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Abstract

Sea ice types and ions are of great for ship

in or near the ice. The evaluation of ice types and properties using synthetic
aperture radar (SAR) imagery has attracted much attention in recent vears.
SAR sea ice images usually have ccnsistent textures that can be utilized for sea
ice description and classification. Therefore. methods based on texture discrim-
ination could be designed to identify ice types and evaluate ice properties by

machine without human intervention.

This thesis contributes to the ice identification problem mainly by investi-
gating the feature extraction phase in a texture classification process. A review
is given of several different approaches including Gray Level Co-occurrence Ma-
trices and Gabor filtering, while the emphasis is on those based on the wavelet
transform techniques. Comparative studies have been conducted on both the

selection of wavelet band signatures and of wavelet kernels.

A new wavelet band signature. named waelet entropy. is proposed and
applied to texture classification wirh encouraging resulis. This technique ex-
tracts features from wavelet band histograms. A promising aspect of this new

technique is that it provides estimates of probability measures of the texture



These i itics have been used in a ship navi-

gation application with interesting results presented in the thesis.

Texture orientation issues are also addressed in this thesis. Because of the
oriented structures apparent in some SAR sea ice textures. it is desirable to ex-
tract rotation invariant features. Some new work is presented that has achicved
this goal to some degree by DFT encoding on the features of different orien-
tations. obtained via the complex wavelet transform instead of the traditional

discrete wavelet transform to separate the mixed diagonal directions.
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Chapter 1

Introduction

1.1 General

Ship navigation in cold ocean regions is often greatly influenced by the pres-

ence of sea ice and the properties of any such ice. The evaluation of ice types

and their properties is a very ing task since onsite investigation is of-
ten impractical or expensive. and the timing for gathering and interpreting ice
information is often critical. During the last decade. much attention has been
given to utilizing Synthetic Aperture Radar (SAR) to do this job. Being an
active microwave imaging system. SAR is an efficient tool for sea ice monitoring

for the following three reasons:

® Asasatellite or aircraft mounted system. SAR can provide regular imaging

of ice fields over extended areas.

o SAR use active microwave sensors. which have the ability to obtain mea-
surements anytime regardless of time or scason. and which can penctrate

through cloud cover under most weather conditions.



« The portion of microwave energy returned is largely dependent on the tar-

get surface roughness. moisture content and electrical properties. Those

propertics are significantly different among different sea ice types.

Hence the problem arises of how to interprete SAR sea ice image accurately:
It is most desired to obtain quantitive relationships between the physical proper-
ties of ice and image pixel value patterns. However this seems almost impossible

because there are too many environmental factors and noise. Classifving the

ice types in the image and then iating them with the ing phys-
ical properties is a feasible solution. A human operator can clearly and easily
distinguish different ice types and land visually from a SAR image. based not
only on the relative texture appearance of the different ice types. but on tonal
and structral differences as well [I!. However. automatic classification of SAR
sea ice images by machine is difficult and challenging for several reasons. There
are often significant intensity variations among SAR images and even across a
single image. making analysi

More stable are those based on texture discrimination. However. no robust

techniques based on intensity values unreliable.

recognition method is available vet for textures because of their random nature.
To make it worse. the speckle noise usual in SAR images will mask or mix with
those textures. And the last. some sea ice types are more or less like each other
and often form mixture areas that have no distinct texture appearance in the

corresponding SAR image.

All these add tc the difficulties in the design of a successful SAR sea ice im-
age classification system. As mentioned earlier. textures give a more consistent
description of the ice than does intensity. so it is better to base the classification

svstem on the capability of identifying the textures of interest.

0



The design of a texture classification system typically consists of four steps
listed in Table 1.1: Feature extraction. classificr design. classifier training and

performance evaluation.

Step Function

1.Feature extraction Select texture properties that best des-
tinguish the texture types and decide
how to extract and measure these prop-
erties

2.Classifier design Design the classification algorithm to be
used to get the classifier parameters (i.e.
how to separate the feature space)

3 Classifier training Determine the classifier parameters (de-
cision boundaries. etc.) for each candi-
date type.

4P Estimate the ion accuracy.

Table 1.1: Classification System Design

The feature extraction is perhaps the most important part. It produces a set
of suitable features that represent the information needed for subsequent train-
ing or classification. In the training stage. those features belonging to the same
class are grouped and will be used as the reference for future classification. Then
in the classification stage. the same kind of features are extracted and compared
with the references obtained in the previous training stage. The performance
of the classification system therefore depends largely on how well those fea-
tures are extracted. Many different texture feature extraction approaches have
been proposed in the literature. including Gray Level Co-occurrence Matrix

(GLCM). Gabor filtering, Markov Random \Model. and Wavelet filtering. This



thesis places an emphasis on wavelet filtering approaches to texture feature ex-

tractions.

Besides those difficulties already mentioned above in designing a SAR sea
ice texture classification system. orientation is another factor which needs to be
considered very carefully. Although many tyvpes of sea ice appear to be isotropic.
some ice types. such as rubble ice. have obvious oriented structures. If featurcs
corresponding to those orientational structures are rotation variant. they will
cause significant degradation of the classification system when the training sam-
ples and the classification targets do not have the same orientation. Discarding
the anisotropic features. however. is not a good choice since the discarded fea-
tures can provide unique information for ice identification. A better solution is

1o have a rotation invariant representation of those anisotropic features.

Under circumstances where the ice types are not distinctly different or there
is no clear boundary between ice types. fuzzy classification is more appropriate
than traditional classification (i.e. crisp classification). The result should be
Dot just an answer to “what ice type is it". but “how much does it look like

2 given ice type”. Made up of a set of membership probabilities. those results

are expected to be able to provide i on the
of different ice types and hence on the physical properties.
1.2 Thesis Objectives

The goals of this thesis are to study how to efficiently extract SAR sea ice tex-

ture features for i ion: then given the ion results to evaluate




the corresponding ice physical properties: and hence to develop a simple ship

navigation application. Our particular interests are with the ice types that have
not experienced winter growth. for example new ice and young ice. These ice
tpes are in some sense alike. and are often mixed together. As mentioned car-
lier. fuzzy classfication may be more cffective here. but first crisp methods of
classification will be investigated because they are well defined and their per-

formance arc much casier to evaluate.

Since well-oriented features like leads and ridges often exist in those ices. an-
other thesis objective is to find a solution to the orieatation problem mentioned
earlier. Efforts are directed to looking for a rotation invariant representation of
the oriented features. with which the classification system will be less sensitive

to the object orientations.

1.3 Data Set and Software Environment

two data sets for the classification experiments. The first one

Our research us

consists of nine Brodatz textures {selected from the Brodatz's album
three SAR textures, as shown in Appendix A. The Brodatz's texture images
are of dimension of 512 x 512 pixels. For feature extraction. each was split
into sixty-four nonoverlapping 64 x 64 pixels regions. Half of them were used
for training and half were used for testing. The SAR texture images are areas
of perceptually uniform texture and of dimension 1024 x 1024 pixels extracted
from the large Radarsat image of Figure 2.3. They are histogram equalized
since the original SAR image is very dark with a limited effective dynamic

range. Note that histogram equalization may enhance noise and destroy subtle



sca ice texture information unpredictably. However, we first aimed at distin-
suishing different ice textures to see if there are visual differences among these
textures. Each of these SAR images was divided into sixty-four nonoverlapping
128 x 128 piels subimages. Here a larger dimension was selected to capture the
larger scale features in land and rubble ice textures. We name this composite

data set MBS (Mixed Brodatz and SAR) for future reference.

Our second data set consists of four SAR textures of Pack ice. Rubble ice.
Landfast ice. and Land. Unlike in MBS. no histogram equalization is performed
but a logarithm step is taker. the reason for which will be preseated later in
Chapter 2. Therefore we call this data set PLS (Pure Logarithmed SAR). This
set is shown in Appendix B (please note the values after the logarithm are very

small and therefore these images have been scaled for better visualization)

Most of the Brodatz textures in MBS come from the USC-SIPI image
Database 3] except the stone and canvas which are scanned from our Bro-

datz album.

Considering that and i i are usually
very time consuming, we use C+~ to implement all the algorithms used for
experiments in Chapter 4. 5. and 6. The programs are developed with Microsoft

Visual C++ under the Windows system. They are listed in Appendix C.



1.4 Organization of Thesis

The organization of this work is as follows. Chapter 2 gives an introduction to
the application environment. covering topics on SAR imaging system as well as
the backscattering characteristics of sea ice. Chapter 3 continues the literature
review with some popular texture feature extraction methods. Here methods
hased on Gray Level Cooccurrence Matrix (GLCM). Gabor filtering. and the
Wavelet Transfrom are reviewed. Following that in Chapter 4. detailed studies
are performed on feature extraction methods based on the wavelet transform.
Some previous research in the literature is experimentally repeated. and different
wavelet kernels and signatures are investigated and compared. Chapter 5 deals
with texture orientation issues. A new feature extraction method that can
partially solve the rotation invariant recognition problem is discussed. Chapter
6 proposes a new approach for fuzzy classification. which is used in a simple
application of ship navigation. A summary and recommendations for future

work comprise the final chapter (Chapter 7).



Chapter 2

Application Environment

2.1 Introduction

Modern remote sensing techniques make it possible to acquire information about
the earth surface in real time without actually being in contact with it. Synthetic
Aperture Radar (SAR). a remote sensing technology. is especially useful for our
research objective of identifving sea ice tvpes because of its active microwave
sensors. which are characterized by their all-weather and all-time operating
ability. SAR images also have high resolution relative to other non-optical
remote sensing technologies. The resolutions could be up to 3m for aircraft
mounted SAR and 10m for space craft mounted SAR. A brief introduction
of the fundamental theory of SAR

which draws heavily on {4). Then the next section deals with electrical properties

stem is presented in the following section.

and SAR signatures of sea ice. The last section of this chapter discusses the
multiplicative speckle noise that can significantly influence the performance of

a texture classification system.



2.2 Synthetic Aperture Radar (SAR)

Like other radar systems, a SAR transmits a sequence of electromagnetic pulses
and records the returned waveforms. This make it advantageous over passive
optical sensing because the microwaves used can penetrate cloud covers and
data accquisition can be performed at night. However due to the much longer
wavelength of microwaves (see Figure 2.1), it seems difficult to achieve res-
olution comparable to optical sensors with a microwave system, because the
resolution is on the order of AR/D, where X is the wavelength of the illuminat-
ing source, R is the target range, and D is the diameter of the antenna aperture
or lens [5]. This implies that a conventional radar would need an impossibly

long antenna to achieve the same level of resolution as that of an optical system.
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Figure 2.1: Microwave Spectrum (taken from [4])

By using the motion of its platform (i.e. aircraft or satellite) to synthesize
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the effect of a very long antenna. a SAR is able to overcome the antenna size
limitation. Today the resolution provided by RADARSAT (a spaceborn SAK
system) s in the range of 10m-100m. which is sufficient for the study of the

structures of sea ice.

2.2.1 SAR Basics

Figure 2.2(a) shows the basic mechanism of a side-looking SAR. The Trans-
mitter generates pulses (A) at regular intervals. The pulses are focused by the
antenna into a beam (B). which illuminates the ground surface obliquely. A
portion of the energy (C) is then backscattered and received by the antenna.
By measuring the time delay. the distance to a target and hence its location
can be determined. With the sensor platform moving forward a 2-dimensional
image can be obtained by signal processing of the pulse returns over time and

the flight path.

A
c
A
7 B
c
o
(a) Basics of SAR Imaging (b)Imaging Geometry

Figure 2.2: SAR Basics {taken from [4])



2.2.2 Viewing Geometry and Spatial Resolution

The imaging geometry of a SAR system is shown in Figure 2.2(b) in which (3)
(B). (C). (D). (E) correspond to the flight direction. nadir. swath. range.
and azimuth respectively. The range resolution is dependent on the length
of the radar pulse. while the azimuth resolution depends on the width of the
illumination and the speed of the flight. Detail explanations of the resolution

dependency can be found in [4].

It seems that fine range resolution could be achieved by using a very short
pulse length. However. this is usually not practical since the peak power may
exceed the limitation of the transmitter in providing a good signal-to-noise ra-
tio (SNR). A technique known as pulse compression is therefore used to solve
the problem. Wider pulses are transmitted instead of impulse-like waveforms
and the received signal is processed so as to compress the energy into a much

narrower pulse (5],

Determined by the width of the illumination. azimuth resolution is actually
influenced by radar beam angle and the slant range distance. The radar beam
angle is approximately 2arctan(A/2D). where A is the wavelength and D is the
antenna length. Finer azimuth resolution therefore seemingly could be achieved
by increasing the antenna length. However. the actual length of an antenna
has to be limited by the platform carrying it. To overcome this. the motion of
the platform and special signal processing of the echos are used to simulate the

effect of a very long antenna. For further details, the reader is referred to 3]



2.3 SAR Sea Ice Imagery

Our particular interest is the appearance of sea ice in SAR images. It is nflu-
enced by the SAR system parameters (wavelength. incident angle. polarization.
etc.} and by the physical properties of the sea ice types being imaged.

2.3.1 Parameter Dependency

Whether a surface will appear smooth or rough under the illumination can be
indicated by the Rayleigh criterion: h < A/(8cos()). where h is the root mean
square height of the surface. A is the signal wavelength and 6 is the angle of in-
cidence with the surface [1]. If the Rayleigh criterion holds true, the surface will
be smooth and reflect away most of the signal like a mirror, resulting in a low
returned energy. Similarly. a surface will be considered rough if the Rayleigh

criterion is false.

Since the smoothness is influenced by the incidence angle. the tone values for
areas of the same ice type will decrease as the incidence angle increases across
the image. This justifies the statement that classification and segmentation

methods based on tone alone are not stable for SAR images.

A suitable microwave band needs to be selected to capture the small scale
surface roughness while being able to penetrate well through the atmosphere.
The microwave region ranges from lum to 1m. from the shorter wavelength
near the thermal infrared region to the longer wavelengths approaching those

used for radio broadcasts. as shown in Figure 2.1. For our research, the SAR



data is obtained by RADARSAT using C-band which is suitable for sea ice

imaging. Shorter w: s are more by the atmos while

longer wavelengths are less suited to discriminating the small scale roughness

of new or young ice.

Polarization. another SAR system parameter. is also very important in in-
fluencing the appearance of objects in SAR images. In most radar systems.
microwave is transmitted in either horizontal (H) or vertical (V) planes. Simil-
iarly the antenna receives either horizontal or vertically polarized backscatters.
Thus. there are four combinations of the mode of transmitting and receiving
signals. Depending on the mode. the signals will interact with the surface and

be backscattered differently. thus greatly affecting the appearance of the surface.

2.3.2 SAR Signature of Sea Ice

Sea ice is a mixture of freshwater ice. brine and air. The SAR signature of
sea ice is influenced by the constituents’ dielectric properties. the volume frac-

ize and orientation) of brine

tion of each constituent and the geometry (shape.
pockets in the ice as well as by the surface conditions of the sea ice. As these

factors are ined by many natural variables including tem-

perature. salinity, wind condition. ocean currents and rate of freezing. studying

and utilizing the SAR signature of sea ice is really a complex task.

Before investigating the eleccrical properties of sea ice. several electromag-

netic quantities need to be defined as follows [6!:
e Relative permittivity (At frequencies lower than about 1MHz, the domi-

13



nan clectrical property is the bulk conductivity, while at higher frequen-

is used).

cies. the complex permittivit

J€
where ¢ denotes the dielectric constant and  is the loss factor giving the

electromagnetic loss in the materials.

o Propagation. absorption. and phase constant.
The intensity of the electric field at position = can be expressed as
E(z) = Epe™™
where » = a+}3. a is the absorption constant and J is the phase constant.
and = represents the depth from the surface. They are related to the
complex permittivity by

2 Im(va). 3 = B Re(ve)!

a

o Extinction and scattering cocfficient

The total loss consists of absorption loss (elec

power transformed into other forms of energy, such as heat) and scattering
loss (energy travel in directions other than that of the incident radiation)

K=K+ K,and Ko =20

Penetration depth.

When across the boundary into the medium. the penetration depth is
defined as the depth 4, at which

1" Ke(2)dz

If scattering is ignored. o does not depend on =, and € is much smaller

than €,
5oL oAV
= Rg = ImE
The returned signals of sea ice consist of contributions from both surface

14



scattering and volume scattering (scattering by lower layers inside). The sur-
face scattering is mainly influenced by the roughness of the surface. and the
volume scaticring by the complex permittivity as it determines how far the mi-

crowaves will penctrate into the ice.

Because salt increases the diclectric loss by adding free charge carriers. the
diclectric loss factor of brine is much higher than that of other constitucnts of
sea ice. In a microwave frequency range from 1GHz to 10GHz for example. the
value of loss factor ¢ is greater than 20 for brine. while for freshwater ice it is in
the order of 103, Since the dielectric constant of brine (> 10) is also fairly high
compared with that of freshwater ice which is around 3.17. the volume fraction
of brine plays an important role in determining the overall electrical properties
of sea ice. The following equations give an approximation of the relationships

between the permittivity of sea ice and relative brine volume 1 [6].

1GH:= 3.12 +0.0091}. 0.04 +0.0051}
4GHz: é=23.05+0.0072 0.02 +0.003315
10GH=z: €é=23.0+00121;. &=0.0+0.010V; 1)

Categories of different sea ice have different SAR signatures. These cate-
gories are defined by the World Metcorological Organization (WMO) [7] and

are summarized below:

New Ice: A general term for recently formed ice. These types
of ice are composed of ice crystals which are only weakly frozen
together (if at all) and have a definite form only while they are

afloat.



Grey: Young ice 10-15 cm thick.
Grey-white: Young ice 13-30 cm thick.

Thin first-year: First-vear ice of not more than one winter's
growth. 30-70 cm thick.

Medium first-year: First-year. ice 70-120 cm thick.
Thick first-year: First-year ice over 120 cm thick.

0ld Ice: Ice which has survived at least one summer melt.

Often sub-divided into either second year ice or multi-vear ice.

Since first vear ice has a high brine volume and therefore is not easily pen-
etrable by microwaves. surface scattering dominates. For first year smooth ice.
most of the signal cnergy is refiected away and only a small part is returned
in the direction of the radar. As the result the tone values of such an area are
very low. making it looks like a black silhouette. For first vear rough ice. more

returns can be obtained and the corresponding area appears brighter.

Multi-year ice has a much lower salinity. Therefore besides the surface scat-
tering. the backscatters are also determined by volume scattering, which is
influenced by particle (air bubble and ice crystal) size and density. and the ex-

tincticn coefficient.

Clausi [1] believes it is uncertain whether or not new ice can be distin-
guished from first year smooth ice. But he also argued that new ice often has
leads. which are narrow irregular cracks in the thick ice and consist of thin ice

and sometimes open water. Therefore new ice with leads can be characterized
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a boundary

by well-oriented features parallel to the lead axis or poly

Figure 2.3: An example SAR sea ice image of the Nain/Voisey’s Bay area

An example SAR sea ice image is shown in Figure 2.3. This image was
obtained via RADARSAT operating in the Standard 2 beam mode, providing a
resolution of 12.5m x 12.5m, over an area of approximately 113km x 92km. On
the left of the image (area 1) is the land area and on the right (area 2) is pack
ice containing new ice or open water. Between them are rubble ice (area 3) with
a brighter appearance and landfast ice (area 4) with a dark appearance. From
the image, orientational characteristics can clearly be observed in the rubble ice

area. Those features can provide critical information for classification




2.4 Speckle Noise

The presence of the notorious speckle noise in SAR images adds considerable
difficulty to SAR sea ice texture classification. SAR speckle noise is caused by
the coherent nature of the radar imaging system. When a medium contain-
ing many elementary sub-resolution scatterers is illuminated by a radar. the
return waves will add either constructively or destructively. forming a random.
interference patiern. It has been experimentally shown that speckle noise is

predominantly multiplicative [8]. as expressed by the following model:

yl2.7) = xie.j) - ntr.y)

where ylz.) is the intensity or amplitude of a SAR image pixel at (. ). z(i.J)
is the noise-free quantity at (1. ) and n(. ;) is the speckle noise characterized
by a distribution with a unity mean (E'n] = 1) [12]. Although some others (13
argued that this model should take into account the correlation of the speckle
as well as its overall probability distribution. in most cases this simple model is

accurate enough.

Many speckle noise filters have been devised to suppress the noise before
doing any further processirg. However for our texture analysis. such fltering
would probably break down the texture details and therefore is not adopted.
Instead. we apply a logarithm to our SAR texture images. which approximately
converts the muliplicative speckle noise to additive noise with zero mean value.

By this process the PLS data set mentioned above is obtained.



2.5 Summary

In this chapter we have reviewed topics concerning SAR imaging systems. SAR
sea ice backscattering. and speckle noise. Understanding these is important for
proper interpretation of SAR sea ice imagery. The following three chapters will

deal with texture analysis methods that can be used for sea ice classification.



Chapter 3

A Review of Texture Feature

Extraction Methods

3.1 Introduction

For SAR sea ice. intensities often provide good visual discriminations. However.
they are not very reliable for classification purposes because of intensity varia-
tions caused by numerous environmental factors. Although some previous work
such as that of Kwok (9! has shown success in using intensities for classifica-
tion. strict limitations exist in terms of the environment including the imaging
parameters and the target sites. Texture is expected to provide a more sicble
description about SAR sea ice. and hence our research uses texture information

for SAR sea ice classification.

Many different definitions exist for texture. A formal one given by the IEEE
is that texture is “an attribute representing the spatial arrangement of the gray

levels of the pixels in a region” [10]



As already introduced in the first chapter. the design of a texture classifica-

tion system consists of four stages: texture feature extraction: classifier design:
classifier training: and performance evaluation. Perhaps the most important
stage is the feature extraction. “A texture feature is a value. computed from

the image of an object. that quantifies some characteristic of the gray-level

variation within the object. Normally. a texture feature is independent of the
object’s position. orientation. size. shape and average gray level (brightness)”

{11. p.499]. The feature extraction step produces a set of features representing

the i needed for ion. Compared to the original
image. the feature vector contains much less data. but enough information to
allow the unique and correct identification of the texture type. Good features
should have significantly different values on textures belonging to different types.
but similiar values on the same type of textures. Morever the various features
should be uncorrelated with each other. to ensure that the feature vector has

been reduced to the fewest possible dimensions.

Approaches to texture feature extraction span a wide range of methods.
Most of them can be categorized as statistical. structural. and model based.
Statistical approaches attempt to characterize textures in a probabilistic sense
based on definitions such as smooth. coarse. grainy. regular. directional. etc
{1]. These characteristics can be measured either spatially or spectrally. Sim-
ple statistical measures include the standard deviation. variance, skewness, and
kurtosis of the gray levels [11]. More complex measures are those based on the

GLCM and the wavelet transform. which are presented later in this work.



The structural approach assumes that the texture is a spatial arrangement of
basic primitives. The texture feature extraction can then be done by obtaining
measurements of the primitives and their spatial arrangments. Since no pre-
dictable. consistently repeating patterns seem to exist in SAR sea ice textures.

Clausi excluded structural methods for use in sca ice discrimination (L.

The model based approaches are bascd on random fields and fractal param-
cters. They usuaily it specific models to the textures. The model parameters
thus obtained are then used for texture description. A commonly adopted model
is the Markov Random Field (MRF) '14] {15.. In a more recent work [16] Clausi
did a comparative study of the MRF approach and several statistical approaches
for their ability to interpret SAR sea ice imagery. He concluded that the MRF

results significantly lag others.

In this chapter we review previous research on statistical feature extraction
methods including those based on the GLCM. Gabor filtering, and the Discrete
Wavelet Transform. Some other related approaches are Power Spectrum (17}
and Independent Component Analysis [18]. They are less pertinent and are not
discussed in this thesis.

Strictly speaking, texture analysis by filtering cannot completely be cate-
gorized as statistical. since techniques other than statistical. for example the
Markov Random Field. can also be applied to the filtering responses to retrieve
the features. However as statistical measures are the ones most commonly

adopted. we include filtering based methods in this category.



3.2 Gray Level Coocurrence Matrix (GLCM)

3.2.1 Definition of Cooccurence Matrice

Perhaps the most popular method of feature extraction for remotely sensed sea
ice imagery is the cooccurrence matrix (GLCM). The following example illus-

trates how to calculate the GLCM.

00 Y12 0 o
g 0 0 0 212 0
T“; 0 0 /12 4/12 1/12
H 0 112 2712 0
o 00 0o o o

Figure 3.1: Calculation of GLCM

The left part in Figure 3.1 is a 4 x 4 pixel area of a texture image (i.e.
window size 4). The image has five different gray levels and the integers in
each element indexes the gray value of the corresponding pixel. Suppose we
want to calculate the GLCM C given a direction (0° in this example) and an
interpixel displacement (one pixel in this example). Then the (1. ) element of
the GLCM is the number of times the gray level pair i and j occur together
with the chosen displacement and direction. normalized by the total number
of pixel pairs. For example. the combination of gray level 1 neighboured by
gray level 3 to its right occurrs two times. therefore C(1, 3) (note the gray level
index begins with 0) is 2 divided by the total number of pixel pairs 12. The

dimension of this GLCM C is G x G. where G is the total number of gray levels.

Different GLCMs can be obtained for different combinations of the four pa-

rameters (direction 6, displacement 4. number of gray levels G, and window size
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w). Since G determines the dimension of the GLCM and since G can be large. a
quantization is often performed to reduce the computation complexity. However
tou few quantization levels may corrupt or destroy important texture charac-
tenstics. Window size is another parameter that influences feature extraction
by GLCM. The window should be large cnough to include sufficient texture
clements without incurring too high a computational burden. Like the window
size parameter. selection of interpixel displacement is also texture dependent.
A small displacement is efficient for fine textures and a large displacement is
prefered for smooth textures. Directional features can be extracted well if the di-
rection parameter is properly selected. However. those feature directions should
be consistently same in both the training samples and the target texture to be
classified. Otherwise such directional information may be a deterrent to cor-
rect classification. The average of multiple directional GLCM is often performed

for isotropic textures. or to reduce directional variations for anisotropic textures.

| Maximum Probability (MAX) maz{C,}¥(i.) |

1 Cniformity (UNI) e na N o]

i Entropy (ENT) ~£2iT8, CylogCy
Dissimilarity (DIS) T TR Culi =l

Contrast (CON) $9, £, Cyli - i)

Inverse Difference (INV) | %, 5%, ¢
Tnverse Difference Moment (IDM) | £, T2, r=bmzrCy
Correlation (COR) £¢, 58, talimmlc,

where in all cases (. 1,) and (05.0,) are means and standard
deviations of (row i, column j) respectively

Table 3.1: GLCM texture statistics defined

2



For feature extraction purposes. statistical information is then generated
from the GLCM (MAX, UNL ENT. DIS. CON. INV. IDM. COR. etc). as sum-
marized in Table 3.1. which together with the following quotation is taken from

Clausi [1. p.26-: “The statistics extract three fundamental characteristics

from the cooccurence matrix. Moments about the main diagonal indicate the
degree of smoothness of the texture. The closer the entries to main diagonal.
the smoother the texture. The statistics dissimilarity (DIS). contrast (CON).
inverse difference (INV). and inverse difference moment (IDM) are statistics of

this type. Another istic of the matrix is the

uniformity of its entries. If the gray levels in the window tend to be homo-
geneous. then only a few gray level pairs represent the texture. The statistics
maximum probability (MAX). uniformity (UNI). and entropy (ENT) describe

homogeneity. The final statistic. correlation (COR). describes the correlation

between the gray level pairs”.

3.2.2 GLCM on SAR Sea Ice Imagery

Research using the GLCM for SAR sea ice texture analysis can be found in
several papers. where discriminations are made between distinct ice categories
such as first year ice and multi vear ice. In [19] Shoker investigated the GLCM
statistics and found that they are highly correlated. Thus he argued that com-
bining gray tone with only one GLCM texture statistic is a good enough choice
for SAR sea ice texture classification. Another discovery of his experiment is
that when a significant overlap in gray tone exists between two ice types. tex-
ture will not be capable of separating the two ice types. His experiments also
showed that IDM was the best statistic. followed by entropy (ENT) and unifor-

mity (UNI). In selecting GLCM parameters he tried several quantization levels.

9
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window sizes and displacements. He concluded that 16 levels is appropriate for
quantization. and with respect to both window size and interpixel displacement

the results were almost insensitive.

In 20] the authors did studies on sea ice classification with both GLCM
texture statistics and standard statistics. They investigated the issue of direc-
tionality in a sea ice GLCM and concluded that multiple GLCMs should be
averaged together to reduce the directional variance. The displacement issue
was also addressed. They found that a length of four pixels was appropriate
(the image data they used is of 16m resolution) and that the statistics were
almost invariant for length over four pixels. The emphasis of their study was
on the comparison between the performance of GLCM statistics and that of
standard statistics. The results showed that among the three top statistics are
two GLCM statistics (ENT. which describes homogeneity and IDM. which de-
scribes smoothness) and one standard statistic (range). They also found that
standard statistics have greater classification accuracy than texture statistics in
general (87% vs. T5% for their data). The combination of standard statistics
and texture statistics gives only marginally better results (by 3%) than using the
standard statistics alone. These results suggested that using standard statistics
alone is as good as any other complex combinations of statistics for the purpose

of SAR sea ice classification.

The authors of [21] also inve the direction and di param-
eters, as well as the quantization factor. They gave the same argument as [20]
for directionality issues (i.e. average matrix of different directions). For dis-

placement, unlike [20] in which the conclusion was specific to the image tested.
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the authors of (21] concluded that a single displacement value for GLCMs to
represent sea ice textural contexts is not advisable. For the quantization issue.

two conclusions were drawn: 1) Dissimilarity between two ice types varies very

little with the number of quantization levels. 2) GLCM statistics are more con-
sistent when using a higher number of quantization levels. Then the authors
did experiments on three cooccurence matrices - MDMO (the average of multi-

displacement and multi-orientation matrices). ODMO (optimal-displacement

and multi )and ODOO (optimal-di and optimal

Results showed that the MDMO approach is significantly better. Therefore they
concluded that the orientation factor is probabily not important in SAR sea ice
analysis and a range of displacement is more representative than a single dis-

placement value.

3.3 Multi-channel Filtering

Most filtering based classification approaches assume that textures can be iden-
tified by their energy distribution in the spatial frequency domain. Depicted
in Figure 3.2 is a typical filtering based classification system. The input image
passes through a series of filters and the output responses usuaily correspond
to frequency subband components. They are further processed nonlinearly to
estimate the local energies. Features vectors can then be generated with these
energies using statistical measures. In many cases. the nonlinear function per-
forms rectifying operations. transforming both negative and positive amplitude
to positive amplitude [22]. and the statistical function is just an averaging func-

tion. Some systems do not directly use the subband energies. and therefore




do not have the nonlinear processing step but use a more complex statistical

method to extract the features.

Figure 3.2: A typical filtering based classification svstem

Two early filtering approaches are the Laws filter masks 23] and Ring and
Wedge filters {24]. Laws suggested using 25 separable filters for the two dimea-
sion image. 5 in each dimension. Thus. the spatial frequency domain is almost
evenly split into 25 subbands by these filters. Coggins and Jain [24] designed
another bank of filters made up of seven dyadically spaced ring filters and four
wedge-shaped orientation filters. which extract the frequency and orientation

information separately.

Some later approaches, Gabor filtering and the wavelet transform, have at-
tracted more attentions in recent years since they agree well with research on

human visual system (HVS). It has been found that the HVS decomposes im-
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ages by several relative narrow-band filters tuned to different spatial frequency
ranges and orientations. and the filtered images are then processed by subse-
quent detectors [25]. Experiments have shown that the frequency bandwidth of
cach filter is about one octave [26] and the orientation range is not more than

30°.

Both Gabor and wavelet filter banks can be designed to be tuned to octave
frequency bands and different orientations. Although the Gabor function is not
a wavelet in a strict sense. it can be implemented in a similar manner to that of

wavelets. This section introduces the Gabor filtering and the wavelet transform.

3.3.1 Gabor Filtering

In determining how the filter should shape an input image. it is desirable that
it have high spatial resolution for object localization. and also high spatial fre-
quency resolution for object identification. Unfortunately. these are two conflict-
ing goals. The Gabor filter has the optimum joint spatial and spatial-frequency

localization. and therefore is often used to construct the filter bank.

A Gabor function is a Gaussian modulated sinusoid function. It is a band-
pass filter with impulse response

1
2ro.0,

sy
T3 sy @)

hiz.y)
where (U, V) is the center frequency of the filter. The corresponding function
in the spatial frequency domain is

H{u,v) = 2 letiel+0-17203) (32)




The values of o, and , determine both the spatial resolution and the spatial
frequency resolution of the filtered image. Low values of o, and g, give high spa-
tial resolution but low spatial frequency resolution, and vice versa. Care must
be taken in selecting (o, o,) and the center frequency (- 1") for cach filter in
the filter bank. There are two kinds of approaches to determining these filter
parameters. The first one tries to design the optimal Gabor filters adaptively
for the separation of the features of given textures {28][30]. while the second
one deals with a more general case and uses a fixed flter bank for all textures.
Unlike the first approach in which the filters may cover only a part of the spatial
frequency domain. the second one usually provides coverage of the entire spatial

frequency plane.

Motivated by the similarities between octave band decompostions and the
HVS, most of the research using the fixed filter bank idea have designed their
filters to be dyadic. Jain and Farrokhnia [27] suggest a bank of Gabor filters
tuned to five radial frequencies and four orientations, as shown in Figure 3.3.1.
Clausi [1] argued that the 45° angular bandwidth of the filters is not in agree-
ment with the HVS and selected a smaller angular bandwidth of 30° for his

filters.

The filtered image is processed nonlinearly (usually by rectification) and
smoothed. The local energies of regions surrounding each pixel in the image
can then be estimated with these responses. These energies comprise the cor-

responding feature vector for future i ion or

is required here because the rectified output often has non-negligible variations

within the same texture area. Among possible smoothing filters, the Gaussian

30



05 05

Figure 3.3: The frequency response of the dyadic bank of Gabor
filters. The axes are in normalized spatial frequencies (taken

from [22])

shaped filter seems o be a good candidatc. Bovik {28] uses the Gaussian filter
that hes the same parameters as that of the corresponding Gabor filters. but
with larger spatial extent. This can reduce the speciral leakage and also pre-

serve fairly good spatial localization

references available in the literatures about using Ga-

There are not many
bor filtering for SAR sea ice image classification. Clausi [1] gives a comparative
study on Gabor filtering and the GLC\ for the SAR sea ice classification and
segmeatation. His experiments showed that “in general Gabor features are more
clusterable than the cooccurrence features™ 1. p.151]. which makes it advanta-
geous in unsupervised segmentation. He also concluded that the cooccurrence
features can capture fine boundary details well with a small window size. Since

smoothing is often required for the Gabor filtering outpur. the Gabor technique
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tends to blur texture boundaries belonging to small regions.

3.3.2 Discrete Wavelet Transform (DWT)

Waveiets are families of basis functions generated by dilations and translations
of a basic filter function. The wavelet functions construct an orthogonal basis
and the discrete wavelet transform is thus a decomposition of the original signal
in terms of these basis functions:
fr)= ¥ ¥ Crvmalz).
b=

2°™r — n) are dilations and translations of the

where the timq(r) = 2-™3{
basic filter function v(z). Unlike Fourier bases which are composed of sines
and cosines that have infinite length. wavelet basis functions are of finite dura-
tion. The discrete wavelet transform coefficients C7* are the estimation of signal
components centered at (2™n.2"™) in the Time-Frequency plane. and can be
calculated by the inner products of tmna(z) and f(z). It is obvious that the
wavelet transform is an octave frequency band decomposition of the original

signal. which agrees well with H\'S. The narrow-band signals then can be fur-

ther and provide a malti-resolution of the original

signal.

The discrete wavelet coefficients CT" can be efficiently computed with a pyra-
mid transform scheme using a pair of flters (a low-pass filter and a high-pass
filter). as depicted in Figure 3.4 [31]. As we can see from the figure. the or-
thogonal multi-resolution analysis of the DWT is characterized by a resolution

factor of 2 between two consecutive scale levels.



Figure 3.4: 3-level DWT of 1-D signals

For images which have two di the filtering and d ling steps
will be repeated in rows and columas respectively. The procedure for two levels
is shown in Figure 3.5. A sample image and its wavelet transform obtained in

this manner are shown in Figure 3.6.

Leni | Lei2

Figure 3.5: 2-level DWT of images

At each level the image can be transformed into four sub-images: LL (both
horizontal and vertical directions have low frequencies). LH (the vertical di-
rection has low frequencies and the horizontal has high frequencies). HL (the
vertical direction has high frequencies and the horizontal has low frequencies)

and HH (both horizontal and vertical directions have high frequencies).
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(a) original image () band image of 2-level  (c) bands of 2-level
DWT DWT
Figure 3.6: 2-level DWT example

Statistical information can be calculated from the resulting sub-images.
These statistics will represent the characteristics of the original image at differ-
ent resolution levels and directions. Typically, a simple energy statistic is com-
puted. More complex techniques such as histogram statistics and the GLCM
can also be applied on the wavelet bands. These are presented and discussed in

chapter 4.

3.4 Summary

In this chapter we have reviewed three kinds of approaches (GLCM, Gabor
filtering, DWT) for texture classification. They have all been categorized as
statistical methods. The GLCM usually works at the pixel level, while the

Gabor filtering and DWT can provide a multi-resolution analysis similar to what

is effectively performed by the HVS. Texture classification using the DWT is

studied in detail in the next chapter.
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Chapter 4

Texture Feature Extractions

with Wavelet Transform

4.1 Introduction

Texture features that are useful for classification usually exist at various scales

For sea-ice textures this also seems to be true as suggested by 21] in the context
of an investigation of the selection of interpixel displacements for GLCMs. A
weakness shared by many texture analysis schemes. including the GLCM and
MRF. is that the image cannot be efficiently analyzed at multiple scales. Thus.
we based our research on the Discrete Wavelet Transform (DWT). which pro-
vides an efficient way to obtain a multi-resolution representation of the texture

image.
The output of the DWT is a collection of images, each of which represents
the component of the original image at specific directions and resolutions. Sta-

tistical information can then be computed for those image bands to complete
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the feature extraction.

This chapter focuses on texture feature extraction methods related to the
Wavelet Transform. In Section 4.2. a simple comparative study is presented
on the selection of different wavelet kernel functions and different signatures.

Section 4.3 igates feature using non-dyadic wavelets. Then

applications of these classifiers on SAR textures are presented in Section 4.4.
Section 4.5 deals with texture segmentation. which provide visual evaluations

of classifiers based on these feature extraction methods.

4.2 DWT Band Signatures

4.2.1 First Order Signatures

Energies

It is typical for filtering approaches. including the DWT. to use the response
energies as the signatures. Energies can be measured by either the magnitude -
or by squaring ()% Before being used as features. the response energies have to
be averaged or smoothed within a local arca when doing texture segmentation.
or wirhin the whole image when doing texture classification. This is because
the responses often have non-negligble variations. especially for the DWT where
different downsample offsets will cause different DWT responses (known as the
shift variant property of the DWT). This variation will be significantly reduced
when averaging over a whole subband is performed. due to the random nature of
textures. And hence we use the average encrgies of the subbands as the texture

features for our classification experiments.



The classification procedure is as follows:

o Training:
Decompose the sample images in the training set with the DWT and
calculate the average energy of each band. That is. if the coefficients of a
band are C(1.j). with 1 < i < Hand 1 € j < IW". where H and I¥" are
the height and width of the band. then the energy is

s
E=mr ;I)::x Clu
This process produces a feature vector for cach image. Vectors belonging

to the same class can be further processed (averaged here) to represent

features of that class type.

o Classification:
Decompose the image to be classified with the DWT and caiculate the
feature vector as in the training step. Compare the feature vector with
that of each class type and classify the image with a minimum distance
method. Here for simplicity. the Eucliean distance is used.

Performance evaluation of the classifier is based on experiments with data set

MBS {see Appendix A). A 3-level DWT is performed. Thus the feature vector

consists of the energies of nine bands when excluding the lowest frequency band

which is sensitive to illuminations. or ten bands when including it. The con-

fusion matrices in Table 4.1 and Table 4.2 show respectively the performances

of the classifiers including and excluding the lowest frequency band, using the

6-order Daubechies [32] wavelet. The row labels correspond to the texture tvpes

of the input test samples, while the column labels indicate the classified types.
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To save space for the table. instead of printing the whole name of cach texture
only the first three charaters are used (i.e. bar, bub. can. gra. lea. san. sto. str.
wou. pac. rub. and lan representing bark. bubble, canvas. grass. leather. sand.

stotie. straw. woolen. pack ice. rubble ice. and land respectively).

[ [ar | bub | can | gra Ica | san [ sto [ str [ woo _pac [ rub | fan]
Thar | 25| 1 |
bub [ 6

1ofes| 2

[

5
ol o] e
SN
e

oo | 2
pac
rub |
Tan | 1

I

Table 4.1: Classification result by 3-level Daubechics(6) DWT energy classifier
(including lowest frequency band). Overall accuracy: 81.51%

The classifier that utilizes the lowest frequency band energy has a much
poorer overall performance. This is because textures are often more character-
ized by mid or high frequency bands. and the lowest frequency band is usually
sensitive to illumination variation. Excluding the coarsest approximation band.
however. might discard useful information corresponding to slow variations of
large scale texture features. A feasible way to avoid this problem is to include
the variance of the approximation band. In fact. variances of all subbands form
an orthogonal decompostion of the overall variance of the original signal (35).

But for simplicity. we just exclude the lowest frequency band in all our experi-

ments presented subsequently in the thesis.
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