Neural Netw orks as Self-Learning Image

Features

A practical approach

Ordwin Notten

Catholic University of Nijmegen,

The Netherlands

University Hospital Nijmegen

Biophysics Laboratory

Department of Ophthalmology

Faculty of Mathematics and Informatics

Department of Computing Science

Experimental Informatics for Technical Applications

Master´s T hesis, num ber 370

April 1996

Preface

T his thesis is the result of m ygraduation project to receive m yMaster´s degree in Com puter Science at the Catholic Universityof Nijm egen. T his project which ran from Septem ber 1995 to April 1996, was a cooperation of the Departm ent of Com puting Science and the Biophysics Laboratoryof the

Departm ent of Ophthalm ologyof the UniversityHospital Nijm egen.

T he goal of this project was trying to develop a practical system that can learn its own im age features to im prove m edical diagnostics and to find out if it can be used in practise. T his goal was tack led by using a neural network strategyable to produce self learning im age features, solving som e practical problem s and evaluating its practical use.

At this point I want to thank dr. ir. Han T hijssen, ir. Henk jan Huism an and dr. T heo Schouten, m y supervisors at the Biophysics Laboratoryand the Com puter Science departm ent respectively, for their support, advice and help. Furtherm ore, I lik e to thank the other people of the Biophysics Laboratory, m yfam ilyand friends for their support and help.

Ordwin Notten

Nijm egen, April 1996

Contents

1. INTRODUCTION 9

2. ULTRASOUND 11

2.1 Introduction to ultrasound 11

2.2 Transducer 11

2.3 Biological tissue 12

2.4 Ultrasonic beam shape 13

2.5 Ultrasonic images 14

2.6 Speckle 15

3. HIGHER ORDER NEURAL NETWORKS (HONN) AS SLFS 17

3.1 Introduction to Higher Order Neural Networks 17

3.2 Theory behind HONNs 17

3.3 HONNs and invariance 20

3.4 Non-fully interconnected techniques 20

4. PROBLEM DEFINITION 23

5. SLF SYSTEM DEVELOPMENT 25

5.1 Requirements 25

5.2 System design 26

6. SLF PRE-PROCESSING 33

6.1 Information 34

6.2 Difference-information quantification 35

6.3 Pre-reduction possibility 37

6.4 Reduction methods 42

6.5 Other experiments 44

6.5.1 Experiments 2 to 5 44

6.5.2 Experiments 6 to 9 46

6.6 Pre-processing overview 47

6.7 Summary 49

7. SLF SYSTEM EVALUATION 51

7.1 Datasets 51

7.2 Classification 52

7.3 Experiments 52

7.4 Choice of the neural network 53

7.5 Experiment with fixed features 55

7.6 Experiments with self learning image features 57

7.6.1 Experiment 1: variation #bins and window size 57

7.6.2 Experiment 2: variation #neurons in hidden layer 59

7.7 Test generalization error 60

7.8 Test influence higher order terms 61

7.9 Conclusion SLF-evaluation 63

8. SUMMARY, CONCLUSIONS AND RECOMMENDATIONS 65

BIBLIOGRAPHY 67

APPENDIX A. MAHALANOBIS-DISTANCE 71

APPENDIX B. K-NEAREST NEIGHBOUR 73

APPENDIX C. MATLAB-SCRIPTS 75

C.1 Bepaalequbin.m 75

C.2 Bepaallinbin.m 76

C.3 Bepaalminbin.m 77

C.4 Bepaalverdeel.m 78

C.5 Chi-square.m 79

C.6 Equtransf.m 80

C.7 Filt.m 81

C.8 Honn.m 81

C.9 Knn.m 83

C.10 Labelmask.m 84

C.11 Learnpreproces.m 85

C.12 Mahalanobis.m 86

C.13 Nesbeeld3.m 88

C.14 Pre_trans.m 89

C.15 Preproces.m 90

C.16 Randrayl.m 90

C.17 Reduct_meth.m 90

C.18 Ses.m 91

C.19 Slf.m 92

C.20 Testslf.m 94

C.21 Train_nn.m 95

C.22 Use_nn.m 96

C.23 Verdeelhistdata.m 97

C.24 Verschilhist.m 97

Neural Networks as Self-Learning Image Features Introduction

¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾

¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾

1. Introduction

At the Biophysics Laboratoryof the Departm ent of Ophthalm ologyat the UniversityHospital Nijm egen research is done in the fields of electrophysiologyand ultrasound diagnostics. For the project:

^Processing of echographic im ages~ current research is directed to im ages with local lesions. T hese im ages are viewed byspecialists to detect these abnorm alities. However, a lesion is difficult to detect, therefore research is done to find new im age features that enhance the diagnostics of detecting lesions. Maxim izing inform ation tends to using as m anyim age features as possible. However, to prevent the peak ing phenom enon 1 a classifier requires a low num ber of features. T herefore, feature reduction is often necessary. T he problem that arises is which and how m anyim age features have to be used for classification purposes. Reducing the num ber of features with a m inim um of inform ation loss m eans that everyim age feature has to contain as m uch inform ation as possible with relation to the diagnostics. T he rem aining inform ation could be explained as noise which is undesirable. Further, everyim age feature has to contain as m uch discrim inating inform ation as possible, com pared to the other im age features, otherwise the inform ation contained in the sum of im age features does not achieve its m axim um . T he ^k nown~ im age features that m eet these requirem ents are stronglyproblem dependent, som etim es difficult to find and hardlyoptim al. W hen a researcher has enough k nowledge about a problem he could build his own im age features. However, these would also be problem dependent. Using a self learning m ethod that is capable to calculate everyim age feature byitself, then an optim um feature-set could be found for everyproblem .

Research has been done at the laboratoryto im plem ent this idea using a neural network strategy. T he reason for choosing a neural network strategyis that it can learn anyinput-output relation (e.q. a feature) if it is large enough. In this research [Reijnen, 1994] a literature studywas perform ed and several neural network strategies were com pared. As a result of this research an operational strategy was found that was able to produce self learning im age features. It did need trem endouslylarge, unpracticable training sets, thus t he goal attached to this thesis is trying to develop this strategy into a practical system.

T his thesis gives a surveyand the results of the consecutive steps that were perform ed during the developm ent of this practical system .

In chapter 2 the back ground theoryabout ultrasound is explained. T his chapter describes what ultrasound is and how to generate it. Besides that, it explains whyand how ultrasound is being used in m edical diagnostics. Finally, the back grounds are given of representing data in ultrasonic im ages.

Chapter 3 gives the back ground theoryabout a class of neural network s which is being used in this thesis: higher order neural network s(HONN). T his chapter describes the historyof higher order neural network s, the theorybehind these network s and the advantage of a HONN. In chapter 4 the identified problem s for this thesis are described. Chapter 5 describes an overview of the system . In chapter 6 a studyis done for the HONN pre-processing. Chapter 7 describes the evaluation of the self learning im age feature-system . In chapter 8 conclusions concerning the goal attached to this thesis and recom m endations for further research are given.

1 Given a finite size training set. The overall unconditional error rate of a classifier will first decrease when the number of features is increased. However, beyond a certain number of features, depending on the size of the dataset, the error rate will increase.

Neural Networks as Self-Learning Image Features Introduction

¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾

¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾

Neural Networks as Self-Learning Image Features Ultrasound

¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾

¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾

2. Ultrasound

In this chapter some background information is given on ultrasound. The first section gives an introduction to ultrasound, such as what it is and where to place it. In the rest of the sections some frequently used terms concerning this subject are explained. The second section describes the transducer, which is used to generate and receive sound-waves. In the third section the inhomogeneities in biological tissue are described. Knowledge about these inhomogeneities is important for the understanding of images that will be introduced in the fifth paragraph. The fourth section explains the beam that is generated by the transducer. Finally the fifth section describes some types of images that can be produced by the data received from the transducer.

2. 1 Introduction to ultrasound

T he science of sounds is called the science of acoustics. It com prises all m echanical waves of all possible frequencies and in all possible m aterials. A m echanical wave is a system atic disturbance of the condition of rest of a m aterial that changes its position in space during a lapse in tim e.

Sound can be divided into three frequencyareas.

1. Infrasonics.

T he sound with frequencies that are too low to be heard byhum ans.

2. Audiosonics.

T he sound that can be heard byhum ans.

3. Ultrasonics.

T he sound with frequencies that are too high to be heard byhum ans.

In m edical diagnostics ultrasound with a frequency-area between 1 and 50 MHzis used. T he ultrasound-wave is generated and received bya transducer.

2. 2 Transducer

Most transducers contain one or m ore pieces of m aterial that exhibits the piëzo-electrical effect. T his m eans that when a voltage is applied to that m aterial a sound-wave will be generated caused bythe volum e change in that m aterial. T he opposite is also possible, when a sound-wave is entering a transducer, the volum e of the m aterial changes and a voltage is generated. So, a transducer can act as a sender and as a receiver of ultrasound.

In m edical diagnostics, ultrasound is used in biological tissue that has a non-hom ogeneous com position. W hen sending ultrasound through a non-hom ogeneous m edium back scattered echoes will be generated. If this ultrasound is em itted as a short pulse, and shortlyafterwards echo-signals are received bythe sam e transducer then we speak of a process k nown as the pulse-echo m ethod.

Neural Networks as Self-Learning Image Features Ultrasound

¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾

¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾

Ordwin Notten Page 12

2. 3 Biological tissue

A biological tissue has a non-hom ogeneous com position. An inhom ogeneitycan be defined as:

’A particle with a different acoustical im pedance than the surrounding tissue.’. T hese inhom ogeneities vibrate under the influence of incident sound-waves. T here are two k inds of inhom ogeneities, nam ely reflectors and scatterers. T hese will be explained below.

Reflectors

Inhom ogeneities that are m uch larger than the ultrasound wavelength are called reflectors. Exam ples for this k ind of inhom ogeneities are blood vessels, organs, tum ors, etc. In figure 2.1 an exam ple of a reflector is given.

Figure 2 . 1 Reflector

Scatterers

Inhom ogeneities that are sm all com pared to the ultrasound wavelength are called scatterers. If

ultrasound hits a scatterer, the ultrasonic wave is scattered in all directions. T he am ount of scattering

is dependent on the type of tissues, such as the size and densityof the scatterers, and the frequency

of the ultrasound. Som e of these scatterer echoes 2 are received bythe transducer that will display

them as inhom ogeneities in the ultrasonic-im age. T hese scatterer echoes are also k nown as the

back scattering echoes. In figure 2.2 [T hijssen et al., 1990] an exam ple of a scatterer is given. T he part

that is scattered back to the transducer is used for im aging.

Figure 2 . 2 Scattering by small structures yields small omni-directional wave-fronts.

2 The scatterer echoes that have a degree of 180 ° with respect to the direction in which the beamis transmitted .

Neural Networks as Self-Learning Image Features Ultrasound

¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾

¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾

Absorption

Part of the energyof the ultrasonic wave that travels through the tissue is transform ed into heat.

As m entioned in [T hijssen et al., 1990] absorption arises during the rapid pressure changes in the

sound-waves. T he m ore pressure changes in a tim e span (the higher the frequency) the higher the

absorption. T he higher the absorption the less energythere is left for reflection. T he absorption is

governed bythe relaxation processes in biological m olecules. T herefore the absorption is dependent

on the type of tissue.

2. 4 Ultrasonic beam shape

T he intensityof ultrasound transm itted bya transducer is not the sam e in everydirection. T he

transducer transm its it into a specific direction. T he width of this beam depends on the distance to the

transducer. A distinction is m ade between the Fresnel-zone and the Fraunhofer-zone.

A picture of this beam is given in figure 2.3 [Reijnen, 1994].

Figure 2 . 3 Ultrasonic beamshape

Fresnel-zone

T he Fresnel-zone, also called the near-zone, is the sound field at a short distance from the transducer.

T he length of this near-zone is dependent on the size of the active surface of the transducer and the

used wave-length. T he width of the sound beam is proportional to the width of the transducer. Sound

vibrations that arrive at a particular point in the Fresnel-zone can am plifyor weak en each other

[T hijssen et al.,

1990]. T his is possible because the vibrations, from the different parts of the

transducer, arrive at a particular point in the Fresnel-zone at different tim es (due to the wavelength

and the difference in distance). T his is also k nown as interference.

Fraunhofer-zone

T he Fraunhofer-zone, also called the far-zone, is the sound field at a large distance from the

transducer. T his beam diverges slowly. T he transition from the near-zone to the far-zone is reached

on the point where the difference in wavelength from the side of the transducer com pared with the

center of the transducer is exactly½ l (wavelength). T his point can be calculated byd 2 / (4* l ).

Neural Networks as Self-Learning Image Features Ultrasound

¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾

¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾

2. 5 Ultrasonic images

T here are different ways of im aging ultrasound. T wo types will be explained.

A-m ode im ages

An A-m ode im age is a one-dim ensional representation of the am plitude of the echoes as a function of

the depth. It is the sim plest representation of RF-signals.

Before such an im age is constructed, the RF-signal has undergone two operations:

1. Am plification.

T his is a tim e dependent com pensation, also k nown as T GC (T im e Gain Com pensation), which

can be in a non-linear way. It is used to com pensate for the total loss of energyper unit length from

the ultrasound wave as it is propagated through tissue. W ith this m ethod echo signals received

earlyin tim e are am plified slightlyand echo signals received later in tim e are am plified m ore. In this

wayall the echo signals have m ore or less the sam e strength which is needed to anticipate

saturation and loss of echo signals in the echogram .

2. Envelop detection.

In this operation the signal is dem odulated and filtered.

T he result of these operations is visualized in figure 2.4 [T hijssen et al., 1991] which is related to

Figure 2.2 .

Figure 2 . 4 Construction of an A-mode image. The phase-sensitive sum of the backscattered echoes

of the four scatterers is the RF-signal. The dotted line superimposed on the RF-signal is the envelop

signal.

B-m ode im ages

A B-m ode im age is a successive depiction of a series of A-m ode im ages, wherebythe am plitude is

represented bybrightness. Byadding this second dim ension the anatom ical inform ation of the im age

increases.

Neural Networks as Self-Learning Image Features Ultrasound

¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾

¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾

B-m ode im ages display, first of all, the position and size of organs. In m ost cases there is a transition

of acoustic properties between the different tissues. Due to these transitions parts of the ultrasound

will be reflected. W hen a structure, for instance a liver, has enough transitions surrounding the whole

structure then the structure can be seen in a B-m ode im age. An exam ple of a B-m ode im age is given

in figure 2.5 .

Figure 2 . 5 B-mode image

In this im age you see the liver, surrounded bya solid line, and som e blood-vessels in the sm all

ellipses.

2. 6 Speckle

T issues that are expected to be hom ogeneous are covered with som e k ind of texture, which is called

speck le, resulting from the scattering in that tissue, and not noise. T he speck le pattern in an im age

depends on the characteristics of the tissue scanned and the im aging system [Oosterveld, 1984]. T his

pattern does not need to have a one-to-one correspondence with echo-producing targets. As an

exam ple, consider figure 2.2 : a transducer insonating a hom ogeneous m edium that contains four

point-lik e scatterers. T hese scatterers yield sm all om ni-directional waves that arrive at slightlydifferent

tim es after the transm ission of the ultrasound pulse at the transducer. As shown in figure 2.4 the four

Neural Networks as Self-Learning Image Features Ultrasound

¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾

¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾ rf echoes will build an interference pattern, because the depth differences of the scatterers are sm aller

than the pulse length. T he dashed line is the dem odulated rf-signal that contains three peak s. Speck le

can be described byusing first- and second-order statistics [W agner et al., 1983]. First-order statistics

include the m ean am plitude and the signal-to-noise ratio. T he second-order statistics include the auto-

covariance in both axial and lateral directions.

Neural Networks as Self-Learning Image Features Higher order neural networks

¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾

¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾

3. Higher Order Neural Netw orks (HONN) as SLFs

In this chapter some background information on higher order neural networks is given. The first

section gives an introduction to higher order neural networks. In the second section the theory behind

neural networks and the HONN is explained. The third section explains the combination of HONN and

the invariances. In the last section som e interconnection techniques, to solve the interconnection

problem for higher order neural network s, are described.

3. 1 Introduction to Higher Order Neural Networks

Since W orld W ar II, scientists have tried to develop techniques that allow com puters to behave m ore

lik e hum an beings. As m entioned in [Doolen et al., 1986] the research effort that usuallygoes bythe

fanciful nam e of ^Artificial Intelligence~, typicallyinvolves abstract problem solving, decision m ak ing,

planning, m achine learning and natural language understanding.

In the 1960’s research was done into neural network s. T his research concentrated on determ ining the

usefulness of the perceptron for non-linear discrim ination of data into classes representing the objects

to be identified. It was concluded that a single-layer, first-order network was lim ited to linear

discrim ination and that either a m ulti-layer, first-order network or a single-layer, higher-order network

was necessaryfor non-linear discrim ination. At that tim e no satisfactoryways of training m ulti-layer,

first-order network s were at hand. Higher-order neural network s were rejected as im practical due to

the com binatoric explosion of higher-order term s.

Research from a few years ago has shown that m ulti-layer, first-order network s using the

back propagation algorithm for training are effective for distortion invariant pattern recognition.

However, back propagation trained network s require a large num ber of training passes and an

exhaustive training set, but are still not achieving a 100 % recognition accuracy. Research on HONNs

[Giles et al.,1987], [Giles et al., 1988], [Reid et al., 1989b] and [Linhart et al., 1992] has shown that the

problem of com binatoric explosion of interconnections can be overcom e. T his can be done bybuilding

invariances into the architecture of the network using inform ation about the relationships expected

between the input nodes. T he num ber of interconnections is usually[Giles et al., 1988] reduced by

orders of powers of N, where N is the size of the input.

3. 2 Theory behind HONNs

Neural networks are being used more and more. This is due to the learning properties of a neural

network, by which it can be tuned to specific problem area´s.

A neural network of the first order, abbreviated as FONN, can be formulated as:

Neural Networks as Self-Learning Image Features Higher order neural networks

¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾

¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾ i i j j

j y w x = æ

è ç ö

ø

÷

÷ å Q

where :

Q is a translation function that can be non-linear (i.e. a threshold-function).

j x input node j

i j w matrix with the weight of each input

i y output of node i

This ANN does not take advantage of any known relationships between the input nodes, so

translation, scale and rotation invariance are not present. Multi-layer, first order networks and higher-

order neural networks are known that they can learn invariances. Multi-layer, first order networks will

not be mentioned further on due to their large number of training passes and not full recognition

accuracy, as mentioned above.

Following [Reid et al., 1989a] and [Reid et al., 1989b] the output of nodes in a general higher order

network is given by:

i ij j

j ijk

k j j k ijkl j k l

l k j y w x w x x w x x x = + + + æ

è ç ö

ø

÷

÷ å å å ååå Q

�

A direct implementation (see figure 3.1 ) of a HONN [Huisman et al., 1995] is still impractical, because of a combinatoric explosion of higher order products. Incorporating invariances leads to translation invariant higher order transformations (see figure 3.2 ).

Figure 3 . 1 Theory HONN Figure 3 . 2 Practical implementation

Higher-order neural networks can perform the non-linear discrimination required for pattern recognition invariant to scale, translation and rotation. As mentioned above, the combinatoric explosion of interconnection problems with HONNs can be overcome by building invariances into the network architecture. In general translation invariance requires that:

( ) ijk i j k

w w =

- i.e.: the connections for equally spaced input pairs are all set equal.

Neural Networks as Self-Learning Image Features Higher order neural networks

¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾

¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾

A second-order neural network will be simultaneously invariant to scale and translation if the weights are set according to the function [Giles et al., 1988]:

( )

( ) (

W i j k W i k j k j

y y x x , , , = - ö ø

÷ -

ö ø

÷

æ è

ç

This implies that W ijk

is set equal to W ij´k´

if the line drawn in figure 3.3 between j and k equals the line between j´ and k´.

Figure 3 . 3 Translation and scale invariance

Rotational invariance can be included by using a third-order neural network, where the output is given by the function:

i ijkl l k j

j k l

y w x x x =

æ è

ç

ö ø

÷

÷

å å å Q

Figure 3.4 shows all three invariances. As stated by[Reid et al., 1989a] and [Reid et al., 1989b] invariances to all three distortions can be achieved with a third-order network having an interconnection function of the form :

ijkl i i i

w w w w

= = =

abg gab bga

Figure 3 . 4 Translation, scale and rotation invariance are achieved by setting all third order weights

equal for sets of inputs j, k and l that form similar triangles.

Neural Networks as Self-Learning Image Features Higher order neural networks

¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾

¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾

3. 3 HONNs and invariance

As stated in [Reid et al., 1989a] HONNs are thus well suited for invariant pattern recognition because

feature extraction is functionallybuilt into the architecture. T he invariances achieved require no

learning to produce and applyto anyinput pattern learned bythe network . Further [Reid et al., 1989b],

a HONN can perform non-linear discrim ination using onlya single layer so that a sim ple perceptron

learning rule can be used, leading to rapid convergence.

Recent research [Reijnen, 1994] has shown that HONNs can also be used for im age processing as

self-learning im age features. As stated in [Huism an et al., 1995] a properlychosen HONN

im plem entation operates as well as, or even better than, a properlychosen set of fixed features. As an

exam ple, translation invariance can be built into the second-order neural network with 4 nodes and 1

output node shown in figure 3.5 . Assum e that the input patterns (1010) and (0101) are to be identified

as the sam e object. If W

i13

= W

i24 then Y

i is the sam e for both inputs. Com binations of invariances can

sim ilarlybe achieved.

Figure 3 . 5 Second order neural network

According to [Schm idt et al, 1993] HONNs are a form of pre-processing for neural network s with the

standard back propagation that use geom etricallym otivated non-linear com binations of scene pixels to

achieve invariant pattern recognition feature spaces.

T heyshow that it is possible to directlyincorporate geom etric invariance properties such as translation

and rotation invariance into the HONN if the HONN pixel com binations are properlychosen.

3. 4 Non-fully interconnected techniques

Building invariances into the network , to overcom e the problem of com binatoric explosion of

interconnections in HONNs as m entioned above, greatlyreduces the num ber of independent weights

that m ust be learned. Although this also reduces the required storage space, som e data still has to be

stored. In a third-order neural network each triplet (for scale, translation and rotation invariance) of

inputs has to be associated to a set of included angles. T he m ost severe lim itation that arises is that

as the size of the input field increases, the num ber of triplet com binations that can be form ed also

increases. In a NxN pixel input field, three pixels can be com bined in (N 2 ) 3 ways. T hus, for a 9x9 pixel

input field, the num ber of com binations is 81 3 or 85,320. Byincreasing the resolution to 128x128

pixels, the num ber of com binations increases to (128 2 ) 3 or 7.3 x 10 11 , a num ber too large to store on

m ost m achines.

Neural Networks as Self-Learning Image Features Higher order neural networks

¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾

¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾

T o solve this interconnection problem , [Reid et al, 1990] have been evaluating various m ethods of

connecting onlya subset of input pixel triplets to the output node. T heyhave evaluated four

techniques, nam elylocal, sam pled, probabilistic and regional connectivity. T hese will be explained

below.

Local connectivity

T he assum ption behind local connectivityis that local connections are adequate for distinguishing

between objects and that distant inform ation will be represented bysom e com bination of local

inform ation. T hus, a connection for a triplet of pixels is form ed onlyif all three pixels are within som e

bounded num ber of pixels awayfrom each other.

Sam pled connectivity

T he assum ption behind this technique is that onlya fraction of all possible input pixel triplets are

connected to the output. T his fraction is not a function of the distance between the pixels, but a

predeterm ined subset of interconnections.

Probabilistic connectivity

T his m ethod tries to im prove on local connectivity, the im ages are sam pled using a technique in which

the probabilityof connection varies with distance.

Regional connectivity

T his m ethod com bines the advantages of the other approaches while elim inating their disadvantages.

Here, triplets of pixels are connected to the output onlyif the distance between all of the pixels falls

within a set of pre-selected regions. T hese regions are chosen so as to sam ple the space sufficiently

for accurate discrim ination. T hus, triplets are form ed from pixels that are local, distant and in-between.

Because the connections are determ inistic, it is guaranteed that the sam e inform ation will be sam pled

from a test im age, which m aybe rotated or translated, as from a training im age. Besides the

advantages of this technique there also is a disadvantage, nam elythat som e experim entation´s are

needed to determ ine an optim al set of regions.

Neural Networks as Self-Learning Image Features Higher order neural networks

¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾

¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾

Neural Networks as Self-Learning Image Features Problem definition

¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾

¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾

4. Problem definition

In this chapter the problems contained in this thesis will be identified and solutions, to solve these

problems, will be searched. The goal attached to this thesis is trying to develop a neural network

strategy that is able to produce self learning image features into a system. To achieve this goal several

questions concerning the problems have to be answered. Each of these questions will be discussed

separately.

1. How to construct a good pre-processing unit? And which theories can best be used for it.

T he reason to use a pre-processing unit in the HONN is to reduce the input for the neural network

to speedup the training process of the neural network . Byreducing the dim ensionalityof the input

for the neural network the num ber of needed training exam ples can also be reduced. Although

reduction m eans data loss it does not im plythat it is im portant data, but to m ak e sure the following

questions have to be answered: W hich parts of the input m ayor m aynot be reduced? How to

determ ine a pre-processing unit? How to verifythat it is a good pre-processing unit? W hat is the

m axim um allowable reduction factor? T o answer these questions, a studyconcerning this subject

has to be done.

2. W hat size of window is used to focus on the im age?

Although the size of the window depends on the lesion chosen to be detected, it m aynot be too

sm all or too large. If the size of the window is too sm all then a good resolution would be obtained,

but a worse statistic. Mak ing the window too big would m ean a good statistic, but a worse

resolution. T he solution is to find a window size or a range of window sizes that have a good

statistic and a good or reasonable resolution.

3. How long does a neural network have to learn?

If a neural network is not trained long enough it is not able to classifycorrectly. On the other hand

the possibilityexists that the neural network is trained too long, so that it will not be able to classify

new data: i.e. overlearning occurs. T o determ ine how long a neural network has to learn, the

following questions arise: How m anytraining exam ples are statisticallyneeded to learn a neural

network to distinguish between the possibilities of a particular problem ? How can be determ ined

that the neural network has learned enough, and not too less or too m uch? A solution to test the

trained neural network is to use an independent validation set to find out how good it classifies it.

4. W hich labels will be assigned?

T o train a neural network to distinguish between different im age regions, several exam ple windows

from these regions are required. Each window in the training set should have a label corresponding

to the region to which it belongs. A question that arises: How to determ ine the label of a window? A

solution for this is to use a function that estim ates the label from an accom panying m ask im age.

5. W hat size of network will be tak en? Meaning num ber of hidden layers etc.

Neural Networks as Self-Learning Image Features Problem definition

¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾

¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾

W hen using a sm all neural network , for instance without a hidden layer, then the neural network

can easily, depending on the dim ensionalityof the input, determ ine its weights. Using a larger

neural network it becom es harder for the neural network to determ ine its weights, because a larger

set of training exam ples are needed. However, the large neural network can learn m ore from the

training set. A solution to tak e advantage of a larger, with for instance 1 or 2 hidden layers, neural

network is to use a low dim ensionalityof input for the neural network .

6. How to incorporate the SLF (Self-Learning Im age Features) into a practical system ?

Developing a practical system that can produce and use self learning im age features needs a

neural network . T o let a neural network determ ine its own im age features, the neural network has

to learn to detect such im age features. T herefore it has to learn the characteristics of those

features. Questions that arise: How to develop such a system ? W hat are the requirem ents of the

system ? W hich program m ing language will be used? Are neural network s available in that

program m ing language? And on which hardware will the system be developed? Answers for these

questions will be given in chapter 5 .

Not everyquestion can be answered that easily, therefore the necessarystudies have to be done, but

first a design of the system will be constructed.

Neural Networks as Self-Learning Image Features SLF-System development

¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾

¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾

5. SLF System development

In this chapter the system for the image processing and analysis will be described. The first section

will list the system requirements. In the second section a possible system design will be shown

according to the system requirements.

5. 1 Requirements

Before a system design can be developed and accepted the requirements have to be clear.

· All the different system-parts have to be separate units or modules.

· The system has to be developed in a modular way without having effect on the operation of the

whole system. This means that units can easily be replaced by other units, for example replacing

the pre-processing unit with another pre-processing unit.

· The system needs two kinds of batch-modes, one to let the system learn and one to let the system

evaluate. In the learn mode the system will receive training images and their corresponding mask

images to train the neural network. During the evaluation mode the neural network will evaluate

the input images using its learned initialization.

· For test-facilities it is further desirable that all the units can be executed separately. For this

purpose, the system should have a separate interface-window or control-unit where the user can

execute them by prompt.

· The system will work with windows, or parts of the image, to perform the operations on.

· For image analysis several functions should be possible to apply to the images in the image

processing part.

The system will be developed on a SUN workstation using the programming language MATLAB, a

high-performance numeric computation and visualization programming language. Two reasons why

MATLAB is chosen as programming language:

1. MATLAB is a modular based programming language with an experimental environment. Therefore

it is easy to perform tests on separate units.

2. The programming language and knowledge about MATLAB are available in the laboratory.

Neural Networks as Self-Learning Image Features SLF-System development

¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾

¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾

5. 2 System design

In this section a possible system design, according to the system requirements mentioned in section

5.1 , will be given. Flowcharts and some explanation will be used to describe (part of) the system.

Before a possible system design is presented, an explanation of the used symbols is given (see figure

5.1 ).

Figure 5 . 1 Symbol explanation

Now that the symbols, used in the flowcharts, are explained the flowcharts that describe the system

can be presented. First an overview and description of the total system will be given. After that, the

flowcharts of each process are presented.

Neural Networks as Self-Learning Image Features SLF-System development

¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾

¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾

Figure 5 . 2 System overview

In figure 5.2 the overview of the total system is given. This flowchart contains two processes; the

`Image Processing´-process (6) and the `Image Analysis´-process (7). The `Image Processing´-process

(6) processes a test image according to the accompanying functions and delivers an output image for

every function. The `Image Analysis´-process (7) analyses the classification of each image that results

in an output. Each of these processes will be described in detail further on. The mask image of a test

image is in the `Image Processing´-process (6) being used to train a neural network. In the `Image

Analysis´-process (7) this mask image is being used to analyze the classification of the test image by

the neural network.

To explain the `Image Processing´-process (6) further the flowchart describing this process will be

used. The flowchart of this process is shown in figure 5.3 .

Neural Networks as Self-Learning Image Features SLF-System development

¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾

¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾

Figure 5 . 3 Image Processing overview

The input and output of the dashed box are the same as the input and output of the `Image

Processing´-process (6) in figure 5.2 and will therefore not be mentioned here. In this flowchart the

accompanying functions, to be used on the test image, are split up, meaning that for every function the

`IPF´-process (6.2) is called to determine the output image. IPF stands for Image Processing on

Function level. The function control (6.3) controls the set of functions out of which a function is

selected by the function selection (6.1). This function selector selects a, not yet used, function to be

used on the test image, and the function projection (6.4) connects the output of the `IPF´-process (6.2)

to the used function. From the function control (6.3) there is also an arrow going directly to the `IPF´-

process (6.2) . T his means that inside this process there are functions being controlled by the function

control (6.3), but this will be explained further on.

To explain the `IPF´-process (6.2) further the flowchart shown in figure 5.4 will be described.

Neural Networks as Self-Learning Image Features SLF-System development

¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾

¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾

Figure 5 . 4 IPF overview

As shown in the upper right corner of the dashed box in figure 5.4 this box represents the `IPF´-

process (6.2). In this figure some of the lines going to and coming from the processes have a dashed

line, this means that only a subset of all processes have been put in this flowchart. The function

selection (6.1) has one output-line with arrows on each process, this means that depending on the

selected function the corresponding process will be evaluated, that uses the test image as input. For

the output only the evaluated process will deliver data for the function projection (6.4). The process

`Self Learning Feature´ (6.2.1) has more inputs compared to the other processes. This process uses

the mask image to train the neural network and the function control (6.3) to control the functions used

in this process. The processes `Average´ (6.2.3) and `Variance´ (6.2.2) are known parameters on

images, and will therefore not be mentioned further.

The `Self Learning Feature´-process (6.2.1) will be explained by using the flowchart shown in

figure 5.5 .

Neural Networks as Self-Learning Image Features SLF-System development

¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾

¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾

Figure 5 . 5 SLF overview

The function control (6.3) controls the pre-process function (6.2.1.3) and the label function (6.2.1.4) to

be able to use other pre-processing or label functions. In this flowchart the images are split up into

windows using a number of pixels horizontal and/or vertical as distance between the windows. The

window control (6.2.1.5) controls the set of windows from the test image and the mask image, the

window selection (6.2.1.1 and 6.2.1.2) selects a window from the test image and the mask image, and

the window projection (6.2.1.7) connects the output of the ANN (6.2.1.6) to the selected window to

construct a new image. This flowchart comprises two batch modes; the training mode to train the

neural network and the operational mode to evaluate a test image. In the training mode 3 four steps are

taken. First a window is selected from the test image and its mask image. Second, the window from

the test image is being pre-processed to reduce the dimensionality of the window. Then the label

function calculates a label from the window of the mask image. Several functions are possible for the

label function 4 . In this thesis a 95 % rule is used to determine the label of a window. Windows that

have a lower percentage receive an undefined label and will not be used in training. In the last step the

neural network gets the pre-processed window and the calculated label as input. The neural network

has to learn the pre-processed window so that, when evaluating this window, the calculated label is its

answer. In the operational mode 5 the steps taken are almost the same as during the training mode

except that in the operational mode the path from mask image (3) to ANN (6.2.1.6) is not used,

because in this mode the neural network uses its learned data. For the ANN a feed forward neural

network will be used.

3 The used matlab script is present in appendix C as: ^ train_nn.m~.

4 The used matlab script is present in appendix C as: ^ labelmask.m~.

5 The used matlab script is present in appendix C as: ^ use_nn.m~.

Neural Networks as Self-Learning Image Features SLF-System development

¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾

¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾

Figure 5 . 6 Image Analysis overview

Besides the `Image Processing´-process (6) the flowchart shown in figure 5.2 contained also an `Image

Analysis´-process (7). The flowchart describing this process is shown in figure 5.6 . In this flowchart the

accompanying functions and their images are split up to perform a classification analysis between

functions or images that results in an output analysis. This can, for instance, be a classification

analysis between the average and variance and its classes or between the output of the neural

network from a test image and its mask image.

Neural Networks as Self-Learning Image Features SLF-System development

¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾

¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾

Neural Networks as Self-Learning Image Features HONN Pre-processing

¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾

¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾

6. SLF Pre-processing

In chapter 5 ` SLF System development ´ the self learning image feature (SLF) was described. It

contains a higher order neural network (HONN) that was constructed from a pre-processing part and

an artificial neural network (ANN). The reason to use a HONN is that it reduces the size of a neural

network compared to the `brute force approach´, that will not be described here. This reduction is

possible because no training is required to achieve invariances as they can be built into the

architecture of the network. The pre-processor selects part of the higher order terms. After pre-

processing these, these will result in for instance a histogram, an auto-covariance, or a co-occurrence.

Besides these transformations several other transformations can be used, such as those used in the

ultrasound (i.e. backscatterspectrum).

The above approach has been tested [Huisman et al., 1995], but was not suited to be used in a

practical situation because the transformation still resulted in a high dimensional input to the ANN.

Two problems arise due to the high dimensional input:

1. By using the transformation on local windows in an image, as described in the previous chapter, an

upper bound is introduced to the number of transformed values in making a statistical correct

estimate. The reason for this results from the limited set of values in a window (i.e. a 10 x 10

window with 100 values is not suited to estimate a histogram with 256 bins).

2. The neural network itself is the second problem. Using a large number of inputs results in a large

number of weights and when training a neural network to obtain a low generalization error, one

needs a large number of training examples. As stated by [Hertz et al., 1993] the number of training

examples has to be an order of magnitude larger than the number of weights (10, =(0.1) -1 , to

expect a generalization error less than 0.1 (=10 % )). So when training a neural network with no

hidden layers, 256 input neurons and a generalization error expectation of less than 10 % then 256

x (0.1) -1 = 2560 uncorrelated windows are needed. Using a neural network with 1 hidden layer that

has 256 neurons then 256 x 256 x (0.1) -1 = 655360 uncorrelated windows are needed. This would

result in a practically unfeasible set of data to be learned by a neural network.

A solution to this problem has to be found in the reduction of the dimension of the transformation.

This chapter describes a method to reduce the dimensionality of the pre-processed data. To test this

method several experiments have been done. In the first section a description will be given of the

reduction problem: difference-information loss. The second section will describe a method to quantify

the difference-information and a necessary pre-transformation step to prevent unwanted conditions in

the quantification method. In the third section experiments are done to find out if a pre-reduction can

be done. The fourth section describes the methods used to reduce the high dimensional input to the

ANN. In the fifth section the results from 8 experiments are shown. The sixth section gives a total

overview of the HONN pre-processing. In the last section a summary resulting from the HONN pre-

processing study is presented.

Neural Networks as Self-Learning Image Features HONN Pre-processing

¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾

¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾

6. 1 Information

In the introduction of this chapter the term experiment was used. During this study several

experiments will be done. For the first experiment images will be used that have a Gaussian

distribution with the following characteristics:

· m = 0 and s = 1, further on called type I images.

· m = 0 and s = 2, further on called type II images.

An example image, and its mask image, are shown in figure 6.1 and figure 6.2 . In these figures the

upper part is of type I and the lower part of type II.

For these experiments a window size of 5x5 is used. To determine if a window is of type I or of type II,

the mask pixels in that window are evaluated. A requirement to classify a window as type I or type II is

that the pixels of the mask window are uniformly labeled. For every image such a mask image is

included.

In order to find methods to reduce the dimension of the transformation it is necessary to know what

may and may not be reduced. For this study the choice has been made to use the histogram

transformation. To be able to distinguish two types of histograms, they should be different. When this

difference decreases, the two types of histograms become harder to distinguish. This difference will be

called the difference-information from the two types of histograms. Because this difference is used to

distinguish the two histograms, the transformation has to minimize the loss of the difference. As an

example the difference histogram 6 of experiment 1 will be shown. Before this histogram can be

produced , the histograms of type I and of type II have to be calculated. To get a good representative

histogram of type I, a large set of type I histograms has to be averaged. A set of 100 images with 48

windows each has been used. Because for each window a histogram is calculated, this results in 100

x 48 = 4800 histograms of type I. The same procedure has been followed to determine a mean

histogram of type II.

6 The used matlab script is present in appendix C as: ^ verschilhist.m~.

Figure 6 . 1 Example image with type I and type II

data

Figure 6 . 2 Mask image of figure 6.1

Neural Networks as Self-Learning Image Features HONN Pre-processing

¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾

¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾

The average histograms of type I and type II are shown in figure 6.3 a and figure 6.3 b. The difference,

subtracting type II from type I, is shown in figure 6.3 c. It shows were the difference-information

concerning the discrimination between the two histograms is located.

-10 -5 0 5 10

0

0.2

0.4

0.6

a) bindistribution occurrence

-10 -5 0 5 10

0

0.2

0.4

0.6

b) bindistribution

-10 -5 0 5 10

-0.2

0

0.2

c) bindistribution occurrence difference

Figure 6 . 3 a) average histogram type I with window 5x5 and #bins=256.

b) average histogram type II with window 5x5 and #bins=256.

c) difference (type I - type II) histogram with window 5x5 and #bins=256.

In the above examples 256 bins were used to determine the histograms. However, this requires a

large number of windows. The two problems, as stated in the introduction of this chapter, are not

solved in this situation. A possible solution has to be found in the reduction of the number of bins. The

kind of impact this would have on the difference-information is unknown, therefore a method to

quantify the difference-information has to be found. This will be done in the following section.

6. 2 Difference-information quantification

The amount of difference-information, contained in the difference between the two histograms, is low if

the difference is small and increases if the difference is growing. A method that uses this difference is

the chi-square-test 7 [Papoulis, 1991]. It was designed to test the difference between a histogram and a

known distribution of occurrences. This known distribution of occurrences could be interpreted as a

special kind of histogram. Namely, one from whom the distribution of occurrences is known, and

seems therefore suitable in this situation. The chi-square-test uses the following formula:

7 The used matlab script is present in appendix C as: ^ chi_square.m~.

Neural Networks as Self-Learning Image Features HONN Pre-processing

¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾

¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾

( )

2

2

1

0

0 c =

-

å

= i i

i

K N P

N P

i

M ,

,

(1)

where

2 c : Average chi-square

i

K : Number of occurrences in bin i

N : Total number of occurrences

0 , i

P : Probability of an occurrence in bin i

However, for this situation the above Eq. 1 has a disadvantage. When NP

0 is interpreted as a

histogram then it calculates an asymmetric difference between the occurrences of two histograms. As

an example figure 6.3 a and figure 6.3 b could be used as K and NP

0 in this chi-square formula that

results in a chi-square value x. Using figure 6.3 a as NP

0 and figure 6.3 b as K in the chi-square formula

would result in a chi-square value different from x. Therefore the following symmetric interpretation of

the chi-square-test is used:

( )

2

2

1

1 2

1 2

2 c =

+ æ

è ç ö

ø

÷

-

å

=

, ,

, , i i

i i

K K

K K i

M

(2)

where

2 c : Average chi-square

1 , i

K : Occurrences of bin i in histogram 1

2 , i

K

: Occurrences of bin i in histogram 2

The histograms shown in the previous section were calculated using a linear bin-distribution for the

histogram-function. As result of this it is possible that some bins in the denominator of equation 2 are

very small. These small denominator values blow up the chi-square value. Therefore, the chi-square

value becomes highly sensitive to noise (see figure 6.3 c). If this occurs the chi-square-test would be

useless, because the chi-square values would not converge to an optimum. To solve this problem, two

solutions can be distinguished. The first solution would be to generate more test images to increase

the number of occurrences at those bins that are not likely to occur. This in turn will increase the test

size that was set out to be kept small. The second solution is to prevent the denominator to become

very small by applying a transformation on the denominator.

The transformation, called the pre-transformation, that realizes this requirement is the equalization

transformation on the denominator of the chi-square-test. This transformation will try to equalize the

occurrences in the denominator by assigning a non-linear bin-distribution. The equalization

transformation results in an equalized bin-distribution of the sum of the two histograms to get a correct

denominator in the chi-square-test. However, performing an equalization transformation without

Neural Networks as Self-Learning Image Features HONN Pre-processing

¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾

¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾ obtaining `holes´ [Gonzalez et al., 1987] in the histograms requires that images have been digitized in

floating point precision. Visualizing the pre-transformation 8 results in figure 6.4 .

Figure 6 . 4 Pre-transformation

To summarize this section on how to calculate the difference-information between two histograms.

The first step is to determine the equalization transformation 9 that is derived from the average sum of

the two histograms. Second is to apply this transformation on both the input histograms. The third step

is to use the transformed 10 histograms on Eq. 2 that calculates an estimate of the difference-

information between these two histograms. Further is assumed that images are digitized in floating

point precision.

6. 3 Pre-reduction possibility

To solve the problems, as stated in the introduction of this chapter, a reduction of the number of bins

is needed with a minimum of difference-information loss. At this point two possibilities can be

distinguished for the reduction:

1. Reducing the number of bins during the histogram calculation

2. Reducing the number of bins during the equalization transformation.

In this section experiments are carried out to test how well the reduction performs when this is done

immediately during histogram calculation or during equalization transformation. The histogram

calculation as well as the equalization transformation are necessary to calculate and quantify the

8 The used matlab script is present in appendix C as: ^ pre_trans.m~.

9 The used matlab script is present in appendix C as: ^ equtransf.m~.

10 The used matlab script is present in appendix C as: ^ verdeelhistdata.m~.

Neural Networks as Self-Learning Image Features HONN Pre-processing

¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾

¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾ difference-information. In the first possibility the histogram is calculated with a reduced number of bins

followed by the histogram equalization. For the second possibility the histograms are calculated at

maximum number of bins and a bin-reduction is achieved during the equalization. First the reduction

during histogram calculation is considered. The histograms and the accompanying difference are

shown in figure 6.5 , figure 6.6 and figure 6.7 for a reduction to 10, 50 and 256 bins respectively.

-10 -5 0 5 10

0

5

10

a) bindistribution occurrence

-5 0 5 10

0

2

4

b) bindistribution

-10 -5 0 5 10

0

5

10

c) bindistribution

-5 0 5 10

0

2

4

d) bindistribution

-10 -5 0 5 10

-5

0

5

e) bindistribution occurrence difference

-5 0 5 10

-4

-2

0

2

f) bindistribution

Figure 6 . 5 window 5x5 and #bins=10.

a) histogram type I before equalization. b) after equalization.

c) histogram type II before equalization. d) after equalization.

e) difference histogram before equalization. f) after equalization

Neural Networks as Self-Learning Image Features HONN Pre-processing

¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾

¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾

-10 -5 0 5 10

0

2

4

a) bindistribution occurrence

-5 0 5 10

0

0.5

1

b) bindistribution

-10 -5 0 5 10

0

2

4

c) bindistribution

-5 0 5 10

0

0.5

1

d) bindistribution

-10 -5 0 5 10

-1

0

1

2

e) bindistribution occurrence difference

-5 0 5 10

-1

-0.5

0

0.5

Figure 6 . 6 window 5x5 and #bins=50.

a) histogram type I before equalization. b) after equalization.

c) histogram type II before equalization. d) after equalization.

e) difference histogram before equalization. f) after equalization.

Neural Networks as Self-Learning Image Features HONN Pre-processing

¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾

¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾

-10 -5 0 5 10

0

0.2

0.4

0.6

a) bindistribution occurrence

-5 0 5 10

0

0.1

0.2

b) bindistribution

-10 -5 0 5 10

0

0.2

0.4

0.6

c) bindistribution

-5 0 5 10

0

0.1

0.2

d) bindistribution

-10 -5 0 5 10

-0.2

0

0.2

e) bindistribution occurrence difference

-5 0 5 10

-0.2

-0.1

0

f) bindistribution

Figure 6 . 7 window 5x5 and #bins=256.

a) histogram type I before equalization. b) after equalization.

c) histogram type II before equalization. d) after equalization.

e) difference histogram before equalization. f) after equalization.

Images 11 used have a dynamic range of 8 bits, so the maximum number of bins is 256. The chi-

square-value will reach a maximum at that point, this maximum will be called the optimal chi-square-

value. The result of the chi-square-test on the above three situations, after equalization as already

mentioned, are shown in table 6.1 .

Chi-square % difference-information loss to

optimum

10 bins 10.1946 34.18 %

50 bins 14.9377 3.56 %

256 bins 15.4886 0 %

Table 6 . 1 Chi-square values of results in figure 6 . 5 , figure 6.6 and figure 6.7 .

11 Images are assumed to be digitized in floating point precision.

Neural Networks as Self-Learning Image Features HONN Pre-processing

¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾

¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾

Looking at table 6.1 , the following conclusions can be drawn. First, the reduction to 10 bins during the

histogram calculation is unacceptable, because about 1 /

3 of the difference-information is lost. Second,

the reduction to 50 bins during the histogram calculation is a lot better, but the loss is still too much

when evaluating the subsequent reduction algorithm. Thus, it can be concluded that reducing the bins

during the histogram calculation results in difference-information loss, except for the situation with 256

bins. Because the images are assumed to be digitized in floating point precision, it is possible and

therefore optimal to use 256 bins for the histogram calculation.

The second option to reduce the input, in this section, is a reduction during the equalization

transformation. Results of the combined reduction and equalization from 256 to 50 bins are shown in

figure 6.8 .

-10 -5 0 5 10

0

0.2

0.4

0.6

a) bindistribution occurrence

-5 0 5 10

0

0.5

1

b) bindistribution

-10 -5 0 5 10

0

0.2

0.4

0.6

c) bindistribution

-5 0 5 10

0

0.5

1

d) bindistribution

-10 -5 0 5 10

-0.2

0

0.2

e) bindistribution occurrence difference

-5 0 5 10

-1.5

-1

-0.5

0

f) bindistribution

Figure 6 . 8 window 5x5 and #bins=256.

a) histogram type I before equalization. b) after equalization and reduction to #bins=50.

c) histogram type II before equalization. d) after equalization and reduction to #bins=50.

e) difference histogram before equalization. f) after equalization and reduction to #bins=50.

Neural Networks as Self-Learning Image Features HONN Pre-processing

¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾

¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾

The result of the chi-square-test on the above situation (see figure 6.8 ) is shown in table 6.2 .

Chi-square % information-loss to optimum

50 bins 15.1976 1.88 %

256 bins 15.4886 0 %

Table 6 . 2 Chi-square values of result in figure 6.8

Reducing during the equalization is about a factor of 2 better than when reducing during the histogram

calculation, but still too much when regarding the equalization to 256 bins. The conclusion drawn for

the reduction during the histogram calculation can also be applied here; Because images are

assumed to be digitized in floating point precision, it is possible and therefore optimal to use 256 bins

for the equalization transformation.

For this section it can be concluded that doing the reduction in the process of obtaining and quantifying

difference-information results in unwanted difference-information loss. Besides that, the more

difference-information stays available, the better the best reduction method in section 6.4 can be

determined. Only the situation that the histograms are calculated at maximum number of bins and an

equalization is done at maximum number of bins results in no difference-information loss (see figure

6.7 ). Because images are assumed to be digitized in floating point precision, it is possible and

therefore optimal to use the maximum number of bins.

6. 4 Reduction methods

At this moment it is known how to obtain and quantify the difference-information in an image without

loss of difference-information. In this section a reduction method has to be found that reduces the high

dimensional input to the ANN with a minimum of difference-information loss. Three kinds of methods

can be distinguished to reduce the number of bins:

1. Reducing the bins in the equalized bin-distribution in a linear way. This method, called the linear

method 12 , divides the bin-distribution in equidistant bins where the bin-width depends on the

number of bins.

2. Reducing the bins in the equalized bin-distribution by using a transformation function, equal to the

cumulative distribution of the absolute difference histogram, that produces a histogram whose

occurrences have a uniform density [Gonzalez et al., 1987]. This method, called the equalization

method 13 , divides the y-axis of the cumulative distribution in equidistant parts where the width

depends on the number of bins.

3. Reducing the bins in the equalized bin-distribution by using an optimization method that minimizes

the difference-information loss. This method, called the minimization method 14 , uses the bin-

distribution of the linear method and the equalization method as initialization to find the best bin-

distribution for a given number of bins. This optimization method uses the simplex search algorithm

of Nelder and Mead [Nelder et al.] and tries to find the minimum of a scalar function 15 . The scalar

function is in this situation a function that determines the difference between the optimal chi-square

and the chi-square of a bin-distribution, determined by the optimization method.

A requirement to use the above methods is that these methods have to be `trained´ with a data-set.

This so called training means that to correctly reduce the bins with the above methods, these methods

12 The used matlab script is present in appendix C as: ^ bepaallinbin.m~.

13 The used matlab script is present in appendix C as: ^ bepaalequbin.m~.

14 The used matlab script is present in appendix C as: ^ bepaalminbin.m~.

15 The used matlab script is present in appendix C as: ^ bepaalverdeel.m~.

Neural Networks as Self-Learning Image Features HONN Pre-processing

¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾

¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾ have to use an average difference histogram calculated by subtracting two types of averaged

histograms. These averaged histograms have been calculated by averaging a large set of histograms,

and the larger this set is the smaller the influence of noise will be.

The resulting bin-distributions from the reduction methods will be referred to as transformation vectors,

and the best transformation vector will be used in the pre-processing unit. Visualizing this reduction

process 16 results in figure 6.9 . Using the three reduction methods, for the #bins=2..10, on the first

experiment (see begin of section 6.1 ) results in the graph shown in figure 6.10 .

Figure 6 . 9 Reduction methods

16 The used matlab script is present in appendix C as: ^ reduct_meth.m~.

Neural Networks as Self-Learning Image Features HONN Pre-processing

¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾

¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾

+ linear method

equalization method

minimization method

10 1

0

10

20

30

40

50

60

70

80

90

100

# bins chi-square in %

experiment 1 chi-square progress (optimum 15.4886)

Figure 6 . 10 Chi-square results from experiment 1 (#bins=2..10).

For this experiment all the three methods, see figure 6.10 , have a difference-information loss of 10 %

or less when the number of bins is reduced to 10. Because the maximum available difference-

information is used, all three methods have their best results for this experiment. The equalization

method performs slightly better than the linear method, but the minimization method has the best

results. This method has a difference-information loss of less than 10 % at a reduction to 8 bins.

Therefore, when the high dimensional input is reduced to a low dimensional input, the best

performance in this experiment is obtained by the minimization method.

6. 5 Other experiments

In the first experiment that was done, a Gaussian distribution with m = 0 and s = 1 (type I) and s = 2

(type II) was simulated. For that experiment some conclusions concerning the results of the reduction

methods were drawn. In order to draw more general conclusions on the reduction methods a total of 8

more experiments were done. The first four experiments have a Gaussian distribution with a different

m and s compared to experiment 1. After that, four experiments are done with a Rayleigh distribution.

6. 5 .1 Experiments 2 to 5

These experiments are concerned with a Gaussian distribution. Table 6.3 gives an overview of the

parameters in these four experiments.

Type I-image Type II-image

Neural Networks as Self-Learning Image Features HONN Pre-processing

¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾

¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾

Experiment 2 m = 1, s = 1 m = 2, s = 2

Experiment 3 m = 1, s = 2 m = 2, s = 2

Experiment 4 m = 1, s = 2 m = 3, s = 2

Experiment 5 m = 1, s = 2 m = 5, s = 2

Table 6 . 3 Other experiments with Gaussian distribution.

The chi-square results of these experiments are displayed in figure 6.11 . In every graph the x-axis

represents the number of bins in the range 2..10 and the y-axis represents the estimated difference-

information, or chi-square value, in percentages of the optimum chi-square value.

+ lin. method

eq. method

min. method

+ lin. method

eq. method

min. method

+ lin. method

eq. method

min. method

+ lin. method

eq. method

min. method

10 1

0

50

100

a) # bins chi-square in %

exp. 2 chi-square (opt. 22.6000)

10 1

0

50

100

b) # bins exp. 3 chi-square (opt. 6.0957)

10 1

0

50

100

c) # bins exp. 4 chi-square (opt. 21.5749)

10 1

0

50

100

d) # bins exp. 5 chi-square (opt. 54.7914)

Figure 6 . 11 a) Results experiment 2. b) Results experiment 3. c) Results experiment 4.

d) Results experiment 5.

For these experiments, see figure 6.11 , all three methods, except the equalization method in

experiment 2, have a difference-information loss of 10 % or less when the number of bins is reduced

to 9. The linear method generally performs better than the equalization method, but the minimization

method has the best results.

Neural Networks as Self-Learning Image Features HONN Pre-processing

¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾

¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾

6. 5 .2 Experiments 6 to 9

Because ultrasound involves Rayleigh 17 distributed data some experiments have to be done with that

distribution. Table 6.4 gives an overview of the parameters in these four experiments.

Type I-images Type II-images

Experiment 6 m = 1 m = 2

Experiment 7 m = 2 m = 3

Experiment 8 m = 3 m = 4

Experiment 9 m = 2 m = 4

Table 6 . 4 Experiments with Rayleigh distribution

The chi-square results of these experiments are displayed in figure 6.12 . In every graph the x-axis

represents the number of bins in the range 2..10 and the y-axis represents the estimated difference-

information, or chi-square value, in percentages of the optimum chi-square value.

+ lin. method

eq. method

min. method

+ lin. method

eq. method

min. method

+ lin. method

eq. method

min. method

+ lin. method

eq. method

min. method

10 1

0

50

100

c) # bins chi-square in %

exp. 8 chi-square (opt. 6.9839)

10 1

0

50

100

a) # bins exp. 6 chi-square (opt. 29.7526)

10 1

0

50

100

b) # bins exp. 7 chi-square (opt. 13.4676)

10 1

0

50

100

d) # bins exp. 9 chi-square (opt. 30.1064)

Figure 6 . 12 a) Results experiment 6. b) Results experiment 7. c) Results experiment 8.

d) Results experiment 9.

For these experiments, see figure 6.12 , all the three methods, except the linear method in experiment

8, have a difference-information loss of 10 % or less when reducing the number of bins to 10. The

linear method performs better than the equalization method when the chi-square is high, see

experiment 6 and 9. At a low chi-square, see experiment 8, the equalization method performs better

17 The used matlab script is present in appendix C as: ^ randrayl.m~.

Neural Networks as Self-Learning Image Features HONN Pre-processing

¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾

¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾ than the linear method. The results of experiment 7 lie in-between. The method that performs best in

these experiments is the minimization method.

When all results in this chapter are compared it can be concluded that the linear method performs

better than the equalization method when the chi-square is high. At a low chi-square the equalization

method performs better than the linear method. However, the best performance in obtained by the

minimization method.

6. 6 Pre-processing overview

Now that all theory and methods, necessary for the HONN pre-processing unit, have been described

an overview will be given how this will be used in the system. In figure 6.13 a global overview of the

HONN 18 is given.

Figure 6 . 13 Global HONN overview

The pre-processing unit gets a window as input, and delivers the pre-processed window to the neural

network, that determines a Self Learning Image Feature. This pre-processing unit pre-processes the

input by reducing the number of bins in the histogram of the input. In order to pre-process the input

correctly and consistently the pre-processing unit 19 , see figure 6.14 , has to learn a transformation

vector for the re-distribution or reduction.

18 The used matlab script is present in appendix C as: ^ honn.m~.

19 The used matlab script is present in appendix C as: ^ preproces.m~.

Neural Networks as Self-Learning Image Features HONN Pre-processing

¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾

¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾

Figure 6 . 14 Overview HONN Pre-process

To correctly initialize this transformation vector 20 a large number of windows, and the masks, have to

be used, and several steps have to be taken, see figure 6.15 .

Figure 6 . 15 Overview learning phase

The first step is to calculate the histograms of the windows, determine if a histogram is of type I or type

II, and then to average the histograms of both types. Results of this operation are the average

histograms of type I and type II. In the second step these histograms will be used as input for the pre-

transformation, explained in section 6.2 , that results in the transformed average histograms of type I

20 The used matlab script is present in appendix C as: ^ learnpreproces.m~.

Neural Networks as Self-Learning Image Features HONN Pre-processing

¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾

¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾ and type II. The third step calculates the average difference histogram by subtracting both types of

averaged histograms. This average difference histogram will then be used, as input for the reduction

methods (see section 6.4 ), to determine the transformation vector for the pre-processing unit.

6. 7 Summary

Using high dimensional input for a neural network results in a practically unfeasible amount of data to

be learned by a neural network. Therefore a transformation on the input has to be done to reduce the

input. A requirement for this transformation is that it minimizes the difference-information loss. The

difference-information in two histograms is contained in the difference between these two histograms.

To control the difference-information loss a method is needed to quantify the difference-information.

The chi-square-test, designed to test the difference between two histograms, is suitable to be used as

quantifier. However, before this chi-square-test can be used it is required that a symmetric

interpretation of this test is used and that an equalization transformation is done on the denominator to

prevent small denominator values.

Reducing the number of bins during the histogram calculation and/or equalization transformation

results in difference-information loss. Because images used are assumed to be digitized in floating

point precision, it is possible and optimal to use 256 bins for the histogram and the equalization.

Besides this reduction, experiments have been done to reduce the number of bins using three

reduction methods. From all experiments it can be concluded that the linear method performs better

than the equalization method if enough difference-information is available, otherwise the linear method

is equal or worse than the equalization method. The minimization method performs best in all

experiments. However, the minimization method uses the results of the linear method and the

equalization method as initialization.

The method to reduce the dimensionality of the pre-processed data consists of two parts. First a

histogram of the window is calculated, and after that a transformation on the histogram is done to

reduce the input for a neural network. This transformation uses a learning phase to reduce the input

correctly and consistently. Therefore it uses the three reduction methods to determine the

transformation vector with the best chi-square value. Because the transformation uses a learning

phase to reduce the input, a possible fourth method to reduce the number of bins could be using a

neural network. A separate study is needed to investigate this possibility as a method that performs

maybe even better than the minimization method.

Neural Networks as Self-Learning Image Features HONN Pre-processing

¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾

¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾

Neural Networks as Self-Learning Image Features SLF System Evaluation

¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾

¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾

7. SLF System Evaluation

In this chapter the developed SLF system will be evaluated. The goal is to find out how the SLF

behaves in a realistic ultrasound environment compared to the fixed features. Before the SLF can be

compared some ANN parameters have to be tuned. These parameters are SLF parameters such as

network configuration (i.e. #input neurons, #hidden layers and #neurons in the hidden layers) and the

#bins that are used.

To make a realistic comparison between the performance of the SLF and the fixed features a realistic

environment is necessary. In order to create such an environment, images of a realistic size will be

used. Besides that, the number of images will be limited to a realistic number, because there are

seldom enough images available in practice. In some situations this limitation could lead to insufficient

training of the neural network.

7. 1 Datasets

Before the SLF can be used to analyze images, the neural network of the SLF, as already mentioned,

has to be trained. For this training a training set with a particular problem is used. To validate if the

neural network has learned enough, too much or too less about a particular problem an independent

set, the validation set, is used having the same problem.

In this chapter simulated ultrasound images with a realistic size and a realistic number are used. The

goal of these simulations is to study the effect of a decreasing difference in scatter density between

normal and abnormal tissue. Therefore training- and validation sets will be simulated 21 with a scatter

density of 3, 6, 10, 15 and 20 in a resolution volume. The normal (or healthy) tissue will have a scatter

density of 20 and for the abnormal tissue the scatter density will vary. For every difference in scatter

density between normal and abnormal a dataset is constructed. When the difference in scatter density

between 3 and 20 is considered, the images in the training- and validation set will both have a part with

a scatter density of 3 and another part with a scatter density of 20.

For the simulated ultrasound images the speckle 22 will be sampled to a fixed size of 1x1 pixel 23 . The

reason is that the number of speckles, and not the number of pixels, is determining the effective extent

of data. An advantage for using such a speckle size is the reduction in necessary data to get a realistic

environment. Therefore, it is possible to use a set of 10 images with a size of 100x100 pixels 24 for

every training- and validation set. In this situation a set of images needs about 3 Mb hard drive space

instead of 63 Mb when a speckle size of 3x7 pixels was used. The total necessary hard drive space is

therefore only 150 Mb instead of 3150 Mb. This decrease in necessary data also results in a decrease

of time needed to perform an experiment. Performing an experiment on the largest difference in

scatter density with a window size of 5x5 speckles and 5 bins, a little over 3 hours 25 are needed now.

Using a speckle size of 3x7 pixels this time would, in the first place, increase because of the increase

in data. However, the time could also increase because of an increase in memory usage. As a result

21 The used matlab script is present in appendix C as: ^nesbeeld3.m~.

22 The used matlab script is present in appendix C as: ^ ses.m~.

23 In practice the speckle has a size of 3x7 pixels.

24 In practice the image has a size of 300x700 pixels.

25 This measurement is done on a Sun Sparc 20 with 64 Mb memory and with a speckle size of 1x1 pixel.

Neural Networks as Self-Learning Image Features SLF System Evaluation

¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾

¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾ of this, the possibility exists that hard drive space is used temporarily to store data, the so called

^swapping~ effect. Other factors that have an influence on the used time are the window size, the #bins

and the problem in the dataset.

In the set of simulated images every scatter density will have 4 training- and validation sets. The

reason to do this is to determine a mean correct classification percentage as result of an experiment

and a raw estimation of the variability. This also prevents that in some experiments high results are

obtained by coincidence. A better average could be determined by enlarging the dataset with, for

instance, a factor of 4. However, the objection is that the dataset is not realistic anymore. Furthermore,

the possibility that the generalization error appears also decreases.

7. 2 Classification

To distinguish between the two classes, a parametric or a non parametric classifier could be used.

The reason to use a classifier is to determine how well it is possible to correctly classify a datapoint in

a particular experiment. A parametric classifier is the Mahalanobis distance that is described in

appendix A. Before the Mahalanobis distance can be used, all data must have an equal probability

[McLachlan, 1992] of belonging to the available classes. Besides that, the features must have a multi

variate normal distribution. A nonparametric classifier is the k-Nearest Neighbour (k-NN) [McLachlan,

1992] that is described in appendix B. In this chapter the k-NN classifier will be used as classifier for

the experiments of the fixed features and the SLF. The reason not to use the Mahalanobis distance to

estimate the correct classification percentage in these experiments is twofold. First of all, it is not fair

to compare the performance of the fixed features and the SLF, because the neural network has

learned the difference between the two classes. Second, the fixed features and the SLF must be multi

variate normal distributed, this is not always true.

7. 3 Experiments

The experiments that are performed in this chapter are related to the following items:

1. Calculating the fixed features (mean, variance, skewness and kurtosis) for a variation in window

size (5x5, 7x7 and 10x10 speckle´s). Thereby determining the influence of the window size on the

correct classification percentage of the fixed features. However, this is not the most important

reason. Primarily, these results are used as reference values for comparison with the SLF results.

2. Determining the SLF for a variation in #bins (5..10) and window size (5x5, 7x7 and 10x10

speckle´s). Thereby determining the influence of the #bins on the correct classification percentage

for every window size. Further an optimal #bins can be determined for every window size.

3. Determining the SLF for a variation in #neurons in the hidden layer. For this the proportion between

the #neurons of the input layer and the #neurons in the hidden layer will be changed. Thereby

determining the influence of the #neurons in the hidden layer on the correct classification

percentage. Further an optimal #neurons in the hidden layer can perhaps be determined.

Neural Networks as Self-Learning Image Features SLF System Evaluation

¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾

¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾

7. 4 Choice of the neural network

In [Reijnen, 1994] and [Huisman et al., 1995] it was shown that a multi layer feed forward neural

network would be a suitable choice to be used in a self learning image feature system. Research was

done to find out the most suitable trainingmethod when the system has to learn to distinguish between

two classes. Especially learning small differences in the data turned out to be decisive for the choice of

the trainingmethod.

In the used signal processing environment [Matlab,1992] various trainingmethods are available for

feed forward neural networks. Two of these will be reviewed. The first is the fast backpropagation

neural network: ^trainbpx~ [Matlab,1993]. This one is referred to as fast backpropagation because it

has some optimizations compared to normal backpropagation networks. These optimizations are

momentum and adaptive learning rate. Using the fast backpropagation to learn to distinguish between,

for instance, a Rayleigh distribution with m

1

= 3 and a Rayleigh distribution with m

2

= 4 then after 3000

epochs the results in column two of table 7.1 are obtained. For this experiment the training- and

validation sets consisted of 14 images each 50x50 pixels in size. The neural network had a 5-10-2

architecture and a window size of 5x5 pixels was used.

Data mean correct classification

percentage for fast backpropagation

method after 3000 epochs mean correct classification

percentage for Levenberg-

Marquardt after 30 epochs

training set 93.2 % 93.0 %

validation set 92.8 % 92.6 %

Table 7 . 1 Mean correct classification percentage trainingsmethods.

A second trainingmethod is Levenberg-Marquardt: ^trainlm~, [Matlab,1993] [Bishop,1995] and

[Norgaard, 1995]. The results of this method are shown in column three of table 7.1. These results

were obtained after 30 epochs. However, the time needed to train an epoch with Levenberg-Marquardt

is not equal to the time needed to train an epoch with fast backpropagation. An epoch with Levenberg-

Marquardt takes approximately a factor 4 more time. Using the training- and validation set to be

evaluated by both neural networks, after these have been trained, results are obtained as shown in

figure 7.1. Besides that, both neural networks try to minimize the sum squared error. This curve is

shown in figure 7.2.

Neural Networks as Self-Learning Image Features SLF System Evaluation

¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾

¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾

Figure 7 . 1 Mean correct classification percentage curve Rayleigh distributed datasets.

Figure 7 . 2 Mean SSE curve Rayleigh distributed datasets.

Neural Networks as Self-Learning Image Features SLF System Evaluation

¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾

¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾

At 30 epochs the Levenberg-Marquardt achieves a mean sum squared error of 169 and a mean

Mahalanobis distance of 2.96 for the training set and 2.9 for the validation set. The fast

backpropagation achieves a mean sum squared error of 173.4 and a mean Mahalanobis distance of

2.99 for the training set and 2.93 for the validation set.

Due to the learning rate of Levenberg-Marquardt compared to fast backpropagation, as is shown in

figure 7.1 and figure 7.2, Levenberg-Marquardt will be used in further experiments, and the neural

network will be trained for a maximum of 30 epochs.

7. 5 Experiment with fixed features

In this experiment a mean correct classification percentage is estimated for each window size and for

each dataset. The fixed features that will be used are: mean, standard deviation, skewness and

kurtosis. Items that will vary in this experiment are the dataset, shown in table 7.2, and the window

size. The windows that will be used have a size of 5x5, 7x7 and 10x10 speckle´s. Thereby doubling the

#speckle´s in a window when increasing the window size.

Dataset Scatter density type I Scatter density type II

dataset 1 (3-20) 3 20

dataset 2 (6-20) 6 20

dataset 3 (10-20) 10 20

dataset 4 (15-20) 15 20

Table 7 . 2 Datasets (valid for training- and validation set).

The result obtained for the fixed features (mean, standard deviation, skewness and kurtosis) with the

dataset that has the smallest difference in scatter density is primarily described by the first two

features. An explanation is that the data of the two classes are almost identical and almost Rayleigh

distributed. A comparison between the results of the first two features and all four features is given in

table 7.3. From this table a surprising result can be derived. It appears that using more features does

not guarantee a better or equal result. From the used dataset it appears that using the four features,

compared to the two features, results in a growing decrease in performance when using window sizes

of 7x7 speckle´s or larger.

Window size mean correct classification percentage

for the features mean and standard

deviation mean correct classification

percentage of the 4 fixed features

5x5 training set 78.4 % 79.5 %

7x7 training set 84.7 % 84 %

10x10 training set 92 % 85.7 %

5x5 validation set 78.5 % 78.9 %

7x7 validation set 84.5 % 83.7 %

10x10 validation set 91.5 % 86.9 %

Table 7 . 3 Comparison results features mean & standard deviation with the fixed features.

Because of the growing decrease in performance at an increasing window size, only the features

mean and standard deviation will be used as fixed features.

Neural Networks as Self-Learning Image Features SLF System Evaluation

¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾

¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾

Now that all parameters are available for this experiment the correct classification percentage can be

estimated for the fixed features. The results shown in figure 7.3 and figure 7.4 are used as reference

values for comparison with the SLF results. For each mean correct classification percentage its

minimum and maximum values are also given. These are represented by the two short horizontal lines

connected by a vertical line.

Figure 7 . 3 Mean correct classification curve

training set fixed features.

Figure 7 . 4 Mean correct classification curve

validation set fixed features.

Looking at the results shown in figure 7.3 and figure 7.4, the following statements can be made:

1. Slight differences can be found between the results of the training- and validation sets. Actually

there should be no differences because fixed features are not trained on the training set. This

minor difference can therefore only be explained as a slight difference in the datasets of the

training- and validation sets. The following statements are referring to the validation set.

2. At a decreasing difference in scatter density a trend can be discovered in the decrease of the

correct classification percentage. The explanation is that the difference between the two classes

decreases.

3. Besides that, it appears that a better correct classification percentage can be obtained at an

increasing window size. The explanation is that features can be estimated more accurate by a

window that contains more data. This is possible because the standard deviation decreases when

the window size increases, thereby increasing the ability to distinguish the features.

4. Finally, it appears that the difference between the correct classification percentages of the used

window sizes increases at a decreasing difference in scatter density. This is caused by the non

linear relationship between the Mahalanobis distance and the correct classification percentage.

The possibility exists that a dataset has a Mahalanobis distance of, for instance, 20 and another

dataset has a Mahalanobis distance of, for instance, 10, but both have a mean correct

classification percentage of approximately 99 %.

Neural Networks as Self-Learning Image Features SLF System Evaluation

¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾

¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾¾

7. 6 Experiments with self learning image features

7. 6 .1 Experiment 1: variation #bins and window size

For each dataset in this experiment a mean correct classification percentage of the SLF is estimated

for every window size and each #bins. The datasets used in this experiment are shown in table 7.2

and the #bins will vary from 5 up to and including 10. Other items that will vary in this experiment are

the network size and the window size. For the network size an architecture of #bins - (2 * #bins) - 2 will

be used. The windows that will be used have a size of 5x5, 7x7 and 10x10 speckle´s. Thereby

doubling the #speckle´s in a window when the window size increases.

Now that all parameters are known for this experiment the correct classification percentage for the

SLF can be estimated. Because this experiment has a three dimensional problem the results will be

spread over several graphs. The results are shown in figure 7.5 up to and including figure 7.10. For

each mean correct classification percentage its minimum and maximum values are also given. These

are represented by the two short horizontal lines connected by a vertical line.

Figure 7 . 5 Results SLF training set window size:

5x5 speckles.