were not available.

In summary the algorithm developed during this candidature always finds the ship,
even if it is located at an edge or corner of the field of view. The algorithm also finds a
set of edges, which whilst not connected, were found to closely follow the actual ship

superstructure. It is thought that Bézier splines will enable the ship outline to be
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obtained in its entirety, without losing the accurate match of the ship structure already
provided. The algorithm consistently removes the wake of the ship. The algorithm also

lends itself to parallel implementation.

The ship extraction scheme developed in this thesis has increased reliability and
produced faster processing using parallelisation of the algorithm. The results
produced by this technique are an improvement on those produced by the DSTO

algorithm.
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