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Abstract

As an important aspect of image analysis, texture identification has been pur-

sued by many t Among techni devell

d, the approach of modeling
texture images through a 2-D Autoregressive (AR) Model is of special interest. The
magor problem with the modeling methods is the estimation of parameters due to

the intensive amount of computation involved. From a parallel computing perspec-

tive, imation can be impl d by learning dure of & neural
network, and texture classification can be mapped into a neural computation. A
multilayer network is proposed which consists of three subnets, namely the input
subnet (ISN), the analysis subnet (ASN) and the classification subnet (CSN). The
network obtains the classification capability through an adaptive learning proce-

dure. In the processing phase, images proceed through the network without the

prep ing and feature ion required by many other techniques.
Ani d texture tation teck is proposed Lo segment textured
images. The technique is impl d by ing local region propertics, which

are represented by a 2D AR model, in a hicrarchical manner. It is able to grow
all regions in a textured image simultancously starting from initially decided in-
ternal regions until smooth boundaries are formed between all adjacent regions.

The of the classification and i hni are shown by

experiments on natural textured images.
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Chapter 1

Introduction

1.1 The Texture Analysis Problem

Texture is the term used to describe the organized area phenomena which exist on
the surfaces of objects. Textures can be easily observed from natural images, such
as images of grass lands, leaves of trees, a patch of sandy beach and many other
outdoor scenes. Further examples are the textures that can be found from satellite

hs of ores and minerals, electron micrographs

Limages,
and microscopic images in biological or medical studies.

A universal texture definition, however, is difficult to give because of the diver-
sity of natural and artificial textures. Generally, texture can be considered as “a
structure composed of a large number of more or less ordered similar elements or

patterns without one of these drawing special attention” [1]. In a uniform texture



image, gray values of pixels exhibit some kind of homogeneity. It is believed that
the variation of gray values in one subregion of a texture image will show a sinilar
pattern with those of other subregions of the image.

Texture image classification and segmentation arc the two main objectives in
texture analysis. Texture image classification identifics an input texture sample
as one of a set of possible texture classes, while the aim of texture segmentation
is to divide an image with different textures into subregions that have uniform
textures. For a texture analysis process, the first and the most important. step is
to extract texture features which can generalize the textural characteristics of the
original images. The requirement for this step is to choose the textural features to
be as compact as possible and as discriminating as possible. At the meanwhile, as
a texture analysis process tends to consume long computational time, an cflicient
feature extraction is very critical for a method to be applicd in real application.

Structural and the statistical features have been used for texture feature rep-
resentation. Structural approaches appear to be appropriate for periodic textures
with a low noise level and are not considered to be uscful in real application.
Most statistical features ate based on tonal properties or pattern propertics. They
usually strong in measuring textures from one aspect, but deficient in describing
others. Other statistical methods represent textures by stochastic models. These
methods build more complete statistical models for textured images, however, are

often limited in application due to the ional burden in model parameter




estimation.

In this thesis, the approaches of texture classification and texture
are explored with 2-D Autoregressive (AR) model representation and neural net-
work implementation. Special efforts are made in secking a natural combination
between 2-D Autoregressive (AR) model and neural network concepts to perform
a texture analysis task efficiently. The main idea is motivated by two important

1 istics of neural ion, namely the highly parallel execution and the

adaptive learning ability. With the neural ion, the process of establishi

a stochastic model for a given texture maps to a neural adaptive learning process.
Compared to models estimated by least square error (LSE) technique, which is

often used for

hastic model imation, models built by the neural
computation have proved to be more adaptive to gray level variation and more
tolerant to the possible noise contained in natural images.

A texture segmentation algorithm, which can be considered as an application
of the designed neural network, is also proposed. Current texture segmentation

algorithms can be classified to four categories, including algorithms based on es-

timation theory, clust detection, and region ion, The it
Yy Bl

edge

tion algorithm proposed in this thesis is an i d region

which combines the strengths of region splitting and merging and the region grow-

ing techni for texture i The algorithm is superior to a region

merging and splitting algorithm in its parallel nature. The regions produced do



not depended on the sequence in which regions are merged. Some drawbacks of
a region growing téchnique, such as, seed part is decided in a supervised manner
and a seed part only contains one pixel, are also overcome. To handle the situation

in which the types of textures appearing in an image under investigation are not

known beforehand determini h is designed to be used before

a type

the segmentation procedure to decide the textures included in the image.

1.2 Structure of the System

The proposed neural network consists of three subnets, namely the input subnet
(ISN), the analysis subnet (ASN), and the classification subnet (CSN) (Figure 1.1).
Each subnet consists of more than one layer of nodes. Every two adjacent subnets
have forward connections, in which the output of each subnet serves as input to
the next subnet in the network.

The input subnet accepts a texture pattern as input and distributes the nor-
malized input pattern to the analysis subnet. The analysis subnet consists of a set
of channels, each of which models a particular texture class by a 2-D AR modcl
and produces an error value that measures the difference between an input texture
pattern and the pattern gencrated by that channel using the AR model. The anal-
ysis subnet computes a set of total error values. The classification subnet decides,
using a competition mechanism, to which texture class the input pattern belongs.

An overview of the proposed segmentation algorithm is given as a flowchart in
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Figure 1.1: Overall structure of proposed neural classifier.
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Figure 1.2: Overview of the segmentation procedure.

Figure 1.2.

1.3 Organization of This Thesis

This thesis is organized into cight chapters. Chapter Two briclly surveys existing

texture classification and Igorith

Chapter Three reviews typical

neural networks and their application in image analysis and processing. Chapter

Four introduces how the 2-D AR model can represent a two-dimensional random

6



field defined on a textured image. The method of using neural computation to

perform 2-D AR model imation is also addressed in this chapter.

With the neural computation introduced in Chapter Four, the Chapter five de-

scribes the overall multilayer network and the ions for neurons
at each level during the application phase of the network. In order to deal with im-
ages in the orientations different from training samples, Chapter Six provides two
modified versions of the neural network to recognize textured images in arbitrary
orientation. As an application of the neural network in Chapter Five, a segmenta-

tion algorithm, which is an i d region is proposed in

Chapter Seven. The perfc of the Igorithm is also di

The conclusion and discussion are given in Chapter Eight.



Chapter 2

Survey Of Texture Analysis

Techniques

2.1 Introduction

This chapter gives a brief review of existing texture features and texture classifi-

cation i Texture hni including methods based on

estimation theory, edge detection, clustering, edge extraction and region extrac-

tion, are also discussed.

2.2 Texture Features

Pure structural viewpoint assumes that a texture is described by some primitives

following by a placement rule. In this view, a texture is considered to be generated



by primitives which occur dl ding to the pl rule. Such meth-

ods are greatly limited because the types of regular textures that can be described
by structural features are seldom encountered in the real world. Hence, structural
features have been of little interest to most rescarchers.

As a result, the major focus in texture analysis over the last twenty years
lias been on statistical approaches. From the statistical point of view, texture is
regarded as a sample of a probability distribution on the image space. Texture is
cither defined by statistic features or a stochastic model which is characterized by

a set of parameters.

2.2.1 Commonly Used Statistical Features

In the late 1970’ and early 1980's, most statistical approaches were based on the
extraction of statistical features such as spatial frequency and probability densities
of various local or co-occurrence properties. Some of those features have been

such as classification of geological terrain

successfully used in specific

images, satellite images of clouds, and some segmentation experiments.

In the following hs, seven types of ly adopted statistical fea-

tures, together with their ad ges and limitati are briefly discussed



2.2.1.1 Features from Digital Transform Techuiques

In the digital i an image is d into a new li

system, such as the sin-cosine basis set in the Fourier transform or the Walsh func-

tion basis set in the Hadamard transform. The coefficient values in the transformed

image relate to spatial frequency. Since fine textures are rich in high frequencies
and coarse textures are rich in low frequencies, the information from the trans-
formed image in the spatial space can be used to identify texturcs. Several types
of transforms, including Fourier, Hadamand and Slant transforms, have been used
in this manner to do texture analysis. It is reported that no big difference has
been found among the different transform methods [2].

The power spectrum can also be adopted to measure textures. In power spec-
trum method, three features are commonly used: (1) annular-ring geometry, which
gives a total contribution of light energy of one frequency component, independent
of direction; (2) wedge sampling geometry, which gives the total cnergy of one

direction ind, dent of fr

quency; and (3) parallel-slit sampling geometry, which

measures the energy transmitted through a slit of specificd length and width when
the Fourier plane is rotated to a specified angle.
2.2.1.2 Features from the Autocorrelation Function

The autocorrelation function can be used to describe textures because it indicates

the sizes of primitives. In a textured image, the autocorrelation function will drop



off and risc again periodically. If the primitives of the image are relatively large, its
autocorrelation will drop off slowly with the distance. If the primitives are small,
the autocorrelation will drop off quickly with distance. The spatial information

can therefore be cha ized by the lati fici

This approach is related to the Fourier transform technique in that the au-
tocorrelation function and the power spectral density function are the Fourier
transforms of each other. Experiments have also shown that both methods have

similar performance [8].

2.2.1.3 Features from Spatial Gray-Tone Dependence (Co-occurrence)

The spatial gray level dependence method is based on the estimation of the joint
condition probability density function, P(i, j|d,0). Each P(i,j|d,0) denotes the
probability of concurrence of a pair of gray levels (i, ) at distance d and angle
0. The estimated values can be written in a matrix forta, which is called the
concurrence matrix. As such matrices of gray level spatial dependence frequencies
depend on both the angular relationship and the distance between gray values in
an image, they can capture both the direction and the size information. A variety
of measures can be employed to extract useful textural information from those

matrices, such as energy, contrast, correlation, entropy and local homogeneity (3].



2.2.1.4 Features from Generalized Gray-Tone Spatial Dependence

This method is similar to the co-occurrence method in that both describe textures
by estimating the joint probability distribution. The co-occurrence method caleu-

lates the probability of two pixels with given grey values and distance, while this

method describes the local texture information by calculating the joint probability

distribution of a neighbor with eight dir

The generalized Grey Tone Spatial Dependence considers an of
gray values of a pixel neighborhood as a primitive. For example, a 3 x 3 neigh-
borhood with 4 gray levels for each gray value will have 4° different primitives.
Histogram statistics which indicates the frequency of the occurrence of all the
primitives in an image can then reveal the texture information. The problem with
this technique is the heavy computation due to the high dimensionality for the
probability distribution.

Recently, a texture spectrum approach was proposed which is a variation of
Grey Tone Spatial Dependence [28]. In this approach an cight clement neighbor-

hood £y, B, Ey...... 2y is defined as

0 Vi<V

Ei=q1 ifVi=V

2 ifVi>V
where V; is the grey value of a neighborhood element and Vj is the central cle-

ment. In this way, the number of primitives can be reduced but some of the detail

12



information is lost as well.

2.2.1.5 Features from Texture Edgeness

Textures can be described by the number of edges within per unit area [39] because
coarse textures have a small number of edges per unit area and fine textures have a
large number of edges per unit area. By using this approach, a gradient image can
be first obtained by using Robert’s gradient measure or other gradient extraction
techniques. The average value of the gradient in the image can then be calculated

to characterize a texture.

2.2.1.6 Features from Run Length

A grey level run is a set of consecutive pixels with the same grey level value. Given
the direction of the run, a matrix can be constructed in which each element P
indicates the number of runs with length j for grey value i. For a coarse texture,
relative long runs would occur relatively often. In contrast, short runs would occur
more frequently for fine textures. Several features can be defined, i.., long runs
emphasis, gray distribution, run length distribution and run percentage [8]. This

method is very sensitive to noise [2].

2.2.1.7 Features from Filter Masks

A set of masks can be used to characterize textures [9]. The approach consists of

two steps. In the first step, a zero sum mask is used to convolve a whole input

13



image. The convolution masks are designed to be sensitive to structures such as
edges and spots. In the second step, a measure called Lexture encrgy is evaluated
at each pixel in the convolved image over a large window by summing the values in
the window. For a particular texture, the texture cnergy s conjectured to be within

a certain range, so different texture energies can distinguish different textures.

2.2.2 A Comparison of Statistical Features

Many of the features described above have been used in special applications. A
wide class of images have been tested by using the gray level co-oceurrence method
and the gray level tone features [4, 5, 19, 8]. It was concluded that features based on
the gray level co-occurrence and the gray level tone perform much better than fea-
tures from Fourier transforms [1, 8]. Therefore it is believed that texture patterns
are more appropriately modeled in the space domain rather than the frequency
domain since both gray level co-occurrence and gray level tone characterize the
spatial relationships of gray levels in an image. One drawback for the co-occurrence
method is that it consumes a large amount of computation because many matrices
have to be computed. Another limitation is the lack of any theory to guide for
choosing a particular set of features. For gray level tone features, the computation
time can be extremely long because of the histogram technique adopted.
Features from texture edgeness are poorer than that of the concurrence method

but better than that of the frequency method [1, 8).



The gray level running length method is very sensitive to noise, so it is not
considered for gray value images. It is, however, suitable for binary images [2].

From the computational efficiency point of view, features from filtered masks
can be regard as low cost features. The limitation is that a single mask is normally
ideal in reflecting only one aspect of texture properties, e.g., edge detection or
spot detection. Since natural images are often complex, it is hard to distinguish

all textures by using one mask.

2.2.3 Describing Textures by Stochastic Models

Another statistical approach is to model a texture as a stochastic random field. In
this approach, a textured image is viewed as a realization of a stochastic process
which can be specified by a set of parameters. These parameters can then be

used to identify textures in classification and segmentation. Since 1980, many

hers have been i d in using stochastic models to represent textures.

The random models most commonly used are the Markov Random Field (MRF)
10, 11, 12], the Gibbs Random Field (GRF) [22, 24, 23] and the 2-D Autoregressive
(AR) [14, 15, 16, 30] models.

bast: b

for texture identification used MRFs

An carly study of
[10]. These are multidimensional generalizations of Markov Chains, which are

defined in terms of conditional probabilities based on spatial neighborhoods. There

are different orders of neighborhoods. Each neighborhood ds to a clique



class (a clique is a graph whose vertex set is composed of vertices such that each
one is a neighbor of all others). A set of parameters associated with the cliques of a

given neighborhood ion dt ine a MRF. These i a

feature space and thus can be used for texture classification and segmentation. The
major disadvantage with these models is that the estimation of these parameters
is very difficult.

Using an AR model, a textured image can be synthesized as a linear combi-
nation of the neighboring values with random noise values. The coefficients of
these linear combinations could be considered as a sel of features which explicitly
express the spatial relation of each pixel with its neighbors. The estimation of the
AR model is less difficult than that of MRF or GRF [14, 15, 16, 30].

In any stochastic model texture analysis approaches, three problems to be con-

sidered are: (1) choosing the model and the order of the model (or the appropriate

ighborhood); (2) estimating the of the model; and (3) choosing the

lassification or i hni The first two problems arc

closely related with each other. A higher order neighborhood certainly increases

the accuracy of the chosen model, but at the same time it also makes the stochastic

of the ly difficult. Different techniques are used to
make such computations possible.
Due to the complexity of these models, choosing an appropriate neighborhood

becomes very difficult. Some possible procedures, such as Akaike's information

16



criterion, are used to decide a neighborhood [26]. A very heavy computation is
involved in those procedures. Usually, a fixed size neighborhood is empirically
determined.

For model parameter estimation, an early used technique is the coding method
introduced by Besag in [20]. The coding method is basically a maximum likelihood

that yields i which imize the conditional joint

distribution. By using this approach, an image is divided as two subsets, such
that points of the two subsets are evenly intersected on the image. A maximum
likelihood estimation from one subset can be obtained by the condition that the
other subset is fixed; estimation of the other subset can then be achieved in the
same way. The result is given by combining the two procedures properly. This
method results in low efficiency because only a subset of the data is used.

An alternative parameter estimation was proposed for GRF [22] which con-
sists of the histogram technique and a standard linear least square estimation.
This approach expresses the sum of the potential functions by a set of compo-

nents di

p to all cliques contained in the neighborhood, and then using
a histogram to estimate the joint distribution and obtain the parameters. The
computation is easier than that of the coding method.

Least square estimation (LSE) and i likelihood estimation (MLE) are

commonly used methods for parameter estimation. The results obtained by LSE

and by MLE are nearly the same, however, the former is computationally easier.



Hence least square estimation is more fr ly used in

2.3 Classification Techniques

In most cases, a non-parametric classifier is used in texture classification since the
pattern class distributions are not known. The nearest neighbor (NN) approach is
frequently adopted. This decision rule assigns a pattern to the nearest class among
all possible neighbors, which are computed from training samples. Buclidean dis-
tance is commonly used as the distance metric.

There have been attempts to design orientation independ al-

gorithms by averaging features over different directions (18, 19]. For example, it
has been suggested that features defined on gray level co-occurrence matrix can
be averaged over four matrices computed from 0, 45°, 90° and 135”. Ilowever,
the performance of such features has not been tested in experiment which uses
differently oriented samples of textures. A stochastic texture model called the
circular symmetric autoregressive mode was proposed in [18], which utilizes a cir-
cular neighborhood. The elements of this circular neighborhood can be thought
of as symmetrical points located on a unit radius circle. Three rotation invariant

features can in turn be extracted from this circular neighborhood.



2.4 Segmentation Techniques

Segmentation is the partitioning of an image into regions that are homogeneous

with respect to some ch istics. Texture i iques can be cate-
gorized into four classes: (1) cstimation theory based ion; (2) edge based

tion; (3) clustering based jon; and (4) region based segmenta-
tion.

2.4.1 Based on Estimation Theory

Three jon techniques using Maximum A Posleriori (MAP) estimation

have been developed, namely dynamic programming, stochastic relaxation (simu-

lated ling) and di

When using MAP as the estimation criterion, the object is to have an estimation
rule which yields # so that maximizes a posteriori distribution P(X = ¢|V = y) for
a given 4. The difficulty in determining x is due to the fact that the maximization
NNz

is o be done over M possible configurations in an M-valued image of size

Ny x Ny. To make the ion possible, imations are adopted in each
technique from different viewpoints.
2.4.1.1 Dynamic Programming

MAP estimation techniques are used to develop suboptimal but computationally

tractable segmentation algorithms to segment binary textured images [21]. Such
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algorithms use two stages of dynamic programming. In the first step, a generalized
dynamic programming algorithm is applied to each row of the image, yielding a set
of candidate segmentations for each row. Ta the sccond step, a final segmentation

is formed from the partial results calculated in the first stage.

Dynamic ing can b ded to multilevel images by adopting Gibbs

Distribution (GD) [22]. A hi hical GD model is d of two levels. At

the higher level, a GD model is used to divide image pixels into regions with
similar features. That is, if a pixel is of a certain type, ils neighboring pixels
should also have a high probability of being the same type. At the lower level,
the features are modeled by another set of GD. Based on this hierarchical model,
the MAP estimates for the processed region are carricd out recursively. Because

of the ional lexity, the recursive algorithm is arranged as

follows: first, a D-row strip is processed and an estimation for the strip is obtain
by dynamic programming. Only keep the estimation for the first row and discard
the rest. Then the strip consisting of rows from 2 to /) +1 is processed in the same
way, and so on, until the estimation for the whole image is obtained.

However this method is computationally tractable only for small grey value
scales. For images more than four grey levels, hierarchical segmentation is con-
structed as a sequence of binary segmentation processes, i.c., an image is first
segmented into two region types, each region is then segmented into two subre-

gions, and so on. This algorithm is reported to be successful on images containing



2 or 3 texture types, where each texture type has 2 or 4 grey levels.

2.4.1.2 Stochastic Relaxation

A hierarchical stochastic model based on the Gibbs Distribution for texture image

was in [24]. Stochasti jon and simulated li

were used for ing the MAP estimation for

A Gibbs Distribution has the following representation

Ty = ———

where T stands for a computational analogue for “Temperature”. High tempera-
tures indicate a loose coupling between neighboring pixels and & chaotic appear-
ance. At low temperature the coupling is tighter and the image appeats more
regular. Simulated annealing is a process that slowly decreases the temperature T
and forces the system into a low energy state.

This algorithm can converge to a global maximum. However, convergence to a

global minimum is extremely slow and hence is not practically implementable. In

practice, it either converges 1o a local maximum or terminates before it g

at all.

2.4.1.3 Deterministic Relaxation

Another kind of relaxation, named d inistic relaxation, was introduced in [25].

Let y = {1i;) be the observed image and « be the segmentation of image y. The
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objective of segmentation is to maximize P(X = )" = y) with respect to
for a given y. In the deterministic relaxation problem, the scheme to maximize

P(X = 2|V = y) is: select a pixel (i,j) and assume all neighborhood pixels

(k1) # (i) are to be fixed at their optimum values; then update ;, by the value

that maximizes P(X = 2|}

= y). Then move to other pixels and update cach

one sequentially. After many iterations the algorithm converges to the maximum

of P(X Y =y). This d inistic relaxation is faster in but not

necessarily converges to a global one. In order to avoid to a local maximum, the
method of varying the neighborhood during each iteration of the relaxation was
used to make the convergence closer to the global maximum.

In a comparison described in [25], the results produced by deterministic relax-

ation, 1

and dynamic ing algorithms showed to be

ble. The deterministic relaxation with varying neighborhoods was demon-

strated to be faster than stochastic relaxation and appeas to be less possible Lo

1

converge to local maximum than the d is. From the exper-

iments presented in [21], [22], [24], and [25], segmentation techniques based on
estimation theories are mostly applied to images with only 2 to 4 gray levels and
containing two or three textures. Besides, they require a large number of passes

over the image and are extremely time consuming.



2.4.2 Based on Edge Detection

In object identification, edges can be extracted by identifying abrupt gray level
changes in an image. For a textured image, edges between texture regions can
be detected by identifying the changes in texture feature values. In extending
conventional edge detection methods to perform texture segmentation, the texture

features are d by using overlapping or lapping windows over the

image, and the texture features extracted from each window ave then transformed
into real values. An edge detection operator (such as the Roberts operator ) is
then applied to the transformed new image to obtain a gradient image. Finally, a
predefined threshold is used to decide texture edges.

Several edge based segmentation techniques exist [37, 36, 38]. The main differ-
ence between those edge based segmentation techniques is the choice of the texture
features.

Some drawbacks with this approach are: (1) at the place where the change of
feature images between two regions is not abrupt enough, a gap occurs and the
edge might be lost. Henve closed edges cannot be produced and linking procedure
is needed to connect the incomplete edges into closed boundaties; and (2) the
threshold value which is used to decide edges on gradient images is hard to be

defined because of the complex boundaries between various textures.
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2.4.3 Based on Clustering

In a textured image, each class of homogeneous regions is assumed o form a
distinct cluster in the space of features selected. A clustering technique extracts
texture features for each pixel in an image, and a clustering method is then used
to group the points in the feature space into clusters [34, 35].

Some limitations of this technique are: (1) large amounts of computation time
are required because features have to be extracted for each pixel in an image; (2)
such clustering produces noisy boundaries because the neighboring information is

not considered.

2.4.4 Based on Region Extraction

Region tion is perf d by ing local region propertics extracted over

an appropriate window. This type of method includes the splitting and merging
approach and the region growing approach.

A fundamental problem in a region based approach is the choice of an appropri-
ate window size over which the local properties are extracted. If a small window is
used, the properties are not reliable and it is difficult to accurately detect texture
boundaries. If a textured image is measured over a large window, it is hard to find
uniform texture regions.

A splitting and merging technique using a pyramid structurc was described in

[40]. In this approach, a block is determined as a uniform region if its contained
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blocks are considered to be similar in texture properties. Otherwise, the block is
split and the process is repeated for each of its contained blocks. The segmenta-
tion is completed when no undecided block is left on the image. The boundaries
produced by this method tend to be a sawtooth shape because of the difficulty of
deciding the region properties when blocks are very small.

In the region growing technique, regions are extended from some starting points
until the boundaries of regions are reached. A region growing technique was intro-
duced in [42], in which each region in an image is grown starting from a selected
position by using a modified random walk technique. In this walk, a move is made
from a pixel to its neighbor if the similarity between the two pixels satisfies a
predefined threshold. For each pixel in the image, a count is used to record how

many times that pixel is visited. Regions are then extracted by thresholding the

visit-count array. Some limitations of this h are: (1) long
time is required since features have to be computed for each pixel in the image; (2)
large memory is required because a counter has to be used for each pixel during
the random process; (3) some interior points in the regions are mislabeled because
of the random nature of pixel visiting.

Compared to the clustering and the edge detection methods, the results pro-
duced by region based methods tend to be more stable and less noisy. One difficulty
of region extraction methods is that there is no simple way to properly incorporate

the local feature information. Another common limitation is that a great deal of
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computation time is required because the procedures are performed in au ilerative

manner.
The principles of primary texture classif and tech
their strengths and weak as well as the performa have been reviewed in

this chapter. A general review of current neural networks will be given in the next

chapter.



Chapter 3

Neural Networks

3.1 Introduction

A review of important neural networks is presented in this chapter. In the past
decade, there have been increasing interest in artificial neural networks, due to the
learning capability and massive parallelism. A neural network is specified by a
net topology, node characteristics, and a training rule which specifies how node-
connection weights should be adapted during the learning process. Information is
encoded in a neural network in a distributed fashion, and the ability to give correct
output for cach input is learned by training on selected samples according to the
training rule.

Neural network systems have received extensive attention in the area of pattern

recognition in recent years and have been applied to many areas, such as character
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recognition, image analysis, natural language processing, and speech recognition.
The focus of this chapter is on those networks which have found their application

in image processing and image analysis.

3.2 Back Propagation Neural Network

The back tion algorithm provides a hanism for the develop of

networks of units with idal acti functions [54].
It assigns a strong discrimination power to multilayer networks. Theorctically,
multilayer networks can be considered as nonlincar maps with the clements of the
weight matrices as parameters. A typical multilayer nctwork includes an input
layer, an output layer and one or more hidden layers. The weights hetween two
layers are adjusted to minimize a suitable function of the error between the ontput
of the network and a desired output of the network. A discontinuous mapping
such as a nearest neighbor rule is used at the last stage to map the input set

into points in the range space corresponding Lo output classcs. In recent. years,

back tion networks have repeatedly shown their high discrimination ability.

These networks are capable of recognizing morc complex patierns than those that
can be recognized by the classical image analysis operations.

Multilager networks trained by the back-propagation algorithm have proved
to be extremely successful at solving pattern recognition problems [47, 49]. In

image analysis, back-propagation has been applicd to taret recognition, character
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recognition, image compression, and image coding [50, 51, 52, 53].

3.3 Competitive Neural Network

A competitive neural network consists of laterally interconnected nodes. The inter-
action in a compelitive neural network includes positive interaction from a node to
itsell and negative interaction between a node to other nodes. Typical competitive
networks are the Maximum network and Hopfield networks [55].

In a discrete Hopfield Network, all nodes in the net are connected to all others.
A number of state vectors can be stored in such a net. If a distorted pattern is pre-
sented to the net, the net has the ability to recall the original pattern (64, 65]. The
continuous Hopfield network is well suited to class optimization problems which
can be described in terms of a energy function [65]. In this type of application,
a problem is represented as a set of constraints, and energy function is designed
according to those constraints. A weighted matrix is then constructed according
to this energy function, and a differential equation that describes the dynamics of
cach neuron in the network is derived from this weighted matrix. The best solu-
tion can be derived by using the differential equation to minimize the configuration
energy until the network converges to the lowest energy configuration.

Hopfield networks provide an alternative approach to pattern recognition, and

have been used in object ition [67), image ion (6] and the cor-

respondence problem in stereo vision [68]. Limitations of the Hopfield networks
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include: (1) in discrete Hopfield net, the number of patterns that can be stored
and recalled is severely limited by the number of nodes required; and (2) for con-
tinuous Hopfield networks, it is often very difficult to define a weight matrix to

well represent constrains of an application [55].

3.4 Kohonen Self-Organizing Network

Kohonen's self-organizing network [60] consists of a single layer of ncurons. Those
neurons are highly interconnected within the layer as well as to the outside world.
The Kohonen network can be considered a mapping in which points in N-dimensional
patiern space are mapped into a smaller number of points in an output space. This
mapping is achieved in a self-organized manner. The network has been used in

object segmentation [69].

3.5 Adaptive Resonance Theory

Adaptive resonance theory (ART) [59, 47] is an extension of competitive learning
schemes in which the learning of new information does not destroy old information.
A feedback mechanism exists between the competitive layer and the input layer of
a network. This feedback mechanism automatically switches between the stable
and the plastic modes. If the network has learned previously to recognize an input

vector, then a resonant state will be achieved quickly when that input vectors is
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presented. If no match is found, the network will enter a resonant state in which
the new pattern will be stored for the first time.
Two architectures named ART1 and ART2 have been developed for binary

input vectors and for gray-scale patterns respectively [48].

3.6 Other Networks

Several multilayer networks have been built for special purposes. Neocognitron
is one such network which was designed for character recognition [57, 58]. The
model is a hierarchical network consisting of many layers of cells, and variable
connections between the cells in adjoining layers. At low stages, simple features
such as horizontal and vertical short line segments are extracted and at high stages
more complicated features are obtained based on the result of carly stages. By
supervised learning or unsupervised learning, the network can obtain the ability
{o recognize input patterns according to the differences in their shapes.

Other multilayer networks designed for image analysis include a five stage net-
work designed for invariant object recognition of binary images [61], mutilayer

Gabor-based Networks for image ion 62, and a hierarchical neural net-

work for edge enhancement [63].
Typically, multilayer networks have the following limitations: (1) leatning is
slow when complex decision regions are required; and (2) a very large number

of nodes can be required by a complex recognition task. In this case, it may be
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impossible to reliably estimate weights from the training data.

3.7 Learning Methods

There are two types of learning procedures, namely supervised learning and unsu-
pervised learning. In supervised learning, a network is provided with a number of
training sets in which each set consists of an input pattern and a desired output.
The neural network updates its internal weights according to both the input and
output data so as to produce the correct output for cach input pattern [54, 55, 56].
Unsupervised learning assumes no correct responses arc provided to a learning
procedure. A network updates its weight according to the input patterns under
certain assumptions about the nature of the data. Unsupervised learning usually
refers to the learning procedure in self-organizing nets, for instance, the Adaptive
Resonance Theory (ART) [59] and the Kohonen feature map [60]. The limitation
of unsupervised learning is that it cannot learn arbitrary functions.

Most multilayer networks adopt supervised training [54, 56, 57]. In supervised
learning, a network is provided with input-output pattern pairs. For cach pair,
the network updates its internal weights to decrease the difference between the
actual network’s output and the desired output. The weights are iteratively ad-
justed until the network can produce the desired output in response to each input
pattern. Usually, in order to respond correctly to a sct of input patterns which

require different outputs, all pairs of input patterns and outputs will be alternately
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presented many times to a network.

The supervised training of a multilayer network typically involves a forward
propagation phase followed by a backward propagation phase. The forward prop-
agation phase starts by providing an input pattern to the input of a network,
propagating the input forward through the hidden layers, and obtaining an output

at the output layer. In the backward ion phase, the diffe between the

output produced by the network and the desired output is calculated. A weight
changing rule is then applied backward through the layers to change the internal
weights of the network according to the amount of the difference value.

The square of error is usually utilized to measure how close a newwork is to

obtaining the desired output. This value is d as the learning p.
proceeds. A learning procedure eventually stops at the state of convergence when
the value of the square of error is equal to or less than a predefined value.

A general survey of important neural networks, the learning algorithms, and
the application of neural networks on pattern recognition and image analysis has
been given in this chapter. The principle of using neural computation in texture
discrimination, the structure of the proposed neural network, its learning delta

and i dure will be d from the

rule, and the

next chapter.
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Chapter 4

The 2-D AR Model
Representation And Its
Parameter Estimation through

Neural Computation

4.1 Introduction

In the previous chapter, 2-D AR model has been proposed in texturc representation
for the purpose of texture classification or segmentation (14, 15, 16, 30]. Howcver,

due to the difficulty and ion burden of imation, low cf-

ficiency is often produced and the accuracy of discrimination is also affected. In



this chapter, a method of performing 2-D AR model imation through

a neural ion is impl d. Tt d that, with the adaptive ca-

pability of the neural network, the 2-D AR model parameter estimation can be
carried out in a natural way. The corresponding neural structure and a detail

derivation of the neural computation formulas are also presented.

4.2 The 2-D AR Model Representation

Let {y(i,j)li € 1,..., M,j € 1,...,N} be the sct of gray values of a given M x N

image. As a 2-D random field, (i, j) can be described by the following equation:
Y(ind) = X 0ry((is5) @ ra) + Bl 4), (a1)
rogh

where ¢ denotes the associated neighborhood, 0, is a set of parameters of the AR
model which characterizes the dependence of a pixel on its neighbors. Each 0,,
is related to the gray value of a neighboring pixel at position ((i,) @ r,), where
“))" is an operation which displaces position (i,j) to a position in the neighborhood
of (i, j) according to displacement 7. 4(i,j) is an independent Gaussian random
variable with zero mean and unit variance, and 4 is the coefficient of 4 (i, ).

The above equation can be interpreted as follows: in a textured image, the
gray level y(i, j) at location (i, ) is related to the linear combination of the gray
values of its neighboring pixels through the set of parameters 0,,. In other words,

the gray value of a pixel in a textured image can be represented by a combination
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(a) 3 x 3 neighborhood (h) neighborhoad used in our algorithm

Figure 4.1: The neighborhood in 2-D AR model.

of gray values of its neighboring pixels which is specificd by 0,,. In this sensc,
the parameters 0,, can be used as a feature vector to distinguish different types
of textures. The model parameters 0, can be estimated from a given window.
Compared to MRF models, a 2-D AR model has the advantage that the cstimation
of parameters is more direct. The least square estimation (LSE) and the maximum

likelihood estimation (MLE) methods are ly employed for the paramete

estimation of AR model. In this thesis, neural computation is used to cstablish
2-D AR model for textures and o further identify textures by using the model.
One of the major difficulties of modeling textures by a stochastic model is sc-
lecting an appropriate neighborhood. Usually, a model with a large neighborhood
fits textures better than a model with a small neighborhood. However, a small
neighborhood can reduce the burden of computation. Details regarding the deci-

sion rules for choosing appropriate size and shape of a neighborhood can be found
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Figure 4.2: The neighborhood with 24 elemeats.

in [26, 27]. For computational simplicity, the 3 x 3 neighborhood (Figure 4.1(a)) is
chosen by most techniques. In this thesis, a 3 x 3 neighborhood with four additional
diagonal neighbors (Figure 4.1(b)) was chosen in order to represent more neigh-
boring information within a reasonable amount of computation. For comparison,
a 24 clement neighborhood (Figure 4.2) was also utilized in an experiment. Re-
sults indicated that the 2-D AR model with this large neighborhood shows stzong
discrimination ability in the classification of some test texture samples. However
the parameter estimation process for such a model is much more computationally

expensive than a model with neighborhood shown in Figure 4.1(b).
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