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Abstract

As an important aspect ofimnge analysis, texture identification ha~ !le('11 ]Jur­

sued by many researchers. Among techniques developed, Lite apllro<\ch of lILI)(ldillg

texture images through a 2-D Autoregressive (AR) Model i~ of special lnkrest. Tlw

major problem with the modeling methods is the c!\timnlion of llarumdl~ndllt' In

the intensive amount of computation involved. From a parnllcl cOlliputing lI('fS!'I'("

live, parameter estimation can be implemented by learning proCL'(!llTC of;1 llCllwl

network, and texture classification can be mapped into a ncufal conl!mlaLioll. A

multilayer network is proposed which consists or three suhnets, llnmdy the illl'lI!

subnct (ISN), the analysis subnct (ASN) and the classification sllhnd (c.:SN). TIll:

network obtains the classification capability through IUt ll.llaptive learning !'rOCt:.

dure. In the processing phase, images proceed through the nclwork without lIl'!

preprocessing and feature extraction required by many other lechniflu ....'li.

An integrated texture segmentation technique is proposed to ~cglllCllt tcxLurcri

images. The technique is implemented by comparing local region prolll~rtic~, wbidl

are represented by a 2·D AR model, in a hierarchical manner. It is ahle t(, grow

all regions in a textured image simultaneously starting from initially decided in·

ternal regions until smooth boundaries arc formed hetwccn all :l.lljacclll rc~ioll~.

The performances of the classification and segmentation techniqucs nrc sh'jwlI Ily

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

11~ images of grass lands, leaves uf trees, a patch of sandy beach and many other

outdoor sccnes. Further examples are the textures that can be found from satellite

lIIulispcctral images, photomicrographs of ores and minerals, electron micrographs

and microscopic imnges 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

stmcturc composed of a large number of more or less ordered similar elements or

patterns without one of these drawing special attention" [I). In a uniform texture



image, gray values of pixels exhibit some kind of homogl'neity. It i~ bcliewI[ l.\mt

the variation of gray values in one subregion of a texture i\l1llgC will sholl' a ~iEllilar

pattern with those of other subregions of the image.

Texture image classification and seglllentation arc the two maill oujel-tiws in

texture analysis. Texture image dassification identifies an input ~exlurc sample

as one of a set of possible lexture classes, while th<:! aim of lextllre sel:\llIelllnlillll

is to divide an image with different tcxturflS into subregions that have uniform

textures. For a texture analysis process, the first and the lIIost importanl slep is

to extract texture features which can generalize lhe texturn! charadcr;slil~s of lilt'

original images. The requirement for this step is to choose llll: texlurnl r(~l\lllreS 10

be as compact as possible and as discriminating as possilJle. At lIle Illcatlwhilt:, as

a texture analysis process tends to consume long compntational timc, an ellkient

feature extraction is very critical for a method to be allplied ill rent llppliClllioli.

Structural and the statistical fedures have been used for lexture realllre rep­

resentation. Structural approaches appt:ar to be approprialc ror periodic texlures

with a low noise le\'el and are not considered to be useful in real applicalion.

Most statistical features are based on tonal properties or paltern prollcrtieli. They

usually strong in measuring textures from one aspect, but deficient in descrilJillJ;

others. Other statislical methods represent textures by stochaslic models. The~e

methods build more complete statistical models for lexlured images, Ilowf:ver, lire

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



e~till1ation.

In thi~ thesis, the approaches of texture classification and texture segmentation

arc explored with 2-D Autoregressive (AR) model rept'esentation and neural net­

work implementation. Special efforts are made in seeking 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

characteristics o[ neural computation, namely the highly parallel execution and the

adaptive learning ability. With the neural computation, the process of establishing

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 stochastic model parameter estimation, models built by the neural

computation have proved to be more adaptive to gray level variation and more

tolerant to th~ 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, clustering, edge detection, and region extraction. The segmenta­

tion algoriUlln proposed in this thesis is an integrnted region extraction technique

wI,icll combines the strengths of region splitting and merging and the region grow­

ing techniques for texture segmentation. 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 arc merged. Some drawlmrk. "r

a region growing technique, such iLl, seed put is decided in a sllVL'TviSt.'t1 I\mnner

and a seed part only cont&ins one pixel, arc also overCOIIICl. To handle the situa1ion

in which the types of textures appearing in I\n image untler investigation arc not

known beforehand, a ty~ determining mechanism is do;igned 10 be IIsctl Iwfon'

the segmentation procedufC to decide the textufCs includ<.'C1 in tile image.

1.2 Structure of the System

The proposed neural network consists of three subnels, namely the input ~ullnd

(ISN), the analysis subnet (ASN). and the classification suhnel (CSN) (~'igurc 1.1).

Each suhnet consists of more than one layer of nodes. Every two adjacent subneb

have forward connections, in which the output of each subnet serves as input 1"

the next suhnet in the network.

The input suhncl accepts a texture pattern as input and distribut<:s the nor­

malized input pll.Uern to the analysis suhnet. The analysis subncl consids of a lid

of channels, each of which models a particular texture clau hy a 2-D AR mllliel

and produces all. error value that measures the difference between all. input texlure

pattern and the pattern generated by that channel using the AR model. The nUI\I­

ysis subnet computes a set of total error values. The c1a.uificnlioll subncl decirlCK,

using a competition mecha.nism, to which leJdure dan the inpul pattern helongs.

An overview or the proposed segmenta.tion algorithm is given as a flowchlut ill
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Figure 1.1: Overall structure of proposed neural classifier.



J
I Parillo" an input image into disjoint blocks I

j
I Determine Ine types of textures and initial internal rc/;ions 1

j

I Label initial regions I

I Divide all remaining undetermined areas into smaller subbJoch

I

I
Extend each internal region by merging its neighboring sullblocks

which have the same texture

Figure 1.2: Overview of the segmentation procedure.

Figure 1.2.

1.3 Organization of This Thesis

This thesis is organized into eight chapters. Chapter Two bricny surveys cxiNting

texture classification and segmentation algoritnms. Chapter Three reviews typical

neural networks and their application in image analysis and proc::cssing. (JJ1lI.ptcr

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



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

perform 2-D AR model parameter estimation is aliO addressed in this chapter.

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

scribes the overall multilayer network structure and the computations 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 integrated region extraction technique, is proposed in

Chapler Seven. The performance of the fiegmenh.tion algorithm is also discussed.

The conclusion and diseuuion 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 techniques. Texture segmentation techniques, including methods haseel 011

estimation theor;', edge detection, clustering, edge extraction and rl:gion oxime-

tion, are also discussed.

2.2 Texture Features

Pure structural viewpoint assumes that II. texture is described by some primitives

following by a placement rule. In this view1 a lexturt: is considered to be generated



by primitivC5 wllich oceur repeatedly according to the placement rule. Such meth­

ods nrc greatly limited because the types of regular textures that can be described

by structural features arc seldom encountered in the real world. Hence, structural

features have been of little interest to Inost researchers.

tu a result, the major focus in texture analysis over the last twenty years

has been on statistical approaches. From the statistical point of view, texture is

regarded ns II. sample of a probability distribution on the image space. Texture i~

either defined by statistic features or a stochastic model which is characterized by

a set of pnrameters.

2.2.1 Commonly Used Statistical Features

In the la.te \970's and early 1980's, most statistical approaches were based on the

extraction of statistical features such as spatial frequency aad probability densities

of various local or co·occurrence properties. Some of those features have been

sllccessfully IIsed i.l specific applications such as classification of geological terrain

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

In the following pnragraphs, seven types of commonly adopted statistical fea­

tnres, together with their advantages and limitations, are briefly discussed.



2.2.1.1 Fea.tures from Digital Transform Techniques

In the digital transform techniques, an image is rccxprcssed into a new l:o(Jfl[ill;\h'

system, such as the sin-cosine basis sel ill tile I~ourier lrnlLsforlll or the Walsh fUlIl:-

tion basis set in the Hadamard transform. The coellicienl valul:s in the lrallsforllll~d

image relate to spatial frequency. Since fine textures are rieh iu high frcquclll'ie~

and coarse textures arc rich ill low frequencies, the information from thl' trall~-

formed image in the spatial spac.e can be used to identify textures. Severnl types

of transforms, including Fourier, Hadamand and Slant lrnmforms, have lll..'l.m lIsee!

in lhis manner to do texture analysis. It is reported that no big differenc.' hils

been found among the different transform methods [2J.

The power spectrum can also be adopted to measure textnres In power Sp<...'C'

trum method, three features are commonly used: (1) annu]ar-rillggcomclry, whidl

gives a total contribution of light energy of one frequency componelll, illllClwu<!cnt

of direction; (2) wedge sampling geometry, which gives the tolal ell(~rgy of Olll'

direction independent of frequency; and (3) parallel-slit slunpliul; geollldry, whir-h

measures the energy transmitted through a slit of specified IClLl;lIl lUld widlh wllell

the Fourier plane is rotated to a specified angle.

2.2.1.2 Features from the Autocorrelation Functioll

The autocorrelation function can be llsed to describe textures because it indic;~les

the sizes of primitives. III a textured image, the autocorrelation (unction will drop

IO



off and ris~ again pcriodically. Uthe primitives of the image arc relatively large, its

autocorrelation will drop off slowly with the distance. If the primitives are small,

thc autocorrelation will drop off quickly with distance. The spatial information

enn therefore be characterized by the correlation coefficient.

This approach is related to the Fourier transform technique in that the au­

tocorrelation function and the power spectra! density fundion are the Fourier

transforms of each other. Experiments have also shown that both methods have

similar performance [8).

2.2.1.3 Features from Spatinl Grny-Tone Dependence (Co·occurrence)

1'he spatial gray level dependence method is based on the estimation of the joint

condition probability density function, P{i,jlfl,O). Each P(i,jlfl,O) denotes the

probability of concurrence of a pair of grny levels (i,j) at distance rl and angle

o. The cstimated values can be written in a matrix fOrI,1, which is called the

concurrencc mntrix. 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 Ilwasures can be employed to extract useful textural information from those

matrices, such as cnergy, contrast, correlation, entropy a.nd local homogeneity [3].

11



2.2.1.4 Features fl'Olll Gellcf<llizcd Gray-Toile Spat.ial Dt.'p'~l\d"l1cC

This method is similar to the co-occurrence method ill that Loth describe t~'xllln's

by estimating the joint probability distribution. The co-occurrence method ("akll-

lates the probability of two pixels with given grey values ane! dista.tKc, while this

method describes the local texture information by calculating the joint probahility

distribution of a neighbor with eight directions.

The generalized Grey Tone Spatial Dependence CQllsi(lers nn arrangement uf

gray values of a pixel neighborhood as a primitive. l;or cXRttlple, a :1 x :! tlt:igh-

horhaod with 4 gra.y levels for each grar value will have f' (lifrcrent primitives.

Histogram statistics which indicates the frequency of the occurrence of 1111 tile

primitives in an image can then reveal the texture information. Tlie prohlcJIl wiLh

this technique is the heavy computation due to the high dilllclIsiom~lily for Lltc

probability distribution.

Recently, a texture spectrum approa.ch was proposed wllich is a variatioll of

Grey Tone Spatial Dependence [28J. In this approach an eight ck:lllent llcigltbur-

1

0 if V; < V,

Bi"" 1 if V; "" Vo

2 if II; > \1)

i:= 1, ... ,8.

where II; is the grey value of a neighborhood clement and \It) is tlte central cll~'

ment. In this way, the number of primitives CRn be reduced hut ~OJlIC of the detllil

12



information is lost fIS well.

2.2.1.5 FeatUl·es from Texture Edgellcss

Textures can be described by the number of edges within per unit area [39J because

coarse lexturcs have a small number of edges per unit area and fine textures have a

huge number of edges per unit rorea. 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 Felltul·cS 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 ca.n be constructed in which each dement PliJI

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.e., long runs

emphasis, gray distribution, tun length distribution and tun percentage [8J. This

method is very sensitive to noise 121.

~.2.1.7 FcntUI·es (l·om Filter Masks

A set of masks can be used to characterize textures [91. 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 tu be ~ensitive to slrllcl.llT\·~ SUi'll a~

edges and spots. In the second step, 1\ mei\.liure called lexhHC cnergy i~ c\'ah\l~tt:d

at each pixel in the convolved image over a large wimlow by su\\\ming the Vllltlt'S in

the window. For a particular texture, the texture energy is conjectured to IIc within

a certain range, so different texture energies can distillguisll differcnt. lcxlurcs.

2.2.2 A Comparison of Statistical Features

Many of the features described above have been used in special applications. A

wide c1i\.lis of images have been tested by using the gray level co·occurrencc Illclhorl

and the gray level t.one features [4, 5, 19, 8]. It WIlS concluded that features based on

the gray level co·occurrence and the gray levcltone perform much heller than fen·

tures Crom Fourier transforms [1, 8\. Therefore il is believed that texture pallerus

are more appropriately modeled in the space domain r<lther than thc rrc1IUCl1cy

domain since both gray level co-occurrence ami gray level tone c1mractl:ri~e til\"

spatial relationships of gray levels in nn image. Qne dmwhack for the CO-ocmrrl:ll':e

method is that it consumes a large amount of computation bccansc IlllLny lIlatrices

have to be computed. Another limitation is the lack of allY tllcory tu I;llide for

choosing a particular ~et of features. For gray levcltone fealures, the Cornlllltl~ti(J1l

time can be extremely long because of the histogram technique adopted.

Features from texture edgeness are poorer than that of thc conCllrreflCl~l/Iethod

but better than that of the frequency method [1, 81.

14



The gray level running length method is very ~en5itive to noise, 50 it is not

considered for gray value images. It is, however, suitable (or binary images 12J.

Prom the computational efficiency point of view, features (rom filtered masks

can be regard lL5 low cost featuTCs. 'fhe limitation is that a single mask is normally

ideal in reflecting only one uped of texture properties, e.g., edge detection or

spot detection. Sinre natural images are often complex, it is hard to di51inguish

all textures by using one muk.

2.2.3 Describing Textures by Stochastic Models

Another statisticallLpproach is to model a texture lI.lI a stochutic random field. In

this approach, a textured image is viewed lI.lI a realization o( a stochastic process

which can be specified by a set of· parameters. These parameters can then be

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

researchers have been interested in using stochastic models to represent textures.

The random models most commonly used are the Markov Random Field (MRF)

110, II, 121, the Gibbs Random Field (GRF) (22, 24, 23J and the 2-D Autoregressive

(AR) [14, IS, 16, :i0l models.

An carly .tudy of stochastic approaches for texture identification u.ed MRF.

!IO). These are multidimensional generalization. of Markov Chains, which are

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

Me different orden of neighborhoods. Each neighborhood corresponds to a. clique

15



class (a clique is a graph whOle vertex set is c:ompmed of vertices such tlmt cncll

one is a neighbor of all othen). A set of p3rameten associated with the c1iqllcs of n.

given neishborhood configuration determine a. MRF. These parameters constitute 1\

feature space and thus can be used for texture c1auificntion and seglllcntatiun. 'The

major disadvantage with these models is thllt the estimation of thC5C parillllctCJ5

is very diffkult.

Using an AR model, a. textured image can be synthesized as 1\ lincur combi­

nation of the neighboring values with random lloi6e values. The cocfficicnL6 or

these linear combinations could be considered as a set of fentnres which explicilly

express the spatial relation of each pixel with its neighbors. Tilc estimntion of lin:

AR model is less difficult than that of MRF or eRF 111, 15, 16, 301.

In any stochastic model texture analysis approaches, three problcms to be oon­

sidered Ilre; (1) choosing the modd and the order of the model (or the approprinte

neighborhood); (2) estimating the parameters of the model; and (3) choosing lIlC

appropriate classification or segmentation techniques. The first two problems arc

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

the accuracy of the chosen model, but at the same time it al.60 makes the stochadic

estimation of the parameters extremely difficult. Different techniques arc \Ised to

make such computations possible.

Due to the complexity of these models, choosing an appropriate neighhorhood

becomes very difficult. Some pouible procedures, such as Akaike's information
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criterion, l\rc used to decide a. neighborhood (261. A very heavy computation is

involvctl 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 [201. The coding method is basically a maximum likelihood

estimation that yields parameter estimates which maximize 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 corresponding to all cliques contained in the neighborhood, and then using

l'I. 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 maximum 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.
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Hence least square estimation is more frequently used in parameter cstinlntion.

2.3 Classification Techniques

In most t:&l5Q, a non-parametric classifier is used in texture classification since the

pallern cIlUS distributions are not known. The nearest neighbor (NN) allllfOf\ch ill

frequently adopted. This decision rule assigns a pattern 10 tile nearest clnss 1\1110111;

all possible neighbors, which ate computed from training samples. Euclideall dill,

tance is commonly used as the distance metric.

There have been attempts to design orientation independent das~ilitntioll al·

gorithms by averaging features over different directions lIB, 191. li'or example, it

has been suggested that features defined on gray level eo-occurccllce matrix can

be averaged over four matrices computed from 0", 45·, 90" and 1:15". However,

the perfonnance of such features has not ~::1 ltll'ted in experiment wllith 1I.re1

differently oriented samples of t~lures. A stochutic texture model calkod the

circular symmetric autoregreS5ive mode was proposed in IIBJ. which utililLlCll" cir·

cular neighborhood. The elements of this circular neighborhood can be lhollghl

of as symmetrical points located on a unit radius circle. Three rotll.tion invariant

features can in turn be extracted from this circular neighborhood.
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2.4 Segmentation Techniques

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

with respect to some characteristics. Texture segmentation techniq'lcs can be ca.te­

gorized into four dasses: (1) estimation theory based segmentation; (2) edge based

segmentation; (3) clustering based segmentation; and (4) region based segmenta­

tion.

2.4.1 Based on Estimation Theory

Three segmentation techniques using Maximum A Pas/criol'i (MAP) estimation

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

lilted annealing) and detcrmin.i.stic relaxation.

When using MAP as the estimation criterion, the object is to have an estimation

rule which yields erso that ma,amizes a posteriori distribution P(X = xlY = y} Cor

a given 1/. The difficulty in determining x is due to the Cact that the maximizatio.\

is to be done over M N ,N1 possible configurations in an M-valued image of size

N. x N~. To make the computation possible, approximations are adopted in each

technique from different viewpoints.

2.4.1.1 Dynamic Progrnnuning

MAP estimation techniques are used to develop suboptimal but computationally

lrndablc segmentation algorithms to segment binary textured images [211. Such
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algorithms use two stages of dynamic programming. In the lint $lep, a gcllcrali'.c....d

dynamic programmintj algorithm is applied to cach row of thc imagc, yidding 1\ ~d

o( C&Ildidate 5egmentahonl (or eacll row. In the 5CCOnd dcp, I\. final SCGlIIcntlltioll

is (armed from the partia.! re5ults calculated in the lint dage.

Dynamic progr&mming can be extended to multilevel imagcs by arlopling GiLb~

Distribution (GD) (221. A hierarchical GO model is composcil or tWe> Icvc15. I\t

the higller level, a GD model is used to divide imagc pixels into rcgioll~ with

similar features. That is, if a pixel is of a certo.in type, its 1I1.';glJlloring pi)(c1~

should also have: a high probability of bcing thc snme type. At the lowt.. r level,

the features are modeled by another set of GO. Based all this hierarchical model,

the MAP estimates (or the processed region are carried out recursively. lk'Cl\\ISC

of the cnormous computational complexity, the recursive algorithm is armngl.-tl l\..

follows: first, a D-row drip is processed and an estimation for the strip is aMain

by dynamic programming. Only keep the C5timation for the first row and distaffl

the rest. Then the strip consisting of rows from 2 to 0+ 1 is processed ill thc liallll:

way, and so on, until the estimation for the whole imAge is obtailll:d.

However this method is computationally tractable only for Sro,i\1! grey value

scales. For images more than (our grey levels, hierarchical Iicgmclltatioll iii COIl­

structed as a sequence of binary segmentation processes, i.e., an image i~ fifNt

segmented into two region types, each regiorl is then scgmented into two suhre­

gions, and so on. This algorithm is reported to be succc~sful on images conlaining
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2 or 3 texlure types, where cach 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

segmentation was presented in [211. Stochastic relaxation and simulated annealing

were uscd for computing the MAP estimation for segmentation.

A Gibbs Distribution has the following representation

where T stands for a computational analogue for "Temperature". High tempera-

tures indicate a loose coupling between neighboring pixels and a chaotic appear-

nnce. At low temperature the coupling is tighter and the image appears more

regular. Simulated annealing is a process that slowly decreases the temperature l'

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 to a local maximum or terminates before it converges

at nil.

2.4.1.3 Deterministic Relaxation

Another kind of relaxation, named deterministic relaxation, was introduced in [25J.

Let ,1/ = {Vi}) be the observed image and :r. be the segmentation of image y. The
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objective of segmentation is to maximize P(X "" .rp· "" y) Witll rcsllCct lo .r

for a given 1/. In the deterministic relaxation problcm, thc schcllle to lI11l.ximi'(.c

P(X "" xl\' = y) is; select a pixel (i,j) and assume all neighborhood [lixcls

(k, /) =f. (i,j) ILre to be fixed at their optimum values; then update .r;) by lhe value

that maximizes P(X "" xl)' = y). Then move 10 olller pixels and npdale each

one sequenlially. After many iterations the algorithm converges to the lIll1.Ximlllll

of P(X "" xlY = y). This deterministic relaxation is raster in convergellce bul 1101

necessarily converges to l\ global one. In order to avoid to a local tllaximulIl, tIle

method of varying the neighborhood during each iteration or the relaxalion was

used to make the convergence closer to the global ma.x.imum.

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

ation, stochastic relaxation, and dynamic programming algorilllllls shower! to b('

I:omparable. The deterministic relaxation with varying neighborhoods was <lc111oll­

strated to be faster than stochastic relaxation and appears to be less possihlc 10

converge to local maximum than the deterministic relaxation is. From lhe eXpcr­

iments presented in [21j, [22J, [241, and [25J, segmentation lcchniqucs based 011

estimation theories are mostly applied to images with only 2 to <1 grny levels :lml

containing two or three textures. Besides, they require n largc lIumber of l'l~~~CS

over the image and are extremely time consuming.
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2.4.2 Based on Edge Detection

In ohjec~ identification, edges can be extracted by identifying abrup~ 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

convcn~ionaledge detection methods to perform texture segmentation, the texture

features are computed by using overlapping or non-overlapping windows over the

image, and the texture features extrac~ed from each window a(e then transformed

in~o 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

predefinecl threshold is used to decide texture edges.

Severnl edge based segmentation techniques exist [37, 36, 381. The main differ­

ence between these 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 bdween two regions is not abrupt enough, a gap occurs and th~

edge might be lost. Hen';e closed edges cannot be produced and linking procedure

is needed to connect the incomplete edges into closed boundaries; 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 ~extured image, each class of homogeneous regiolls is assullLed to rOrlu a

distinct cluster in the space of featmes selected. A cluslcring tcchllil!lIc I'xlrnch

texture features for each pixel in an image, and a clustcring method is thcn llsed

to group the points in the feature fopace into dusters [31, :Hi].

Some limitations afthis technique are: (1) large amollnts of computation timc

are required because features have to be extracted for each pixel in nn image; (2)

such clustering produces noisy boundaries because the neigllboring information is

not considered.

2.4.4 Based on Region Extraction

Region extraction is performed by comparing local region properties extracted over

an appropriate window. This type of method includes the splitting allil mcrgillg

approach and the region growing approach.

A fundamental problem in a region based approach is the choice of an nppropri.

ate window size over which the local properties arc extracted. If a small window is

used, the properties are not reliable and it is difficult to accurately detect h~xture

boundaries. If a textured ima,!;e is measured over a large window, it is hard to find

uniform texture regions.

A splitting and merging technique using a pyramid structure was dcscrih(~d in

(40]. In this approach, a block is determined as a uniform region if its contllillcd
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blocks are considered lo be similar in texture properties. Otherwise, the block is

split and lhe process is repeated for each of its contained blocks. Tne s~gmenta­

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 (421, in which each region in an image is grown starting from a selected

posilion 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

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

visit-count array. Some limitations of this approach are; (1) l(\ng computation

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 detectioll methods, the results pIO­

duced by region based methods tend to be mOIe slable and less noisy. One difficulty

of region extraction methods is that there is no simple way to properly incorporate

tlte local feature information. Another common limitation is that a gred deal of
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computation time is required because the procedures Me perrormcd in :1.11 ikrative

The principles of primary texture c1a..~sification and ~egmcntatioll techniql\l'~,

their strengths and weaknesses, as well as the performances have hL'ell reviewed in

this chapter. A general review of current neural nelworks will he given in till' next

chapter.
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Chapter 3

Neural Networks

3.1 Introduction

A review of important neural networks is presented in this chapler. In the past

decade. there have ~n increasing interest in artificial neural networks, due to the

learning capability and massive parallelism. A neural network is specified by a

net topology, node characterillia, and a training rule which 5pecifies how node­

connection weights should be adapted during the lC:l.rning proee5l. Informalion is

encoded in a neural network in a distributed fashion, and the ability to give correct

output for each input is learned by training on selected samples according to the

tmining rule.

Neural nelwork Iy~teml have received extensive attention in the area of pattern

tcrognilion in recent years and have been applied to many areas, such as character
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recognition, image analysis, nahnallangllagc processing, and 8p~·er.h fcn'glliti"".

TIle focus of this chapter is on those networks which Imv(~ fOllnd 111\'ir applirali"u

in image processing and image Rnalysis.

3.2 Back Propagation Neural Network

The back-propagation algorithm provides a mechanism for llw dt:vdollllll'lIl, Hf

multilayer networks composed of units with sigmoidal ;ldivi~ti(]l1 fUlldiolis IMI

It assigns a strong discrimination power to multilayer networks. '['h,·orctinilly.

multilayer networks can be considered as nonlinear maps with lhe dell\l'lIls of till'

weight matrices as parameters. A typical lI1ullilnyer network illdlltles :111 inpul

layer, an output layer and one or more hidden layers. Th(· weights IwtW'~'ll tw"

layers are adjusted to minimize a suitable function of the Nrot bclw'~:11 tlw"lltl'"l

of the network and a desired Ol1tPllt of the lletwork. II t[ist.:olllinilolis 11"\I'l'ill~

such as a nearest neighbor rule is used at the last stage to lIIap the illllilt s,·t

into points in the range space corresponding to outpul classes. In f(:t.:t~nt y"llrs,

back propagation networks have repeatedly shown their high discrimillati"U al,ilily.

These networks are capable of recognizing more complex pallcrns UHUI lh"sl~ UllIt

can be recognized by the classical image analysis operations.

Multilayer networks trained by the hack-propagation algorithm have proVl:<I

to be extremely successful at solving pattern recognition problcms 147, -1!IJ. III

image il.nalysis, back-propagation has heen applied to target reCOI;!litioll, dHoracl,:r
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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 competitive neural network includes p05itive interaction from a node to

it~c1f and negative interaction between a node to other nodes. Typical competitive

networks arc the Maximum network and Hopfield networks [55].

In a discrete HopReld Network, all nodes in the net are connected to all others.

A number of slate 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 Hopfie1d network is well suited to class optimization problems which

can be described in terms of a energy function [65]. In this type of application,

n problem is repre!'lented as a set of constraints, and energy function is designed

nccording to those constraints. A weighted matrix is then constructed according

to this energy function, and a differential equation that descrihes the dynamics of

each 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 nelwurk converges to the lowest energy configuration.

1I0pfieid networks provide an alternative approach to pattern recognition, and

have been used in object recognition [67J, image segmentation [661 and the cor­

respondence vroblcm in stereo vision 168J. Limitations of the Bopfield networks
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include: (1) in discrete Bopfield net, the number oC pattern~ lhat call be Ilon:d

and recalled is leverely limited by the number oC node. required; Ilnd (2) Cor COli'

tinuous Ropfield networks, it il oCten very difficult to define a wciShl 1lI11.lrix to

well represent. constrainl of an application (55).

3.4 Kohonen Self-Organizing Network

Kohonen's self-organizing network [60] consi~tI of a single Inyer of ueuron~. '!'Imlle

neurons are highly interconneded within the layer IlS well Il~ to the outside worili.

The Kohonen network can bt! considered a mapping in which points in N-dimt:u:4inrml

pattern space arc mapped into a smaller numbcr oC points in RII output SpRCC. ThiM

mapping is achieved in a selC-organized manner. The nctwork has IJccn lI~cd in

object segmentation (691.

3.5 Adaptive Resonance Theory

Adaptive resonance theory (ART) 159,4.71 is an extension of competitive learning

schemes in which the learning oC new information docs not dC$troy old inforrm.tioll.

A feedback mechanism exists between the competitive layer and the inpullnyer or

a network. This feedback mechanism automaticlllly swilchC$ between tim stahle

and the plastic modes. Uthe network haJIlearned previously to recognil\e nn ill]lut

vedor, then a resonant state wiU be achieved quickly when that input vedou ill
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presented. If no match is found, the network will enter a resonant state in whith

the new pattern will be stored for the first time.

Two architectures named ARTI and ART2 have been developed for binary

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

3.6 Other Networks

Several multilayer net.works have been built for special purposes. Neocognit.ron

is one such network which was designed for character recognition {51, 58J. The

model is n 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 complica.ted features are obtained based on the result of early stages. By

supervised learning or \lnsupervised learning, the network can obtain the ability

to 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 [61J, mutilayer

Gabor-based Networks for image segmentation [62J, and a hierarchical neural net·

work for edge enhancement [63J.

Typically, multilayer networks have the following limitations: (1) learning 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 e.timll.te weights from the trnining datil..

3.7 Learning Methods

There are two types of learning procedures, nnmely supervised learning ilmln!l'lI­

pervised learning. In supervised learning, a network is provided with a humber of

training sets in which each set consists of an input p"Uern and 1\ desired ontln.t.

The neural network updates its internal weighls lLccording 10 hath the input Rnd

output data so as to produce the correct output for each input IHltterli [fj~, fif" [j0l.

Unsupervised learning assumes no correct respOnSt:s lLrc provided tv a 11'nrning

procedure. A network updates its weight according to tile input paHcrns 1I11IIer

certain assumptions about the nature of the data. Unsupervisctl Icamir.g usually

refers to the IC<lrning procedure in self-organizing nets, for instance, tllc Adllptivc

Rewn<lnce Theory (ART) (59J and the Kohonen feature map [60J. The limitation

of unsupervised learning is that it cannot learn arbitra.ry Cundions.

Most multilayer networks adopt supervised training 154, 56, 57J. In 5uperviliCd

learning, a network is provided with input-output paltern pairs. For each pair,

the network updates its internal weights to decrease the difference hetwt.ocn Ute

actual network's output and the desired output. The weighls arc iteratively ad·

justed until the network can produce the desired output in response to car-h illPllt

pattern. Usually, in order to respond correctly to a set of input pallerns which

require different outputs, all pairs of input pa.tterns and outputs wiU be altcrnaldy
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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 propagation phase, the difference hetween 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 dose a ne~work is to

oMaining the desired output. This value is decreased as the learning procedure

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 algotithm~, 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

rule, and the classification and segmentation procedure win be presented from 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 proposeu in texture representation

for the purpose of texture classification or segmentation [14, 15, 16,301. However,

due to the difficulty and computation burden of palameter cstimRtion, low ef·

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



this chapter, a method of performing 2·D AR model parameter estimation through

a neural computation is implemented. It demonstrates that, with the adaptive ca-

pabiJity of the neural network, the 2-D AR model parameter estimation can he

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 {yU,j)li E 1, "', M,j E 1, ... ,N} be the set of gray values of a given M x N

image. As a 2-D random field, y(i,j) can be described by the following equation:

y(i,j) = LOr~y((i,j)ffirq)+(3/I(i,j),
T~E¢

(4.1)

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 O,~

is related to the gray value of a neighboring pixel at position «i,j) (f) 1"7)' where

"\jl" is an operation which displaces position (ij) to a position in the neighborhood

of (i,j) according to displacement '"q' p(i,j) is an independent Gaussian random

variable with zero mean and unit variance, and (3 is the coefficient of Il(i,j).

The above equation can be interpreted as follows: in a textured image, the

gray level !J(i,j) at location (i,j) is related to the linear combination of the gray

values of its neighboring pixels through the set. of parameters O,~, In other words,

the gray value of a pixel in a textured image can be represented by a combination
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r~ J'6 "7

,pl={r~} O$q$7

(a) 3 x 3 neighborhood

.p1={I·~} 0$1/$11

(Il) IIcighhllrholld lISI'li in ,,"r all-("ri1.hm

Figure 4.1: The neighborhood in 2-D An. modcl.

of gray values of its neighboring pixels which is ~pt-,dfit'il by (}¥o' III lhi~ ~ellSC,

the paramelers Oro can be used as a feature vector to distinguish dilfcrclit lypl~~

of textures. The model parameters Or, can be estimaled from n givclI window.

Compared to MRF models, a 2-D AR model has the advantage that thc es~illmti()ll

of parameters is more direct. The least square estimalion (LSE) and lhe 11l1LxilllUIII

likelihood estimation (MI,E) methods are commonly employed for Ule pnrnllldcr

estimation of AR model. In this thCl5is, neural computation is IIscll to clitahlish

2·D AR model for textures and to further identiry textures by using tile lIIodel.

One of the major difficulties of modeling textures by a stochlUiti<: model is sc-

lecting an appropriate neighborhood. Usually, a model with a large I1cighborhooll

fits textures better than a model with a small neighborhood. However, a small

neighborhood can reduce the burden of computation. Dctnils regarding the deci-

sion rules for choosing appropriate size and shape of a neighborhood can bc round
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Figure 4.2: The neighborhood with 24 elements.

in [26,271. For computa.tional simplicity, the 3 x 3 neighborhood (Figure 4.1(a)) is

chosen by most tec1l1liques. In this thesis, a 3 x 3 neighborhood with four additional

diagonal neighbors (Figure 4.1(b)) was cbosen in orrier to represent more neigh­

boring information within a reasonable amount of computation. For comparison,

a 24 element neighborhood (Figure 4.2) was also utilized in an experiment. Re­

sults indicated that the 2-D AR model with this large neighborhood shows st:ong

discrimination ability in the classification of some test texture samples. However

the pn.rameter estimation process for such a model is much more computationally

expensive titan a model with neighborhood shown in Figure 4.l(b).
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