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Abstract

These days the technologies are going toward Hybrid systems
between techniques ,that to compensate the imperfects and a
problems that may be occurred when using just one technique .

A key word of this research is to use a Hybrid method that
combine a wavelet theory with a neural networks and fuzzy logic ,
through suggest an activation function as a summation of wavelet
function and membership function ,these functions are continuous.
The chosen wavelet function is a Mexican hat wavelet ,while the
membership function is a Gaussian membership function .

Also this method suggests new way to take decision through
compute the output at closed interval of actual output values for
inputs values to a network which are a files of features of images
used as training set ,which is provide a wide support to work on ,
and then to accomplish more convergence pattern(s) ,since the
suggested method performed on a pattern recognition problem .

The suggested method performed on a set of images for a
geometric curves Hand drawing for eights categories that gradual
in complexity ,that to proving the network ability .Each category
has six (in some experiments used seven) figures ,one a standard
figure that characterize the category and five(six) from its fuzzy
(vague) versions .

The idea of this suggested method is novel since; that it
depends on recognize a pattern(s) through the actual output of a
pattern(s) that wanted to be recognized must at least be with in a
closed interval for output values for patterns in that category .This
interval determined by the actual outputs values for a figures in a
category that used to train a network ,each category has a closed
interval for its patterns outputs values different on all other
categories intervals ,and these intervals must not intersect with
other at all ,also these closed intervals can be regard as a decision
regions for convergence .While the regions that be between these
intervals or out of the space of intervals are regarded as error
regions ,the proposed network try to as could as to minimize
regions between these closed intervals of that categories ,and then
minimize errors probabilities though training .



Many experiment performed to showing the work and
efficiency of a suggested method .In training of a network with a
supposed parameters values for the experiments it must be fixed
for all categories in an one experiment .A first experiment is work
on the figures in the training set , the results of training were good
for dealing with that figures ,and a generalization ability for
recognizing through the intervals .

A second experiment is presented as trail to increase the
efficient of a network and to reduce the error regions between the
closed intervals for patterns categories outputs ,through modifying
the architecture of a network by increase the number of hidden
neurons ,also to showing the effect of this type of increasing .We
note that error values for training were decreased at not bad rate .

In the third experiment trails on increasing the efficiency
continued ,and try to increase the capacity of a closed intervals to
more patterns through increase the number of a fuzzy versions for
each standard figure at each category .

A fourth experiment is combine the closed ideas of the two
previous experiments through performing the suggested method
for increasing number of hidden neurons and of number of
patterns for each category at training set .This proven that work of
a network is improved when do these modifications .

The suggested method also performed on a color images in
experimented way ,a view that was accomplished as experiment
on the same training set ,that at the fifth experiment the colored
images through using the same patterns in the training set but
drawn by colored lines on white backgrounds .The network testify
high ability in dealings with these images .

Experiments of work the suggested method is accomplished by

Pentium Il computer ,and programmed by “Turbo C™ “ language
programming .



o A Conclusions

This scheme introduce a novel method for combining fuzzy
logic and wavelets ,that have been exploited to work on solutions
for some patterns recognition problems through fixed architecture
for a network (except some supposed experiment to improve the
worKk).

Here will view several conclusion drawn from this work ,through
seeing a gotten results from all the five performed experiments ,
we infer success network under suggested method and a
supposed parameters values through experimenting in dealings
with what that we want to accomplishing from this work ,that led
and help us to thing and encourage to work on more and more
different problems after this success .

We note through learning this network in first experiment ;a real
doing for network in recognize images in training set and even on
that in testing set and for all categories normalcy, in ways seems
similar ,that is in limits of a closed intervals for each category .

Also note that increasing efficiency of the network with an
increasing in number of hidden neurons ,that what introduce
through second experiment for work on a same used training set
and testing set for first experiment and for all categories, with
decreasing in number of iterations for most categories if it
compared with previous experiment ,that certify work of a
suggested method on patterns under this condition, misrecognition
to some categories really occurred ,so we tend to perform a next
experiments

A network efficiency has been increased to good rate for an
other way in modification in framework through increasing number
of a used images(patterns) in training set ,that what hold through
coming third experiment at increasing ability to recognize patterns ,
increasing not effective in testing set that also improve
performance of the suggested method through success in this
test.



Fourth experiment recover on a good success in accumulation
between ideas of previous experiments ,that add a goodness for
work and then results of learning network and clarify effect of
increasing in number of hidden and training set patterns on doing
of the network on each category .Increasing number of testing set
patterns not very active on this work ,that is we used same testing
set on all previous experiments .The main thing is increase ability
to pattern recognition .

The network proven an excellent ability in dealing with a colored
images ,and for all categories in training set that also mean
improving ability for this type from images and on testing
performance, in spite fail a network in recognize some patterns it
may be so noisy(fuzzed) to recognition or not in that category , a
largest available error value that used for this job is +.++) even it
larger than the used one for uncolored images, that promote to
trade with more ways for coloring .Results displayed good training ,
in addition to testing, in recognize images in testing work .

We have shown that ,when used the colored images leads to
results that are much more independent from colors even it
different for coloring(in colors) .

Also for all experiments we noted existing a deviation in
parameters values for learning ;

Minimizing iterations and epochs number from first to a
second experiment for most categories ,but it increased
at third .Also it decreased from third experiment to the
fourth ,and then minimized for the colored images at fifth
experiment .

Decreasing mean error tolerance values for categories
from first to the second experiment ,in spite using a
value some what large for colored images .Also it
decreased from third to fourth experiment under same
view .

Increasing ranges of the intervals at first to second
experiment for most categories ,also increased at third
than two previous experiments which increased at fourth
experiment in general .The ranges are increased and
decreased at some interval at fifth experiment .

After training ,the network displayed an ability to generalize |,
that is to recognize images in testing set for all categories in
performed experiments ,since it obeyed two techniques ,which
represented as universal approximators(fuzzy logic and wavelets)
in architecture of the network .



The main important thing at this point is actual output for each
pattern not belongs to two (or more) categories intervals in same
time(experiment) ,and choice of desired output values for these
categories is effective on ordering these categories intervals ,and
so these intervals are ordered increasingly ,this since choosing a
desired values with increasing order, these intervals are appeared
as a sequence of closed interval began with first category interval
and end with last category interval(eighth category) for all
categories in the performed experiments . Also see that existing a
regions between these intervals of categories (as parts from error
regions) ,and existing regions out over higher value for all
intervals(eighth interval) ,and less than a smallest value for all
categories (first interval) .

From previous experiments it be known that a largest available

error value that a network able to work under is «.++) for an
images drawn with colored lines. While largest available error
value is +.+++A for uncolored images(black and white) .

Using a single file for weights values of connections for all
categories and changed for each category that training is helpful in
decrease multiplicity in train each category dividual ,that simplify
the testing performance ,and support a static criteria in compare
output values .

From points that it important also ; fixing values of translation
and dilation on values 1 ,Y , respectively for all categories and for
all experiments ,this declare the flexibility of a network in working
in spite existing fixed sides that offer a constructive side to put a
criteria .

It be grateful to know ability of network in dealing with
images(for all used categories) ,for any number of image (even it
large) .

Finally, this work introduce a way to more works in this subject
or that schemes associated with it ,and then gain at less trials to
solve some problems .
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Appendix 1

The reason to choice a Mexican hat wavelet (it and not other)
, since itis ;

+ Even: even function

w(—X) =y(x) e (V)
vV x e domain y , and square valued for inputs ,that make it
symmetric .

+ Real valued:.y :E - R,y (x) €R, R is a set of real numbers [¥].

+ Commonly used ['{] .

+ Rapidly vanishing: satisfies the condition (Y-)) ,and as wave
characteristic [¢°];

_[yx(x)dx=0 e (V)

As it is known the exponential functions' such Gaussian MF is
over an infinite support ,that is infinite set of variable values (x_axis)
and its output values is always real values , singlity of a maxima is
really exists since it is a convex function satisfies the condition in a
fuzzy logic, also since convex property means having a single

maxima (see[°)]) ,it is satisfies a function to be convex for if X,

X, € supp(A) in a support of ¢ at A,then;

<X, =@ (X) <@(X;) )

Note that this function is symmetric since it an Exponential
function over squared value of inputs values .The squared in
exponential power is refer to a positive value for input values even
if it is negative or positive .

Note: The minus sign in Gaussian function do not led to

negative value(as think in first time)but it represent a
converse of exponential under one ,this restrict values smaller than
Yand over than -, that is exactly what we want from a MF .

w1
e 72 = - (i)
o

' Exponential function is real valued function : for y=exp(x) ,
and exp: A—R ,suchthat y(x)eR ,and y(*)=) .

AR R



Indeed, a symmetric condition is work on an absolute operator
for entered values and in depending on shape of Gaussian MF is
give positive values not exceed ¢« to a negative values ,the
working on this concept is clarify every where positive property
,and symmetric in the same time ,it may be not forgotten that the

MFs always only in values between - and ' ; @(X) €[0,1].

0.8
0.6
0.4
0.2

0.2

5 6 -4 -2 0 2 4 & &

Figure(/) :Mexican hat wavelet

For Gaussian MF in fuzzy logic [YV] that as;

—(x-1)?

f(xst)=e e (%)

The symmetric Gaussian function depends on two parameters
s and t which are width and center for distribute values,
respectively .

i ™

N 4 X
iy <

] i
pawesml, P =25

Figure(2) :Gaussian Membership function

AR



Appendix 11

To view the discussion for several commend properties for
wavelets and membership functions.

In addition to the properties that a MF satisfies, it is
accommodate with wavelets in many sides see [A] .

Such that ; input values are scaling with center value of a fuzzy
set ,while in wavelets a scaling is to integer values ,but the concept
is one .Also inputs to a wavelet are dilute and translate into integer
values ,while a MF is operate on a width factor of a fuzzy set ,this
simplify a work with wavelets and MFs .

From operations that used in NNs and WNNs is a
“normalization “.In a fuzzy logic the normalization is not different ,it
means applying standard range of [+,+)] for universe both for
inputs and outputs [A] .If the standard values do not modified
,actual values will be too large or small ,that is transform a crisp
input into a normalized input in order to keep its value within
universe ,while an output transform crisp outputs from a
normalized universe into an actual output .

AR



Chapter One

General Introduction

).V Imtroduction

Most technological techniques are try to as could as to match
the human brain abilities in solving problems in computation or
control through using computers and programming to solve these
tasks .

Humana are often able to manage complex tasks under
significant uncertainty has stimulated the search for alterative
modeling and control paradigms ,so called “intelligent modeling”,
and control methodologies which employ techniques motivated by
biological systems and human intelligence to develop models and
controllers for dynamic systems, and from common drawbacks
most standard modeling approaches that they cannot make
effective use of extra information [V] . Paradigms such as; expert
systems ,Neural Networks, Fuzzy logic,...,are used as intelligent
techniques, which offer some advantages in real world
applications[Y].The ineffective of these methods in dealing with
many problems ,it needed to complete its mistakes but not as
alternatives on it .Such techniques named “Hybrid Systems” .
Hybrid intelligent techniques integrate two or more intelligent
techniques ,is such away that each technique enhances capability
of the other[Y].The technique that used for fusing these systems
called a “Fusion Technology” [¥].

A hybrid methods that combining soft computing methods
(intelligent techniques) with wavelet theory have therefore the
potential to accommodate two central elements of the brain ; the
ability to select an appropriate resolution to the description of a
problem and to some what tolerant of imprecision [¢] ,that is
computationally ,NNs are performing successfully where other
methods do not , in recognizing and matching complicated ,vague
,Oor incomplete patterns [°] , and they are ideally suited to pattern
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recognition ,signal processing ,classification and the predication
tasks [¢] ,but in spite it were used in solving a wide variety of
problems, it have many drawbacks such as; convergence, local
minima, and generalization ,that make it inefficient in many
applications .So many ways used as trials to solve these problems
such adding a momentum term into adjustment equation to
increase the converging speed and to avoid a local minima as
in([ 7),or from other researches that attempt to solve this problem
and to go past it is by using a wavelet transform (WT) in neural
networks as occurred in([1]) .

Wavelet functions that used as universal approximations give a
theoretical basic to their use in the framework of function
approximation and process modeling, For wavelet functions this
property can be expressed as follows ;

Any function of L’(R) can be approximated to any prescribed
accuracy with a finite sum of wavelets, the dilation and translation
obtained on a chosen mother wavelet [Y] .

There is so much ways have combined elements of wavelet
theory with soft computing .The vast majority of these use wavelet
analysis in combination with NNs ,either for feature extraction or to
reduce the dimension of the input space [{].Wavelet have also
been combined with NNs in wavelets networks and wavenets . In
first one the wavelet part is essentially developed from learning ,
while in the other a signal is decomposed on some wavelet and the
wavelet coefficients into a single method which covers wavelet
neural networks WNNs ,wavenets ,and fuzzy wavenets(as will see)
Wavelet networks have been successfully implemented to identify
and classify rapidly varying signals for example to identify high risk
patients in cardiology or for echo cancellation ,and in economic at
Forecasting and predication of chaotic signals over two other
promising fields [%].

Wavenets recently extended to biorthogonal constructions , this
development allow wavelets to be used to develop fuzzy rules from
data in on_line problems .The main advantage of this method is
that wavelet theory furnishes simple means to validate the fuzzy
rules [A][£].

Fuzzy logic has found applications basically in all domains of
science from biology to particle physics .The majority of
applications are clearly in the domain of control .A linguistic
interpretability of fuzzy rules is certainly one of main reasons for
success of fuzzy logic[?] .A major challenge to fuzzy logic is
translation of the information contained implicitly in a collection of
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data points into linguistically interpretable fuzzy rules , what is
called a neuro fuzzy methods have been developed for this
purpose since a serious difficulty with most neuro fuzzy methods is
that they do often furnish rules without a transparent interpretation
[A1IA]

Fuzzy systems and NNs attempt to determine the transfer
function between a feature(s) space and a given class, and they
can automatically adapted by computer in an attempt to optimize
their classification performance ['*] ,NNs used before for
classification ,but it however can only be initialized in a random
state ,thus training of computer to optimize the classifier is usually
much faster with fuzzy classifier than a NN classifier .In other hand
the drawback of a fuzzy system is difficulty to dealing with multiple
features .So there are a ways to combine a fuzzy logic and NNs in
variety manners. Generally, hybrid systems of fuzzy logic and NNs
are often referred to fuzzy neural networks (which also named
neuro fuzzy methods) [ ] classified into ;

e Fuzzy rule based systems with learning ability .

e Fuzzy rule based systems represented by network architectures.

¢ Neural Networks for fuzzy reasoning .

e Fuzzified Neural Networks .

Also there are other approaches .

The classification of fuzzy neural networks into one of the
previous categories is not always easy .These systems basically
work on fuzzy if _then rules that extracted from data ,and adjusted
by iterative learning algorithm similar to NNs learning .It relies on a
set of fuzzy rules and a fuzzy inference machine ,in connectionist
way . A fuzzy neural network is a connection of feed forward layers
network architecture ;First layer receives the input information |,
second layer calculates a fuzzy membership degree to which the
input values belong to predefined fuzzy membership functions |,
e.g. “small’, “medium”, "large®,...,etc .While third layer represents
associations between input and output variables through fuzzy
rules .Fourth layer calculates degree to which output membership
functions are matched by inputs data,and fifth layer does
defuzzification and calculates value(s) for an output variable [ Y].

Also, wavelet analysis has been combined with fuzzy logic in
flame detectors for on_line signal processing[%],and multiresolution
fuzzy technique ,that also known as fuzzy wavelet , first concept of
a fuzzy wavelet was defined as a normal fuzzy set (its maximum
), whose membership function meets the admissibility condition
for
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wavelet [VY] .

V.Y Literature Review

The previous ideas for the fuzzy wavenets -fuzzy wavelets- are
presented through dividual ideas ,and then hybrid systems opened
the gate to more and more ideas of combinations' .

We can devoted the literature review as its date in declaration ;

s From the ideas for modification the activation function
used it as summation of two functions was occurred
,such as a summation of two sigmoidal functions which
were presented in publish [Y ] in Y34Y,

e Combining a neural network and wavelet network and
fuzzy system ; The researches in this direction(From it
subject of this thesis) were exploited the similarity among
Soft computing paradigms ,as in [Y¢] which offer a
merged methods for such combination (the date of
publishing this, is not available) you can see a last
previous reference to know more .

The beginnings of the fuzzy neural networks back to
Kasabov in Y437 and its development in Y33V [the
architecture ,principles of this network were illustrated
through what republished in reference[)Y] and part from
[VV] .It is a feedforward network with five layers of
neurons similar to a layered structure that given in
reference['] .A (BP) algorithm as training algorithm with
fixed or adaptable MFs ,this paper also present several
algorithms for rule extraction from FUNN . What can be
figured out from this paper is regarded as a corner stone
for studying FuNNs, back to a last reference on its
location on internet web (see list of references).In [)°]
that was published in Y41y also implement wavelet
transform and neural networks work with fuzzy max_min
inference to construct the fuzzy rules , and employ the
orthogonal Daubechies filters of length ¢ to decompose

" Here we will present the sets of some researches that work on ideas communicated to introduce the
suggested method .
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the original signal ,through computing wavelet and scaling
coefficients.

This is similar to what discussed for a different
connections ways between fuzzy logic and NN that it
were occurred in [Y)] that was published in Y43A as one
of FUNN techniques special fuzzy classification ,This
book also donates an other direction through introducing
a forms for fuzzy arithmetic in NNs. NNs for handling
fuzzy inputs ,and NNs with fuzzy weights ,which all in a
general form for Fuzzified NNs .Fuzzy NNs awarded in
this at about five or more forms, each one represents a
beginning to other researches and ideas of work .

reia From subjects that were be raised ,and it a different for
the combination of fuzzy logic and wavelets what is
reported in ['Y] at Y4%A | that introduced a form called a
fuzzy basis functions and frames ,forms in this publishing
were refute showing that a previous forms of fuzzy
wavelets are wrong -this by means what is literarily
occurred in main idea for work-, it is also proffer several
theorems on this form and some of its properties with
some examples ,you can see|) ¢] for detailed description.

rea As manufacturing applications for FUNN what was
published in [Y°] ,an other one in Y344 in [Y1] through
new method of tool wear detection with cutting conditions
and detected signals is presented, which includes model
of wavelet fuzzy neural network and the model of fuzzy
classification with motor current. The results of tool wear
estimated by cutting conditions and detected signals
(spindle motor current, feed motor current ,...) are fused
by fuzzy inference, spindle speed, feed rate and the
depth of cut should be taken into account effects of tool
wear to estimate the tool wear states by a known spindle
current signal, feed current signal and cutting
parameters. The structure of fuzzy neural network was
established in this paper in addition to the algorithm .
Experimental results show that method of tool wear
detection is reliable and practical.

" See the reference “Fuzzy basis functions ,universal approximators ,and orthogonal least square
learning”, if got on it because it is not gotten to see for what mean by wrong form .
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General Introduction

In combining fuzzy and wavelets the most papers
about this subject were reported firstly in Y+ ++ by March
Thuillard ,( ideas in these papers’ are convergent some
what to a general idea of subject of this thesis) ,through
suggesting a form for activation function as a summation
of a wavelet and membership function and implement a
multiresolution analysis through architecture present a
series of a networks and then repression a coefficients
under validation operations .This work was published in
Y«++ in [A] .In a subsequent papers follow it present
similar ideas but with some developments in some sides
such learning with multiresolution Perceptron_like
networks [)Y],(this idea also was discussed in other

papers) .

Also the papers [A,and [?] were introduced as
developments to a fuzzy wavenet for biorthogonal
wavelets in addition to an orthogonal way in previous
references, this was presented as a subject of article in
the newsletter in[¢] in same last mentioned year .

In Y«++ a paper grant a ways subsidized with
numerical examples to initialization a wavelets for wavelet
networks with two methods illustrated widely in that paper
which is [Y] (from references list at this work) ,and these
two ways were a heuristic initialization procedure ,and an
initialization procedure using a selection method .

As published in the scientific Newsletter Synergy of
Coil in Y+ that a work shop for practical applications of
ideas for Marc Thuillard® through articles for researches .
Researchers at the University of the Aegeanand MIT
GmbH have developed a system based on wavelet
transforms, neural networks and fuzzy logic in order to
analyze the noisy time_series data typical of changing
price values in equities on the Stock Market ,that in
reference [¢] .They aim through this way to construct a
prediction and decision tool for investors ,through using a
very short-term rates of change to arrive at a short term

" This idea was presented in an other papers but it was most illustrated in this paper -from a researcher

view point

‘Marc Thuillard (as say the newsletter) the man behind the world first producted fuzzy wavelet

device.
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buy/sell/hold policy ,and they used a filtering system
based on wavelet decomposition ,thresholding ,and
reconstruction ,in order to uncover trends in the daily rate
of change of closing values of a selected equality .This
applies multiresolution analysis to primary inputs ,the
reconstructed signal was used to train a multilayer
Perceptron in daily_trend prediction .Outputs from the
trained NN are fed into a decision system based on a
fuzzy set ,which makes use of the predicted trend to
arrive at a final buy/sell/hold strategy .The researchers
used some neuro_fuzzy techniques (which for our
attention”) and genetic algorithm to select the most
suitable MFs and rule based for the fuzzy set .This was a
part from the article in a previous reference .

e From a wavelet based neural network as classifier that
exploit an (EFUNN), was presented to University of Otago
in Y««Yin [YY], which is a complement for techniques that
applied to task of image recognition were published in
Y..+ (see previous reference).lt is used for detection of
browning in Braberun apples .A wavelet coefficients are
extracted from each image and these features used to
train both an EFuNN and (MLP) ,This paper also
introduces a comparison between obtained results from
previous two networks , which clarify the efficiency of
EFuUNN ,that combines power of a fuzzy inference system
embedded in a neural networks NN with ability for
adaptive on-line or real-time learning .The layers of
network are represented steps of work of inference as; A
first layer neurons represents values as a fuzzy linguistic
terms such small, large for variables through a
membership functions ,a next layer(s) nodes represent a
rule(case) nodes, and a linear functions are used as
activation functions of the fuzzy output neurons ,which
are output membership functions for the output
variable(s) .A new fuzzy input neuron can be created
during the adaptation of an EFUNN ,to be aware on a

* Through the literature review we want to focus on a most relevant references ideas with the essential
idea of this thesis in all the different sides ,not only the main one .
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learning algorithm steps back to reference['V] ,which give
a minute description for this algorithm' ,see [VA] also.

e Combining wavelets and NNs ; From the works on
images the technique that explore a wavelet and NNs
through reported technique in Y+ +) to compress images
,through computing a histogram of wavelet coefficients
such variance and Entropy ,but the work here on images
from Kodak database in reference [)4] ,which is a special
case of wavelet _based signal processing systems to be
conversant with results of set of experiments see[)?].

rea There is a thesis presented to Babylon university in
Y..¥ see[¥] ,on the mean of activation function as
summation of two function ,through suggesting activation
function as linear function of three sigmoid functions with
form ;

2(X) =s(Xx—2) —2s(X) + (X + 2) e 0

In other view used activation function as a first derivative
of Gaussian function .

e Uncertainty data used as input to multilayer
Perceptron that it is used in terms of fuzzy rules ,and use
a membership functions in these rules such Gaussian
and trapezoidal membership function that exploited
equivalence of fuzzy logic with radial base functions ,two
situations for single and multidimensional functions were
also used for variables in the rules, several examples for
implementing this way were presented ,and this in [Y+] at
Y.+t see this reference in the list .

e Fuzzy classifiers ; are represent an other direction for
search ,which is the ability that led to combination with
other methods .In studied established in Y.+ ¢ presented
approximately all known fuzzy classifiers such triangular ,
Gaussian ,and singleton Fuzzifier ,and in same time it
introduced a defuzzification methods such center of
gravity ,and others. you can see [Y)] for more details ,and
also these methods were occurred in references [)+] and

DAL

" A Neuro-fuzzy modeling are techniques exploit the fact that a fuzzy model can be seen as a
layered structure (network) ,similar to ANNS (the beginning of these back to Y44Y and Y44¢) [YA] .
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General Introduction

Ry

Thesis Aim

The trails for development are not stopped at point , so we want
through this research to;

v

Suggest a feedforward network exploit wavelets and
fuzzy logic properties in one method .

Evade the previous problems and errors in each way
alone and implement it on a patterns recognition .

Perform a suggested method through experiments to
recognize an images (of geometric curves figures) .

Perform a suggested method through experiments to
improve its efficiency in recognizing colored images
(geometric curves) ,through coloring to proving that the
recognition is independent on colors .
Recognize in wide range of patterns space and then
more robust in patterns recognition .

Recognize the patterns even in presence the noise in
patterns versions ,at a two latest previous ideas for
images
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V.¢ Thesis Framework

The general structure of thesis mainly organized into five
chapters to take into account offering a relevant subjects with the
essential idea in succession chapters .

Chapter One focuses on a necessary premise information as
an introduction ,a literature review on a previous works about a
neural network ,wavelets and fuzzy logic all with(or not) different
combination ways .

In Chapter Two, we present an impractical sides for the neural
networks and wavelets .Wavelet transforms specially a continuous
wavelet transform ,and wavelet networks in their special case
wavenets .

Chapter Three is contained fuzzy logic and concepts of fuzzy
set theory subsidized with illustrations examples which refer to the
key features of this chapter, they were carefully designed and
included to help guide the reader in development through
mathematical ways . In addition to membership function and some
of its properties .

In Chapter Four ,we suggest a method through devote a mixing
of the previous three subjects ,that works on a geometric curves
and extract features and then works through structure of the
network. All sides of this method were reported form structure to
the algorithm steps and images that works on .

Chapter Five consists of the results of implementing the
suggested method through set of experiments and declare results
of training ,testing , conclusions and some future works that were
reported in this chapter .

Last part presented with two appendixes; first one to recover
some properties of the chosen wavelet and membership function
.while the other discuss some commend properties between
manner of wok with wavelets and fuzzy logic .



Chapter Two
Neural Networks and Wavelets

Y.\ Neural Networks

The attention for the NNs is increased since '94+’ ,as one of
“Artificial Intelligent” applications [¥][1] ,since the wanted to knowing
how to store the information, and learning ability at biological
human brain, from these networks abilities a generalization ability
and learning not programming which were exploited in most
applications of NNs [1].

NNs emerged from psychology as a learning paradigm, which
mimic how the brain learns [YY]. Mathematically ,this basic idea can
be defined as mathematical models composed of large number of
processing elements organized into layers, so this clarifies that the
description of NNs is conjugated with a description of a biological
neuron and considering a human brain as a network of such
neurons [YA].PEs(are an artificial neurons) handles with several
basic functions. It evaluate input signals ,and determining the
strength of each one ,then calculate a total for a combined input
signals and compare that total against some threshold level, and so
depending on the results, that determine what the output should
be[YA][V].

These PEs(neurons) are connected with (each) others by a
weighted connections .The work of each neuron represents an
activation of that neuron and basic function that this neuron deals
with which change this activation is called activation function that
suitable for input and lead to get on an output [¥] .Figure(Y-)) clarify
the sample of architecture.
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Figure( ™~ !):The sample for Neural network architecture

F. ).V Learning in Neural Networks;

The brain learning is by experiments ,teaching ,training ,and
testing .Artificially ,the networks also learn by training, but through
changing of network connections weights (to learn solution of a
problem) [°],but the learning which represents training NNs is an
external process through external data [YY].

Learning ability of the NNs is determined by its architecture and
by the algorithm that is chosen for training ,so there exists many
laws for learning ,The learning laws are mathematical algorithms
used to update the connection weights between layers [YY][°] .
These laws are variety for one which in common use ,or the oldest
law such Hebb’s Rule ,Delta Rule, and competitive learning ,see
the references [1] and [°] .

The learning in NNs is divided into two basic learning modes

ARSI ANARNIARIF

e Supervised Learning ;In which ,inputs apply to the
network along with an expected response ,also it be used
with external criteria .At each input applied to a network a
desired output(which is a response) of the system is
provided by the user (or teacher) , through computing the
distance between actual output and desired output ,it serves
as an error measure used to correct the network parameters
extremely .

VY
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e Unsupervised Learning ;or called Learning by doing as
in [°] ,is training without teaching, the desired output
(response) is not known ,explicit error information cannot be
used to improve network behavior ,since no information is
available as to correctness or incorrectness of response ,so
the learning some how be accomplished based on inputs
and outputs ,to adjust the weights . Automatically ,a network
learns it self by self .Also it is termed as self_organization
such Hopfield network .

Some references are regard an other kind of learning which is a
Reinforcement Learning ,it is also known as a supervised learning,
or as middle situation between supervised and unsupervised
learning ,supervised because it requires a teaching, either as
training set of data or an observer who grades performance of the
network results. In this way a connections among the neurons in
hidden layer are randomly arranged ,and then reshuffled as
network in telling how close it is to solve the problem [Y][°].

V. ). Y Kinds of Neural Networks

The NNs depending on their varied components are varied to
more kinds ,as since neurons in various layers with types of
connections among neurons for different layers ,as well as among
the neurons within one layer ,deciding way that neuron receives
inputs and produces output, learning way ,and a purpose that used
was for [°].

Neurons are connected via network of paths carrying the output
of one neuron as input to other neuron, these paths are normally
unidirectional ,because there may be an other path in reverse
direction .A neuron receives input from many neurons,but produces
single output which communicated to other neurons [1]
Connections between the neurons in different layers called inter
layer connections ,while connections between neurons in a single
layer called intra layer [°] .

NNs can classify into many kinds depending on its architecture
as[YY];

= Feedforward Neural Networks.
= Feedback Neural Networks.

'Y



Chapter Two Neural Networks and Wavelets

YY) Feedforward Neural Networks [V[V][YVI[Y ]

This network consists of a single or multi_layers from neurons
with nonlinear activation functions ,a neuron in a layer connected to
the neurons in second layer(follow it in the order) .In such a
network the outputs of layers are inputs to the following layer
through this set of connections.Learning in this network is under
teaching ,that is must be supervised learning needs to know the
desired output for a network ,such this network; error back
propagation network .

Y.LY Y Feedback Neural Networks [V][M[YY]

The neurons in this kind are connected with each other, that is
in addition to the connections between neurons in layers, the
neurons also connected with themselves ,that connecting neuron’s
outputs to their inputs .Network begins with state transitions as one
state or sequence, and its goes through states until find an
equilibrium state at minimum energy, such network a Hopfield
network .

Outpu
. heuron

11
¥
izm

]
Second hidden
layer

First hidden
layer

Figure( ™~ 1):The sample for Feedback Neural network architecture

YY Multilayer Feed Forward Networks

This type is the most commonly type of NNs ,because its
multiple purposes. This called in many times a Layered networks
[1] ,it consists of a set of inputs neurons connected with a set of
output neurons, through one or more layer(hidden) modifiable inter
mediate connections, and for most functional maps at least one
hidden layer of neurons or sometimes two hidden of neurons are
required [YY] .It can implement arbitrary complex input/output
mappings or decisions surfaces separating pattern classes ,and the
most important attribute of a multilayer feed forward networks is
that it can learn a mapping of any complexity ,while the network
learning is based on repeated presentations of training samples [¥].

V¢
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From applications of this type are ,function approximations
[Y°][Y1][V], hand written recognition [YVY] ,expert systems [))] ,and
from other developed applications in personal computers [1].

From types of this layered network ; a multilayer Perceptron
network ,the algorithm of error back propagation training is used to
train a multilayer feed forward networks as in[A][][YA].

F.LY) @roblems of Multi layer Neural Networks

In spite of the efficiency of NNs in many fields through different
applications ,it accomplished with some problems in many sides ,in
performing at most applications ,from these problems ;

\. Design problem ;

There is no fixed rule in designing a NN at suitable design to
solve all problems .The design is consists of determining number
of layers , number of neurons in these layers ,deciding the types
of connections among neurons for different layers ,as well as for
neurons in the same layer ,or determine the strength of
connection in the network ,through learning for appropriate
values of connections weights by using training set [°][YY] ,and
what activation function use .The designing is almost through a
period of trail and error in the design decision before coming up
with a satisfactory design that make design issues in NNs are
complex,or by using wavelet coefficients for determining
connections [Y][¥] (as it used in reference [¥] ) .

Y. Generalization ; [V][YA]

One of the distinct strength of NNs ,is the ability of a network
in knowing(or recognizing) a new patterns not in training set ,viz
new to network ,that extends to patterns a network not trained on
it before at all ,this problem occurred in a classification problems
for patterns ,in spite of it a main ability of networks for such
problems .

Y. Convergence ;

The learning of NNs is to minimize error value ,and get a
minimum error value at end learning is not easy since the
domain of cost function has features avoid the algorithm to
converge ,such existing many local minima in the cost function
curve .Learning rate is effected on convergence speed ,if a
learning rate value chosen large out of a determined value at
((+,M)as in [1]) is main reason to be in this trouble ,or lead to
overshooting in convergence .So it must be accuracy in choice a
learning rate ,this trouble is occurred in approximation problems
of NNs,since they are universal approximators [V][Y] .

\o
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¢, @Premature Saturation ;

This problem is result for choice initial weights with large
values that leads to unlearning ,the weights modify
continuously to be large values ,so neurons outputs will be
converge to maximum or minimum boundary(+ or Y at
sigmoidal unipolar function),and the derivative will converge
to zero, so the updated value in weights will be zero and stay
a weight at its values ,this all make error values large while a
neurons is in saturation case [Y].

Y.¥ Wavelets

The term “wavelet” as it simplest means a little wave [Y3][Y+]
[¥V],as linguistically. This little wave(looks like wave) must have at
least a minimum oscillation and a fast decay to zero in both the
positive and negative directions of its amplitude [Y+]. This feature
help us to introduce wavelets in different ways ,as wave _like
functions but clipped to a finite domain,which is why they so
named[YY],i.e. localized(wave_like)functions (graphically) of mean
zero .

Mathematically, wavelets occurred in family of functions[Y¥Y] as
a member of an infinite set of functions with finite support(support
refers to the region where the function is nonzero ,it can exhibit a
support that is compact or rapidly vanishing ,in this light there are
many possible sets of wavelets which one can choose [¥Y] ; one
trade off between different wavelet set ,is between their
compactness and smoothness ,that is type of support(domain) ,and
values of frequency(oscillation)fast decay to zero [Y+] ,this since
wavelets are localized in frequency as well as space, that is their
rate of variation is restricted .Wavelet functions of compact support
are used in wavelet transforms (that will discussed later),which is
computationally efficient ,since it defined on a limited and finite
domain .also compactness has implications for computational
complexity [YY] ,while wavelets that are rapidly vanishing has the
admissibility condition as;

[w(ax=0 e ()

this admissibility condition with the wavelets centered at origin ,
which called analyzing wavelet .

Each wavelet form a family of wavelets, each one is defined by
dilation ,which controls the position of a single function which is
named mother wavelet [V¢] .

1
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A wavelet level is defined by a wavelet of constant dilation that is
translated to cover the region of interest ,a typical way to construct
a wavelet family is to use analyzing wavelet located at the origin
with dilated and translated ,it can be write any wavelets as function
for input variable x,and its variables by shift b,and scale a
(dilation) factor [Y°] ;

Xx-Db
—w(E—= -y
Var =¥ () e (1Y)

since a mother wavelet centered at origin ,these factors has a
values shift b=0 ,and the scale a=1,50;

Vs =¥/ (%) RNARY

Each version from a mother wavelet that a daughter wavelet ,
which has all values for shift and scale factor ,except the values
that mother wavelet has, that is b=0 ,and a=1so get on the
form (Y-Y).

The mother wavelet can take many forms subject to some
admissibility constrain to a best choice ,that is different functions
and the choice of a mother wavelet for a particular application is
not given a priori[¥Y] ,or that a wavelet appropriate for all
applications, the choice is depended on trial and error in many
works as efficient values of a wavelet ,and the goal is to find a set
of daughter wavelets ,so by traveling from the large scales toward
the fine scales one” zooms in” and arrive at more and more exact
representations of the given signal [V+] .

A sets of wavelets are employed to approximate functions[¥ -],
analysis functions and syntheses [Y°] ,and signal(images)
processing [Y¢] .Indeed wavelets ,in their brief history with in the
signal processing field, have already proven that themselves to be
an indispensable addition to the analysis collection of tools and
continue to enjoy a burgeoning popularity today [¥1] .

F.Y.V Scaling and Shifting [v][*V]

The fact that wavelets features through the window produce a
time_scale view of a signal.Scaling and shifting wavelets are from a
properties of functions ,the meaning of this terms mathematically
known through dealing with its meaning nume-rically. So it must be
know meaning and effect of these two terms in work of wavelets
with signals .

VY
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Scaling a wavelet simply means stretching(or compressing)it,
this illustrate underlying descriptions such as” stretching,” through
scale factor, often denoted by the letter a .The smaller scale factor,
then more “compressed” wavelet.

f(t);a=1
f(2t);a=1/2 A
f(4t);a=1/4

this satisfies for a functions for example a sine function .

Shifting a wavelet simply means delaying (or hastening) its
onset. Mathematically, delaying a function f® by k is represented
by f k) .For wavelets see Figure(Y-¥) .

0 0
L —
k

Wavelet funclion Shifled wavelet funclion
YED yiE — k)
Figure( ™ 7):The shifting

F.Y.Y  The Window of Wavelet [v°][¥1]

From features of a wavelet is localizing in a scale/frequency
plane, or some times in time/frequency plane when dealing with
time varying signals ,so one of the most important concepts is
window of a wavelet which is not fixed as on Fourier Transform FT
or as in STFT which has a slide window change to time only for the
signal .The needed for a window of a wavelet is mainly in
approximation problems ,so when talking on a window of wavelet
refers to a rectangular region in the scale(time)/frequency plane
defined for a mother wavelet ,that can see such region and no
other region ,this property results in the identification of localization
,for this function .

For a mother wavelet y ,the support of this function in

scale(time) domain ,supp,(y) is defined as ;
supp. (l// ) = [Xminlr//1 Xmaxl//] e (“ _O)

where x_ v and x,,w satisfies the following inequality ;

[ 1w/ dx
1— Xmin
¢ < jR/y/(x)/zdx v (Y

where ¢ is small real number .

YA
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It is implies that energy of y in [x,w. X..w] IS at least
concentrated in the time domain at rate 1-¢ .Similarly for Fourier
transform of v, w(1) ,the support in frequency domain is defined as;

SuppgZ (LP ) = [lminwl ﬂ’maxl//] e (‘( _\/)
, where
jj“““/\y(z)/z dA
1-& <= A
g [P da e (1)

therefore v has a time_frequency window

[XminV/! Xmaxl//] X [ﬂ’minl/lf lmaxl/l] v (“ _ﬂ)

In general, the daughter v, (x) has a window
[b+axminlt”1 b+axmaxl//] X [ﬂ'minl//1ﬂ“maxl//] e (Y - .)

The size of window can be almost freely variable by two
parameters ,thus wavelet can identify the localization of unknown
signals at any level .

F.Y.Y Wavelet Transform

The WT is an operation that transform a function by integrating
it with modified versions (daughters wavelets)of some kernel
function (mother wavelet)[Y+],that is change in its shape to be
suitable to process .The WT maps the input data into a new space
,the basis functions of which are quite localized in space .They are
usually of compact support (as accrued in[Y¥Y]),also it is allow more
freedom in the choice of basis functions ,so that the basis functions
can be better match to the shape of the signal [YA].

Wavelet transform perform through out analysis the incomings
signals or images or data.The so called wavelet analysis (aim to
analysis of both time and frequency).Wavelets(and so wavelet
analysis) are localized in frequency as well as space .i.e. their rate
of variation is restricted unlike Fourier analysis ,which is not local in
space ,but it local in frequency and is unigue but wavelet analysis
IS not since there are many possible sets of wavelets [YY].

14
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If the property of integrating a wavelet to zero(their frequency
components are zero),so it say to satisfies the Grossmann_Morlat
admissibility condition [Y+] ,s0 a function is admissible if [YA][Y4][Y+]

TP (w)/?
ch=_j4d/<wj W< oo (YY)

and  W(0)=0 e (VYY)

where C, is the admissibility constant ,¥(w)is a Fourier transform
of w(w),and w is frequency .

WT is often efficient in computational complexity ,also wavelet
transform incorporate a pyramidal representation of the result, the
set of successively smoother versions of an image are not down
sampled [Y3][¥Y] .

Another point of view on wavelet transform is by means of filter
banks[£][¢ +](the filtering of the input signal is some transformation
of it). The first filter acts as a low pass filter means convolution with
a smoothing function, that is smoothing the signal, while second
high pass _filter furnishes details of the signal (wavelet coefficient) ,
their complementary use provides signal analysis. With digital
signals(images),the transform is accomplish using a filter bank with
several levels in resolution[¢V],and these filters are based on the
mother wavelet selected for the transform. Details of the signal at a
lower level of resolution are obtained by applying iteratively a same
two filters to smoothed signal. Overall picture that results could be
called a stylisation of the original signal -a caricature-, which
highlights features of interest such as spikes, discontinuities and
periodic components[¢].Many applications which use this transform
specially signals .The features of WT are from wavelets and the
window of function in time(scale)/frequency plane .

From all in all above ,WT provides a decomposition of the
original data ,allowing operations to be performed on the wavelet
coefficients and then data reconstituted .In analysis of multivariate
data a wavelet transform integrate with a methods such the neural

networks ,and (supervised and unsupervised)pattern recognition
[Y] .
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There are two kinds of WT(depending on a type of functions in
each one) :

* Continuous wavelet transform .
* Discrete wavelet transform .

Here the Continuous and Discrete wavelet transform will
discuss ,to know more information on these types of transforms ,
see any reference on WT .

F.Y.Y.) Continuous Wavelet Transform

Mathematically, the Fourier transform is represented through
the sum over all time of the signal multiplied by complex
exponential .Similarly ,the continuous wavelet transform CWT ,is
defined as the sum over all time of the signal multiplied by scaled ,
shifted versions of the wavelet function v as["1] ;

C(scale, shift( position)) = J'f(t).y/(scale,shift,t)dt e (YY)

Morlet_Grossmann define the CWT for a one-dimensional
signal, f(t)eL?(R) (space of all square integrable functions [YY]),or

as finite energy function[Y:] ,as [V3][VA] ;

W(a,b)zﬁjf(x).w*(%b)dx ATy

where W (a,b)a wavelet coefficient of function f(x)as result of CWT,
w(x) is(real valued) analyzing wavelet (mother wavelet),

(a>+)is scale parameter,

b is shift (position, translation)parameter,

w" IS conjugate function of y, and (*)means a complex conjugate ,

the constant —- is term for energy normalization .

Ja

In CWT , the input signal(in one-dimension or more) combining
with an analyzing continuous(mother) wavelet ,that time varying at
various scales and shifts , (if used with it) through choosing
parameter set of these versions of a mother wavelet ,are basis
functions [Y°],so the original signal can be reconstituted from its
wavelet transform [YY] ,through wavelet coefficients that are with
mean zero.
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F.Y.YLY Continuous Wavelet Transform Properties:

Since WT is a function deals with functions, then if the signal
function have some properties this may be have influence of CWT
function this properties were characterized as [YY];

Y. CWT is a linear transformation :

« If f(x)is alinear signal function as

f(x) = f,(x)+ f,(x) o (YY)
then, W, (a,b)=W, (a,b)+W, (a,h) e (YY)

Proof; W, (a,b)= %j:f (x).y/*(XT_b).dx
Since , f(x)=f,(x)+ f,(x)
== 2 [0+ L0 (D)o
f(f 0w EZ2) 4 1,(0) " (—))dx

From propertles of mtegral,

T Xx—b
L () )dx+ j f,(X) (T).dx
=W, (a b)+W2(a,b)
. |If f (x) = kf, (x) o (YY)
then, Ww,(ab)=kw, (a,b) oo (YN

(Procy‘} Similarly ,can prove this;
177 ., X—b
Wi @b == j 00" (")
Since f(x) = kf, (x)
vyl L o000 (—) dx
From properties of integral;

kT . X=b
= I Ry (=) dx

=KW, (a,b)
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Y. CWT is covariant under translation :
If f,(x) = f(x—x,) NNAREY.
then, W, (a,b)=W,(a,b—x,) e (VYY)
17 ., X—b
Proof; W, (ab)= = jw £, (X) (XT)dx

Since f (x): f(x—x,), then;

X—b+X,

) L xy (=

:TIf(X_xo)'V/*( (X_Xo)_(b_xo) )dX
a’s

a
Since x regarded as x — x-x, for signal

\/_jf() M

=W, (a,b—-x,)

)ax

Y. CWT is covariant under dilation as :

If f.(x)= f(sx) e (YY)
then, W, (ab)=+s W, (sa,sb) e (YY)

Proof; W, (a,b) = % [RACYS (X%ab)dx

- (ﬁ)(%) [RC% ((X—b)(f))d
- = j () (=P ax
=/sW, (as, sb)

this property makes WT very suitable for analyzing ,it is like a
mathematical microscope with properties that do not depend
on the magnification .

F.Y.YLY Inverse of Continuous Wavelet Transform [¥Y][¥+]

The inversion formula ,can restore a signal(function) f (x) by
inverse transform ,if considering WT W(a,b)of a given function ;

17 1 Xx—b dadb
f(x)=§“&a (8,b)-1(—). o (VYY)
Generally;  x(x) =w(x) oo (YY)
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,but other choices can enhance certain features for some
applications .The reconstruction is only possible if C, define

admissibility condition in the case at form(¥-))) , this condition
implies y(0) = 0,that is the mean of wavelet function is zero ,where ;

C,= _ji—l//*(vzf Wy = T—W*(Vz)z Wy v (YY9)

v IS a variable .

In practice ,some discrete versions of this continuous transform
may be used ,which gives a beginning to the other type WT named
discrete wavelet transform DWT .

Y.Y.Y.Y Discrete Wavelet Transform:

In most practical applications ,the dealing with signals is often
through take samples for these signals ,that is a signals discretely
sampled and this amounts to considering an input vector of
values[¥Y] ,and then implement WT. Calculation wavelet
coefficients at every possible scale is a fair amount of work and it
generates an awful lot of data and choose only a subset of scales
and positions at which to make calculations .If choose scales and
positions based on power of two (so-called dyadic scales and
positions) then analysis will be much more efficient and just as
accurate[YV]. In the framework of the discrete WT ,a family of
wavelets can be defined as ;

Q, ={a" y @"x—nb),(mn)e Z'} Y

where a and b are constants that fully determined together with
mother wavelet v in family Q,,where

{m. =na"b
’ e (YY)

d,=a™"
these relations show that ,unlike the continuous approach, wavelet
parameters cannot be varied continuously[Y] .

CWT s useful for many applications ,since it can deals with
continuous signals at time (or non stationary signals) so it used in
applications of signals analysis such; signals of radar(Doppler
signals)[T],and images video[YA],it is unlike DWT ,is not restricted
to time scales and there for offers more flexibility in the analysis
[V4],then can be note that difference between them ,is that
reconstitute a signal in CWT through integral to get high accuracy
information,in contract to DWT that do this through summation .
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Y.X.YXNY  Inverse of Discrete Wavelet Transform [¥°]

The inverse discrete wavelet transform(IDWT) is ;

f(x) =;;%W(a,b).w(%b) e (TYA)

Y'Y ¢ Multidimensional Wavelets

A functions can be regard as multidimensional functions or not
depending on dimensions of input domain and then input
variable(s) defined on that function either with only one variable or
number of variables (vector of variables).Wavelet as functions also
be acted upon these situations.

Wavelets were used for one_dimensional data ,which
encompassed most ordinary signals [Y1] .However ,wavelet
analysis can be applied to two_dimensional data (images)and in
principle ,to higher dimensional data .

For modeling multi_variable processes the multidimensional
wavelets must be defined ,multidimensional wavelets constructed
as the product ofv,scalar wavelets(v,being number of variables)

as[¥] ;

Ni
\szl;!y/(zjk) oo (VYY)
with 2, = =M Nx)
djk

where m, and d, are translation and dilation vectors ,respectively.
Families of multidimensional wavelets generated according to
this scheme have been frames of L*(R") .
The wavelets have been initialized from a mother wavelet in
L*(R") space in two ways ,either by using a single scaling(which
were used in a suggested method for this work) it use a scalar

dilation parameter command for all dimensions through this
relation [Y];

Yo ={v 14 (X) = ailt//(a'X—bk) leZ,kez"} o (YY)

wavelets constructed as it produced,

I index of dilation , a is dilation factor ,

k index of translation , b is translation factor,
X is multidimensional inputs vector ,

Yo
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and z" integer numbers with n_dimensions .
Or using a multi scaling ,there is a scalar dilation parameter
independent for each dimension ,that there exists two matrices ,
one for scaling and the other for translation as ;

1
Y, =y« (X) =D 2y (Dx-Tk):I , ke Z"} e (VYY)
D is scaling matrix , T is translation matrix ,
l=(l,,.....),), ke Z" vectors,

Z" integer numbers with n_dimensions .

The operations for computing a multidimensional_wavelets be as
frames ,from the ways that compute frames of multidimensional
wavelets is by (Tensor product) [Y],for one dimensional wavelets
through eq(Y-¥)) as;

P(X) = () (%) e (X,) e (VYY)
where

X=( Xyy Xy oo Xy) NARARY
since Tensor product of one dimensional wavelets frames lead to
gotten on a frames ,too [Y] .

F.T.© Wavelet Neural Network,

From ways that exploit WT the Wavelet Neural Networks
(WNNs). A WNNs mean combining wavelet transform theory with
the basic concept of neural networks ,it is introduce as a class of
feed forward networks (or a ¥ _layers feed forward neural networks
from structure or learning algorithms) using wavelets as activation
functions [A[Y+][%],and it have recently attracted great interest
because of their advantage over (RBFNs),as they are universal
approximations ,but achieve in addition to NNs faster
convergence[¥Y] .

A (WNNSs) constructed in both the static and dynamic modeling
versions, but it is first presented in the framework of static modeling
,and it is amenable to accommodating learning routines (on_line
and off_line) so that the algorithm can be improved with time [V].
(WNN) is static model in the sense that it establishes a static
relation (such linear function)between its inputs and outputs that is
all signals flow in a forward direction ,while a dynamic as DWNN
(or recurrent NNs)on other hand ,are required to model the time
evolution of dynamic systems [Y)] .
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Signals(which change over time ,such video images [Y¢] ) in
such a network configuration can flow not only in forward direction ,
but also can propagate backwards ,in a feedback sense ,from
output to input nodes it have recently been proposed to address
the prediction /classification issues [Y].

WNNs have been also ,used as a multilayer (such three
layers[A][£Y][3]) or single layer Perceptron [¢Y] ,and nodes of this
network are wavelet coefficients of the function expansion that
have a significant value in spite similarity in a structure with
Perceptron network , that is each node has a window in a space
_frequency (some times if used in a time _frequency)plane ,and so
it can reflect time_frequency properties of functions (more accuracy
than RBFN),and so composed of local nature of data patterns ,thus
they are efficient tools for classification and identification
problems[A] (with some success) ,and approximation problems,
since WNN can be regard as alternatives universal approximators
for standard NNs .In standard NNs the non_linearity’s are
approximated by supper position of sigmoidal functions, these
networks are universal approximators [Y¢] .

From practical point of view, determination number of wavelets
and their initialization represent a major problem with WNs ,a good
initialization of WNN is extremely important to obtain a fast
convergence of the algorithm .Number of methods have been
implemented [Y].(To know what these methods see reference[V]).

The reason why wavelets are use instead of other transfer
functions in the networks is due to features of wavelets; firstly
wavelets have a high compression abilities(so used in image
compression[¢Y]['4]) ,because wavelets are localized in space
(time[£Y]) since it joint input_space/frequency localization
computing value at single point involves small subset of
coefficients, robust against coefficient errors and updating the
function estimate from a new local measure (so used for
approximate functions),that is it have a universal approximation
properties .Since the self _similar multiple resolution nature of
wavelets offers a natural framework for analysis physical signals
and images[Y¥'][Y%] .On other ANNs which constitute a powerful
class for nonlinear function approximation. A common ground
between these two technologies may be coherently exploited by
introducing a WNN .In addition to the salient features of
approximating any nonlinear function , WNN outperforms MLP and
RBFN due its capability in dealing with the so called “curse of
dimensionality” ,and non stationary signals and in faster
convergence speed [¥Y] .
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r.Y.e.) Wavelet Neural Network Structure and Algorithm

The structure of WNN is different for different purposes used in
it, here will only discuss WNN with three layers (single hidden
layer, and with single output neuron) which is similar to a " layers
Perceptron network .

Figure(Y-°) shows the WNN architecture ,this network
comprised of three layers of artificial neurons :Input layer ,a middle
or hidden layer, and output layer .The structure used to
accommodate a large number of inputs ,inputs(signals) flow
forward through the network that is from input layer to hidden layer,
and then to output layer ,such an architecture is known as a multi
layer feed forward network or multi layer Perceptron[¥?] .Input
neuron(s) layer perform no processing ,it merely provides means
for coupling input vector to hidden layer .A process is in hidden
layer (which some times called layer of wavelets in[Y]) ,the neurons
in hidden layer sum weighted network inputs as an inputs to it after
that it normalized beforehand in input layer ,along with an internal
basis for each neuron ,then apply wavelets (daughter wavelet
functions)as activation functions y,, ,through implement any kind of

a wavelets functions ,through the square window of each neuron at
time(scale)/frequency plane[¥+], this from nature of wavelets
functions in analysis functions(transform)since each neuron has a
scaled and shifted version of the chosen mother wavelet (analysis
wavelet) [Y1].Outcomes of neurons at hidden layer are wavelet
coefficients (of function expansion or signal)that gives significant
values[¥°] .

The(single neuron, used at universal function approximator [YA])
output neurons compute a weighted sum of outputs at hidden
neurons (wavelet coefficients) along with its internal bias(simple
linear summation) without applying the sigmoidal functions or
wavelet function or any nonlinear function ,given sufficient number
of hidden neurons N, in hidden layer .

Response of a network to input signal as output [Y4]:

yj(n):Z_h:Wil//ai,bi (Y_T'O)

where y, actual output of neuron j,
N, number of hidden neurons ,
w, weights between hidden and output layer,
v, wavelet function at hidden neuronii .
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But when using a direct connections between input and output
layers neurons ,the output form will be in [Y],to minimize error ;

V=Y = Yowi(+ > ax, (Y

Also this measure reflects the approximation quality performed
by the network over parameters space [YY] since it's a summation
of wavelet coefficients to restore a signal function, which prove
efficiency of network .The parameters of translation ,dilation and
weights are optimized through learning [A][Y¢] ,also the task of
training WNN involves estimating parameters in the network by
minimizing some cost function [YA] .

[jI1C:H'|1lH|WlH neuron

Layer of
wavelets

1 X1 Xz Ky

Figure( - 9): Architecture of a three layer feed forward WNN

Various learning algorithms exist for training this network(WNN)
, through computing the network weights and biases for a given
problem and parameters network .Most popular learning algorithm
Is back ward error propagation ,the concept of this method is
minimize a squared error of the network (cost function)in weight
space[T3][YA].

An error signal for neuron j is ;

e;(n)=d;(n)-y,;(n) (YY)

where n indexes training vector,
d,(n) is a desired(output) response of neuron j,

y;(n) actual output of neuron j

The (instantaneous) value of summation of (half) squared
errors;

S(em) e (TTA)
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Over all neurons in output layer of the network ,a form(Y-YA) can
be written as[Y1];
E(n):%Zef(n) e (YY)
jeC
where the set c¢ includes all neurons in output layer ,and N is
number of vectors in training set indexes by n.
Note in the case under studying output layer has only one
neuron,¢ has single member, this leads to as expected view

(suggested) ;

1.
E(n)=Ee (n) o (Y-8
The (squared) error averaged over all training vectors is then ;
£, =3 EM) e (T8))
N n=1

N number of vectors in the training set,
E, average (squared)error .

E, constitutes a cost function (that needed to minimize it)
By applying correction delta rule Aw; (n) to update weights w; (n) ;

__, GEM) _
Aw; (n) = gdwji(n) oo (Y-EY)

where ¢ is a parameter that determines rate of learning ,minus
sign in eq("-<¥)in gradient descent in weight space means that
weights values are moved in apposite direction to error gradient .
After ending training of the network ,it tested with transforms of
(denoised)versions of image (signal ,function) .
To minimize E(n)it may use a steepest descent[":] ,which
OE ©OE OE

require the gradients —,-—,and — ,which are refer to a
ow, ' Oa, ob

parameters; weighs ,dilation ,and translation that wanted to
updated .The incremental changes to each particular parameter w.

a , and b, ,respectively .

So a gradient of Eas ;

X —Db,
let = . o (Y-EY)
% =S e(n)y(7) W ETY
oE _ oy (r) _¢o
b D e(n)w,. b oo (Y-8°)
E _ op(r) _ Ok ;
o D e(n)w,.z. b _Tabi v (Y-EY)
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The delta of change as ;

-0k

A (1Y

w=— (Y-£Y)
=

Ab=—% o (T-EA
b (Y-¢A)
- 0E

ra=—%E L (T-ed
a (Y-£%)

Also it must concerned with modeling problem, that is with the
fitting of a data set by a finite sum of wavelets for this purpose

From orthogonal wavelet decomposition theory ,what is
known that with a suitable choice of v ,and if m; and d,

are integers satisfying some conditions the family

sum of such functions with appropriately chosen m;and
d, can thus be used; in this way, only the weights have

to be computed [Y£][A].
Another way to design a wavelet network is to
determine m;and d,according to space_frequency

analysis of data; this leads to a set of wavelets which are
not necessarily orthogonal [Y¢][Y°] .

Alternatively, in other way one can consider a
weighted sum of wavelets functions whose parameters
m;and d,are adjustable real numbers, which are trained

together with weights[Y¢] .(such architecture discussed
beforehand).

In the latter approach, wavelets are considered as a family of
parameterized nonlinear functions.

Y Y 7 Wavenets :

An interesting alternative to a wavelet networks consists of
using a dictionary of dyadic wavelets and to optimize only the
weights [1] .This approach is generally refereed to as wave nets or
wavenets [M[¢Y] ,which is an other term to describe WNN , or as
adaptive wavelets (by [Y+]) .It was first proposed by Bakshi et al in

144¢ [A] .

In its simplistic version a wavenet corresponds to a feed

forward neural network using wavelets as activation functions .

AR



Chapter Two Neural Networks and Wavelets

Originally, wavenets did referred to NNs using dyadic wavelets
(form from wavelets)as activation function ,and in it translation and
dilation of wavelets are fixed ,that is not updated ,and only the
weights are optimized by the network [?], So dyadic activation
functions will be with form [A] ;

W =¥ (27" (X=N)) ARy

with m, n are integers .
since this form is of dyadic wavelets'.

Wavenets architecture is same for WNN[Y +] (this is not strange
in light of the wavenets definition ),while the algorithms consists of
two processes ; self construction of network and the minimization
of error [V+][¢¢] .In first process ,network structure applied for
representation are determined by using wavelet analysis (this is
exactly work of WNNs) ,the network gradually through hidden
neurons cover the scale(time)/frequency plane .In second process,
approximations of instantaneous errors are minimized using an
adaptation techniques based on the Least mean square error LMS
algorithm[¥+] ,this is clear in WNN .Selected point falls into square
windows of hidden layer neurons in scale(time)/frequency plane .
So the optimization is applied to hidden neurons ,and then reduce
learning cost function .

Form this and previous one can be define a wavenets as a
special case of WNN its train depends on optimize only weights at
the network .So the algorithm will be same for WNNs but it is
stopping at equations (Y-¢¢)and (Y-¢V)for updating the weights than
a previous discussed forms .

' There is another form ,which is trydic wavelets with ( 3-") ,this out of study here to have more
information see the reference [£¢] .
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Chapter Three
Fuzzy Logic

Y)Y Fuzzy Logic

In crisp logic, that is deals with propositions that may or may not be
true a proposition can be true on one occasion (has truth value '), and
false on other (has failed value ‘)[¢°] ,also the approaches base on
comentional logic and classical probability theory do not provide an
appropriate conceptual framework for dealing with the representation
of common sense knowledge [£7] ,since such knowledge by it’s nature
is both lexically imprecise and non categorical .Really ,only two values
not enough ,some situations require more than true or false( ' or - ),
such as applications of Al [¢Y] .This is as much as to use more values
to represent all possible cases through combine these propositions to
generate others by means of logical operations ,and then get many
values(situations) which are graded between these values [YY] .

The truth value of a proposition that were combined to generate it
(this use widely control problems ,through if _then rules in subject to
fuzzy rules ,and applications of fuzzy logic).Since most of its
applications involves construction and processing of fuzzy rules [YA] .

Here the keynote' is existing logic which is called a “Fuzzy Logic” ,
which is a generalization of a classical (crisp, conventional ) logic ,and
it (fuzzy logic)is proposed with new operation on logic [£7] .

' We saw to extend the work on fuzzy logic that is from a mathematical view point to robust the mathematical sides
and since it is most connect with the specials of the researcher .
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A FL is basically a multi_valued logic [¢A][YVY] ,that allows
intermediate values to be defined between conventional evaluations
like; true/false ,black/white ,yes/no ,high/ low [¢°] ,and it is translate the
fuzziness of linguistic concepts(variables) and approach it
mathematically into form that computers (machines)can understand
and manipulate it [Y4] . So linguistic notions like ; rather warm ,or pretty
cold ,rather tall or very fast ,can be formulated mathematically and
processed by computers, and capture the uncertainties associated
with human cognitive process thinking and reasoning [¢7] depending
on a mathematical strength of fuzzy logic .

There are two different meanings for FL; a narrow and a
broad(wide) sense. In its narrow sense FL is a system of logical
operators ,which is an extension of multi_valued logic [YV] ,defined by
a calculus of interaction that reasoning which are approximate rather
than exact ['A] .

But in a wider (broad) sense ,which is in predominant used today,
FL is almost(synonymous refer to a general class of fuzzy set theory) ,
describing a family of classes with unsharp boundaries in which
membership is a matter of degree [YV] .

Even (FL)in its narrow sense ,the agenda of fuzzy logic(framework)
is very different from the agenda of traditional multi_valued logical
systems both in spirit and substance ,since the basic concepts
underlying in it are that of a linguistic variable and fuzzy (if _then) rules
[YV]. That is it operate with a mathematical formulas ,words ,and terms
of natural language beside the numeric values in (linguistic variables) ,
words are inherently less precise than numbers ,or use hedges to
restrict some variables on limited values [YA],such terms their use is
close to human intuition .

Systems of FL, special rule based system ,which basically
depends on these rules ,which (rules) play a central role in most of FL
applications [YV] .But on other hand ,other systems such as control
system depends on consequents and antecedents part of rules .See
now this example ;

Example Y.\ :

Nakamora saw that his friend working hard on the report ,he
expect that his friend will get a good mark .This expect is either true or
false that is the truth take value ' and false take value - ;this is crisp
concept.
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In addition to these ,Nakamora can say his expect with degree of
certainty by use fuzzy logic ,that his friend may be get the good mark ,
the degree of his expected here about ¢. 7 rather than /.

Examp[e AN SEN AR

You say it will rain today ,you are making statements with certainty ,
of course your statements in this can be either true or false(either ! or
*) ,your statements then can be said to crisp .On other hand there are
statements you can’'t make with such certainty .You can saying that
you think it will rain today ,your level of certainty is about -.4 rather
than ! ,in this case you are using fuzzy logic .

FL provide a different way to approach a central or classification
problems [£°] ,so we can view to it as a methodology for computing
(with words rather than numbers), and a control system [)A],this type
of controller includes a knowledge based system consisting of fuzzy
rule ,and a special mechanism of their processing ,Inference engine as
its(mechanism) main parts ,that enable approximate human reasoning
capabilities to be applied to knowledge based systems [£7] .

It is be clear now that with any system we can use fuzzy values or
grade of degrees to get wider logic for working of that system rather
than the logical one .

From essential characteristics of fuzzy logic which recognize it on
an other logical systems ;

1. Any logical system can be Fuzzified .
. In FL ,every thing is a matter of degree .

. In FL, exact reasoning is viewed as a limiting case of approximate
reasoning .

£, In FL ,knowledge is interpreted collection of elastic or,equivalently ,
fuzzy constraint on a collection of variables .

. Inference is viewed as a process of propagation of elastic
constraints [¢1] .

7. A major challenge to FL is the translation of the information
contained implicitly in a collection of data points to linguistically
interpretable fuzzy rules [A] .

Y. FL provides a bridge between the continuous world of our
perceptions and the digital world of computers . Since it can
transform linguistic variables(through rules) into numerical
variables (correspond it) with out jettisoning partial truth along the
way it allows us to construct vastly improved models of human
reasoning and expert knowledge [%] .
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V.Y Fuzzy Set Theory

Fuzzy set theory operate with mathematical models as any other
mathematical theory does ,it is replace one sort of mathematical model
with one [YA] .Also allow us to model terms of natural language with
the help of linguistic variables, in addition to the numbers sets and
operations on these sets .So a fuzzy set theory which is an extension
of a classical set theory [)],deals with two kinds of variables ;linguistic
variables and numerical variables .

The fuzzy set is basic idea in fuzzy set theory ,and a multi_valued
logic based on it called fuzzy logic [¢1][£1] .

Mathematics of fuzzy set theory is that what described by Zadeh ,
this theory proposed making the membership function(or values false
and True) operate over range of real numbers [+,)] ['A] .

Operations on a classical set theory are satisfies for this theory ,
and the variety of the available operators for conjunction (intersection),
union (disjunction) ,and complement of set ,and other operators .We
can consider these operations and other principles the flexibility of
using fuzzy set theory [¢+] .

We say that this theory operate on natural language and linguistic
variables ,so it has a variety applications in real life .From the
applications of fuzzy set theory ;the fuzzy controller [YA],the fuzzy
classifier [£°]

Y.Y.Y Fuzzy Sets

In classical mathematic ,we are familiar with what called crisp
sets[¢°][£A] .In fuzzy logic this different and we deals with fuzzy sets.
In crisp sets an element is either a member in a set or not (True or
False) (Y or *)[):].Fuzzy sets on the other hand allow members
(elements) to be patrtially in a set (in some degree) .

Definition Y.V ; [¢1][)]

Let U (a non empty set) the universal set ,and let a function
u,(u):U —>[0]] , for ueu ,called a membership function , its value which
represent the degree of belonging u to a set U . Then the fuzzy set A
is defined on U to be a set of ordered pairs of a member(element)in
the universal set U and the value of a membership function at that
member(element) which is called a membership degree and denoted
by u,(u) ,fora member ueu

So A can written as[Y1] ;
A={(u, u\(u));ueU} ¥-))
that is, it is characterized by its membership functlon [2'l]

1
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Note that elements of a fuzzy set are ordered pairs in form
(u, 22, (W) [YY] ,first side is member included in the set A(satisfies its
conditions) while second part refer to degree of this inclusion(value
between + and ).

The idea of fuzzy sets proposed to represent data information that
possess non statistical uncertainty [©+] ,vague [ )] values .
A family of all fuzzy sets on Uis denoted by F U)[{1],A fuzzy

concept is a generalization of the binary concept (of crisp set)by
allowing more values between : and ‘(true and false ,black and
white). In fact infinitely (finite in some cases) many alternatives (more
values) can be allowed between these two boundaries [¢°]
(interpretation of numbers now assigned to all members in much more
difficult) since values refer to gradual membership in the set .So if
U ={u,u,,...u.} is a finite (universal)set and A is a fuzzy set in U then

we use notation' [£1];
A=plu +...+u,lu, SR

where term g, /u, , i=1...,n ,means that » is a grade of membership of
u; in A ,and plus sign represents the union .

Q{Jemar/{; The crisp set is a subset of fuzzy set .

Proof:
For
if xeU, the (membership degree) or range of function;

1, (X) €{0,5}in crisp set,
but  p,(x) €[0,1]in fuzzy set .

and the mapping as ;

14, (X):U ->{01} in crisp set ,
but  u,(x):U —>[01] infuzzy set.

and so {01} c [0,1], led to the subsets .

Orasasetformin[\Al; A={u, /g +....+u, /[ 1.}
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Note: Afuzzy set can have a finite or an infinite number of
elements depending on the universal set (if it is a set of real ,
integers, or other situations),and a membership function , these
reflect on the support of a fuzzy set see (. 1.'+) ,also it depends
on the property(s) that fuzzy set has in its members .

It is clear that if one only allowed the extreme membership values
of -and ’[)+] ,that is would actually be equivalent to crisp set .This is
wide in discrete membership function on one point .

Example ¥.Y: Let R be a universal set ,the fuzzy set A on Ris set

of all and only real numbers which near zero and that between
-land 1

Hile)

F AN B
Figure (3-1); A fuzzy set “near zero “

Note: This fuzzy set will be infinite if we take it on real numbers
without giving determined domain ,i.e. the domain will be R .

Example Y.£ ;[YA] Consider a set of five pencils found in box

a universal set U ,determine a fuzzy sets of U ;
A is a set of “short pencils” ,
and B is a set of “long pencils” |,
as;
A ={(1st,0.2),(2nd,0.5), (3rd 1.0), (4th,1.0), (5th,0.9)}
B ={(Ist,0.8),(2nd,0.5), (5th,0.1)}

Note thatin A a *™ and ¢" pencils are exactly short ,while the " is
almost short ,Y™ pencil more or less short ,and * pencil is almost
exactly not short .

In B, Y* pencil is almost long (belongs to B) , Y™ pencil is more or less
long ,and °" pencil is almost exactly not long ,while the ¥ and ¢"
pencils not long (not belong to B) .

\and

#(u} et i b gk
| =, _,-"'-’-
0s ,y/
S \\h
a _ﬂ_r’ e

50 1s 20 243 Ll

Figure (3-2); A fuzzy set “short and long pencils

YA
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V.Y.Y Empty Fuzzy Set :

The empty fuzzy (sub)set of universal (hon empty) set U ,is defined
as the fuzzy subset ¢ of U ,such that ;

p(u)=0 o (7Y)
foreach ueU,
or some times denoted as ¢(u) [¢1] , see figure(Y-Y) .

Notes:

). Itis easy to see that ¢ — A, holds for any fuzzy subset A of U

[€7] ,this concept also holds as known for conventional sets .
r. Empty fuzzy subset is also in a family of all fuzzy sets on

universal set U (any set) , i.e. ¢ F (U) .
. The operations on a fuzzy sets also holds on the empty fuzzy
sets as any other fuzzy set .

The graph of the empty fuzzy set ,as example on universal set
U =R ,define empty fuzzy set on interval [0,10] ,then ¢ can be written as

just ¢ since membership degrees of its members (on domain which
defined on it)are zero.

Hil2s)

1

| 10 -'R

Figure(3-3) :Empty fuzzy setin u=[0,10]
Y.Y.Y Universal Fuzzy Set

The larges fuzzy set in universal (non empty) set U ,is called
“universal fuzzy set” ,and denoted by 1, ,and defined as [¢][) ] ;

iy, (U) =1 ALY
for each ueU

Notes:
). Itis easy to see that A =1, holds for any fuzzy subset Aof U [£1].
r. Universal fuzzy set 1, is also in family of all fuzzy sets F (U),for
U (any set), i.e. 1, € F ().

A}
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r. The operations on a fuzzy sets also holds on 1, ,as any other

fuzzy set .
The graph of the universal fuzzy set ,as example on universal set

U =R ,define universal fuzzy set on interval [010],then 1, can written
with membership degree equal to ' for each member in [010]see
figure(Y-¢).

M)
'

1
|
1
1

-
0 10 R

Figure(3-4) :Universal fuzzy set in u=[0,10]

V.Y.¢ Membership Functions ;

A (MF)is basic idea in fuzzy set theory [¢+] , its value(s) measure
the degree(s) which called a membership degree for the fuzzy set
objects satisfy imprecisely defined properties ,to be member in
determined set of members has these determined properties ,that is if
the object(member) belongs to a fuzzy set or not and in what degree
,Viz to be either member or not in a (fuzzy) set. This contradiction to
conventional(crisp) sets which contain objects (members)that satisfy
precisely properties require for membership in a
set [¢+] ,since it is a relationship between values of an elements and
its degrees of membership [ ] .

The membership degree and MF are complete a fuzzy set ,since
MF gives the value of membership degree of a member in set ,while
membership degree gives value of MF at that member .

Definition Y.V ; [o]VA][¢1]

A function which characterize a fuzzy set A on a universal set U is
said to be a membership function ,and denoted by x,(u) ,for ueu ,
and its can be written as [V][YY];

u,(u):U —[01 ,for ueu

That is ,a mapping from universal set into determined set (a closed
interval 1 =[0]).This operation called the fuzzification ,when it is
mapping a crisp set from universal set .

For any subset in universal set ,a MF is not unique [°+].We can
choose many types for same set(range) ,in spite of that they different
in its values of degree for same member(element) ,(see this example).
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These MFs can be chose from a wide set, which is called a “dictionary
of MFs” [A][¢Y] .

Example ¥ .°: See[°+].
Let a universal set U is a set of real numbers between -5 and 5
(or in a closed interval [-5,5]),define a fuzzy sets on U as;
A is a set of numbers close to zero
B is a set of numbers closeto -2 ,
and C isaset of numberscloseto 2 .
We can use a same MF to describe these different fuzzy sets,these
shapes are shown in figure(¥-°) .

Hlz)

w O/

5 =2 o 2 5

Figure(3-5) : Different fuzzy sets on same range

These are same MFs on a same domain at different fuzzy sets, for
the same case we can use different MFs on each fuzzy set, since it is
determine a shape of classes(term) [°)] .

In universal set which has different classes(fuzzy sets),we can use
same MF to describe each class, or we can use different MFs for
different classes(fuzzy sets) in universal set on different ranges,see
example in[+] .

Note that, we don’t forget that MFs describe different classes
should overlaps in different formats and wide ['A] ,and this not
necessary means that the classes(fuzzy sets) must overlaps .

Example Y. 1]
A set of real numbers is a universal set , fuzzy sets

NL = numbers that are negative large,
NM = numbers that are negative medium,
NS = numbers that are negative small,
Z = numbers that are near zero,
PS = numbers that are positive small,
PM = numbers that are positive medium,

and PL= numbers that are positive large .

The shape of these classes is in figure(¥-1) .Note the MF is same for
all classes in the middle ,and different in classes PL and NL

&)
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Note: Example (- 7) can be take on the set of integer numbers .

i)

- a

0 R

Figure(3-6) : Membership Function for the set of all numbers (R or Z)(N=Negative
,P=Positive ,L=Large ,M=Medium ,S=Small)

From a properties of a fuzzy set is that every member in a universal
set has some positive membership in fuzzy set [¢+] . But don’t except it
as a member in fuzzy set ,so approximate its membership degree to
zero, that isn’t belong to a fuzzy set ,also membership function may be
defined on just one point(or interval) in the universal set. In this case
the membership graphic is as point(s) corresponds to (single)point(s)
which defined on it ,which(previous case) is a special case of discrete
MF,described graphically in figure(¥-)) . Now depending on the
influence of fuzzy MF in fuzzy sets ,it must given more attention in
choose and in graphic and the properties which make it appropriate for
some range on another one ,from sides that must be focus on ;is
choosing of general parameters which determine a MF ,a number of
classes to describe all values of (linguistic)variable on universal set
[Y+][YA] , position of different MFs on universal set , width ,and
concrete parameters ,such as shape of particular membership
functions.

The width is refer to range of fuzzy set that it is has on a universal
set .If we choice the absolute value for width it is not appropriate [ A]
.Since it do not compare width of separate MF with number of classes
and universal set . A classes has different ranges of values in spite its
iIs same universal set or same MF,or it is overlaps.

¢y



Chapter Three Fuzzy Logic

Y.Y.® Some of Membership Functions Properties ;

Like other functions MFs upon on their potential applications and
properties desired for u[°:],and since they refer to a graphical
representation of magnitude of participation to each value in U (a set)
[Y£] ,it may have some properties as any function these properties are
such ;

Y.Y.2.\  Monotonic on each side of the center of range(fuzzy
set)[) ¢][¢+],i.e. closer value to center .
Y.Y. o Symmetric around a center value [ ¢][¢+].That is number
equally for left and right of center value .These
can be express as center of fuzzy set A [){].

() = HE=AD s

°)
H(z) gives the shape of MF 4, ,

dA >0 center factor of a fuzzy set A
and sA >0 width factor of A (step of moving) .

Note: Inthe case when MF defined on one point ,this means
universal set has just one point

Example Y.Y : The set of moons around the earth .

Y.Y.e.¥  Continuity;
The concept of continuity is same as in other functions, that say
a function f is continuous” at some number ¢ if ;

lim £ (x) = f (c) o ("Y

for all x inrange of f.
That require existing; f(c),and lim f(x)

In fuzzy set theory the condition will be;

" Back to this definition in the mathematic books .

¢y
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im 12, () = 2,(©) e ()

such that x and ¢ € A .
A graphic of MF which is continuous, seen that shape is as
continuous curve(or line if MF f is linear) ,see this example ;

Example ¥ .A 1[£7]
Let A be a fuzzy set of real numbers “close to 17, a MF of A can
be defined as ;

#a(X) = exp(-y(x—1)*) e (YN
Jfor xe A, y is a positive real number .See figure(¥-Y).
Hglx)
1+ P
/ AN
.x'/ .
- — t R

=l L Z E 4

Figure(3-7) : A continuous membership function for “x is close to 1”

But the continuity is not always satisfies for each functions (MFs) .
So here refer to a discrete functions MFs ,and the graphic of these
functions is drawn as points in the interval [+,'] ,each point
corresponds to membership degree of a member in fuzzy set ,see
example(¥.4) .

Eﬁcamp[e V.46
Let A be a fuzzy set of real numbers “close to 1” .The graphic of
discrete MF of A is shown in figure (¥-A) .

A )

I,_E,_J | ]

1 | - i
1 2 K] 4

» F

Figure(3-8) : A discrete membership function for “x is close to 1”

Hint :We will intensify our attention on the properties ;:normality and

convex, since we will need it later in other definitions and
purposes.

Y.¥.0.Y Normality:

The shapes of fuzzy sets are generated by its certain accepted
MFs [¢)],and than in values of these functions on members of sets.
These shapes have adopted several conventions influence on fuzzy
sets ,the normality is one of these .

123
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Definition .Y : [¢V][°+][VA] A fuzzy set A in a universe of discourse
U ,is said to be normal fuzzy set if 3u’ >,u’ «eU and g, (u") =1
thatis maxu,(u)=1 AR
for ueu .

This normalization of fuzzy set means that it have a maximum
membership value(degree) of 1 [°)].It might be thought that the
normality of the fuzzy sets in linguistic variable(s) is self_evident
[¢V],as it is in numerical variables. For more understanding see
example(¥.)+ ).

f}(amp[e Y.Y+ :Let the universal set is a set of color papers in a

weekly
magazine ,and suppose color a linguistic variable with classes
“red”, “blue” ,and “white” .See figure(¥-1).It seems that each of

these terms(classes) reach value 1 at some point in fuzzy sets.
£ i)

Uihite é Rad
]

Figure(3-9) : Linguistic variable Color with normal classes(MFs.)

Y.Y.0.0 Sub normal[°)]
Definition ¥.%: A fuzzy set A ,is sub_normal if it is not normal ,
SO 3 N0 u’ >,u’ €U ,and u,(u") =1, thatis,
max g, (U) =1 (V_\ ')

Example Y.

Consider the linguistic variable (age) with classes young, middle
aged and old ,on a set of people as universal set ,see figure(¥- ),
while it would seem commonsense that young and old would both
reach normality (although exactly where is debatable) ,when it comes
to class“middle aged” the situation is more difficult,since no one ever
definitely middle-aged®.This situation particularly in the context of
specific application conceived by no .

* One may be died before he has a middle-aged .

¢0
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(] [Fmadl  []
P-’(ulj N | F

Y
151 %

am - /1 Itll‘rf H\ - e

o jyanie)

Figure(3-10) :Linguistic variable age with subnormal MF

We note that a class middle-aged is expressed quite naturally ,by a
subnormal MF. Also note that there is an obstruct notion of a set of
middle-aged people, but no specific person(one) under consider will
ever be considered to be fully compatible with membership of that
set[£A], or at least not as definitely as a person who is less than one
year old is considered to be “young” ,it is just a baby .

Note: In some situations ,we may find out that all classes of some

linguistic variable are subnormal(this is strange some thing),but it
really exists .Such situations does not occur frequently.We can
imagine a plausible example for this note .

Example ¥V Y:

Let the set of old persons as a universal set ,consider a linguistic
variable “health”, and a set of classes of variables at health as; low ,
medium ,good ,and high .In spite of these classes not exactly
represent the categories of classes of this variable(dividual classes).

No person(one) will satisfy these expressions(criteria’s),so all will
be sub_normal classes ,that is ;

max z(x) <1 e (YY)
and Vv x=person
Mz

[ERPE 1
0 : :I
30 40

Figure(2-11) :Linguistic variable Health with subnormal classes

b v ] LIRTEN FRTTIEY

i
‘ , ‘Y
X = Oid person

50 60 FO B30 30 100

v.y.o.1u (Convex:

Definition ¥.©: [>)] Afuzzy set A , is said to be convex fuzzy set ,if
and only if all of its « —cuts (levels) are convex in classical sense,
that is for each « —cut (level) A, ,forany r,s e A, ,and any 1<[0]],

then ;

1)
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Ar+(l-A)seA, e (YY)

Convex means that any « —cut (level) which parallel to the horizontal
axis through interval(for example) [YA] .

A, =[a(a).a5(a)] e (FYY)
, yield nesting property ,thatis for «,,a,_cuts,

a <a, but a(a,)<al(x) e (Y-
V¢)
, and  a,(a,) <a,(e,) e (Y-
Vo)
Where «, —cut setis;
A, =la () a5(a)] v (V-
Y
,and «, —cut setis ;
A, =la;(a,) a5(a;)] e (TAYY)
See figure(¥-Y) ,then the condition of convexity implies that if ;
a,<a,=>A, <A, O A DA, e (VYN
That is, for
a, <oy = pa(a,)) < pua (@) e (7
V4)
,where
a () 2 ay(a,) e (Y-
")
and a,(a,) = a5(ay) SN ARRD)

—_—_— e e e ————— —— —— —

///
Lo A, RN
fer, Lan (e, a,e,] -ai(a'lj?'_—“fﬁ- ¥
A

Figure(3-12) :Convex set

The intervals™ on real axis which represent « —cut sets are nested if
fuzzy set is convex and normal [YA] ,so as will see fuzzy set can be
considered as a series of « -cut sets which are represented by interval

° These intervals called intervals of confidence [YA] .

1A%
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determined on real axis ,that is a fuzzy set(fuzzy number) is a union of
a —cut sets .

V.YV Membership Degree ;

Definition Y.\ :[VA] A real number between 0 and 1 , which

characterize the degree to which a member in universal set
belongs to fuzzy set.

This degree is complement with MF ,and it is necessary and basic
in fuzzy set ,since each member in fuzzy set is as order pair from a
member and its membership degree [YY][)] ,and it is a value of MF on
member of fuzzy set. So a membership degree of a member u by a
MF u, denoted by;

Ha(u) €[0]] o (VYY)

If 4,(u)=0 the member is not belongs to A ,that it has membership

degree zero ,so has no membership in a fuzzy set , while if u,(u)=1
the member is exactly in A .

Example VY
Consider U ={-3-2,-1,01,2,3}a universal set, and let
A={(-2,0.6),(-1,0.8),(0,1.0),(1,0.8),(2,0.6)} be a fuzzy seton U .

Note that membership degree of -2 is 0.6belongs to A ,while
membership degrees of -3 and 3 are zero ,i.e. not belong to A .

Note:  The values of membership degrees are help us to determine
a shape of MF,and if it is finite or not .
Note: If the support of a fuzzy set is infinite ,then the degrees of

members which approximate to infinite ,are approximate to zero.
See (quasi fuzzy number in (7. 1) .

V.Y.Y Height of a Fuzzy Set;

Definition ¥.V: [VA] The height of a fuzzy set A on universal set U,
denoted by hgt(A)is given by a supremmum of MF over all ueU
and written as;

hgt(A) = sup z, (u) e (VYY)
which is refer to highest possible membership degree see figure(¥-)Y);

EA
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H = U
Figure(3-13) :Height of a fuzzy set

Note: In many situations not necessary the supu,(u) equal to 1 as
will see in sub_normal MFs .

Y.Y.A Crossover Point;

Definition ¥.A : ['A] The member(element)of universal set ,for which
the MF of a fuzzy set has value 0.5 is called a crossover point .

Crossover element marks point where the possibility of belonging
becomes higher or lower than the possibility of not belonging .
Although an exact position of a crossover point(s) is usually not very
important ,it is (are) characterizes a shape of MF .

Note : In some situations the MF has more than one crossover point .

Example Y. &
Suppose set of five balls in different size is a universal set U .
Define a fuzzy setson U ;
A is a set of “small balls” ,
and B is a set of “large balls” ,as;
A={(1st,0.3),(2nd,0.5), (3rd 1.0), (4th,0.9), (5th,0.8)},
and B ={(lst,0.7),(2nd,0.5), (3rd ,0.0), (4th,0.1), (5th,0.2)}.

Note that in A a ¥ ball and ¢™ are almost small ,also °™ ball is

nearly almost small ,while the Y™ ball is more or less small ,and ' ball
is almost exactly not small .

The members(balls) in B ,which are almost large is a Y* ball, " ball
is more or less large ,while ™ and °™ ball are almost not large ,and ¥
ball is exactly not large . Note that the crossover point is same for two
fuzzy sets ,on two membership functions .

In example(¥.V?), we will explain that fuzzy set can be with two
crossover points .

Example V.V © :

Consider a set of real numbers R as a universal set ,define a
fuzzy set A on R as a real numbers “close to zero” ,the graphic of
this set is shown in figure (Y-Y¢) . It is clear a two crossover

points

¢9
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which are -1 and 1 ,fuzzy set taken for positive and negative real

numbers, and value of MFat -1 and 1 is 05.
.-H_.q':uj

R

1 +
1 2

= t
-

Figure(3-14) :Two Crossover Points for a fuzzy set

Y.Y.4  level Set (Cut Set)
Definition ¥.%: The set of elements that belongs to fuzzy set A on
universal set U ,at least to the (not lower than) degree « is called

a—level or a—cut set['A],

and it can be defined as[' '] ;
A, ={ueU;u,(u)za}

rxe)

for a €[0]] .
This set of elements determined in a closed interval in universal set ,
. See

if R (real numbers) is a universal set also for other situations
figure(Y-Y°) [VV].So A, will be [a,,a,],

malu)
ol
/ \ .
ap Ay
Figure(3-15) : Level Set

Example Y
Assume X ={-2,-101,2,3,4} a universal set, and

A={(-2,0.0),(~10.3),(0,0.6),(L1.0),(2,0.6),(3,0.3),(4,0.0)},

as fuzzy set,
The level set « =06 is A, ={0,1,2},

at =03 IS A,={13012},
and for a=1 is A={} .
Note that A < A, c A,, ,while 1>06>0.3 . See figure(Y-)1).
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Lig (2]
=l | Fremmmmr—m =
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Figure(3-16) : Level Sets ;a=-." ,a=+.7,and a="

Note :

V. If @ =0 (in some situations),the « -level set will equal to the
support of a fuzzy set .

Y. The union of «—level sets , will equal to support if we take
a —level set for each value between [01] , see subject ( fuzzy

numbers),and finally get the fuzzy set for each element with its
membership degree .

Y. In example (7~ 7), the «—level set in one subset from an other
this true in general situations for «, <a, ,we get A, < A, , which

a

clear the convex principle ,through the nesting property .

V.Y« Support of a Fuzzy Set ;

Definition Y.V + : PA][£1][)V] Let A be afuzzy (sub)set on universal
set U ,then support of A ,denoted by supp(A) or Ag, ,iS crisp set

of all members of the universal set U ,for which a members have
non zero membership grades(degrees) in A, and written as ;

supp (A) ={u eU; i, (u) > 0} e (FY9)

The support can be a finite set['A] ,that is just a finite number of
members of the universal set have a non_zero membership degree .

Example YV :
Consider set of natural numbers in [0,5] as a universal set ,define

fuzzy set A a set of numbers “about 3”7 ,that written as ;
A={(0,0),(1,0.4),(2,0.8),(31.0),(4,0.6),(5,0)}

The support of A will be ;
supp (A) ={1,2,3,4}
See here support is finite set, see figure(¥-)V).

o)
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Figure(3-17) :Finite Support

Also the support can be an infinite set, we can consider a member-
ship functions depending on a fuzzy set of universal set if it have a
finite or an infinite number of elements ,this mean determine the shape
of membership function ,then we will know that support is finite or not .

Example YA
Consider universal set is a set of real numbers R (infinite set) ,and
define fuzzy set A as a set of numbers “about 3” ,it can written as;

A={(u, z,(u)):either u>3 or u<3uecR} AR
This set is infinite .Note support of A will be infinite also, that is ;
supp (A) ={u eR: u, (u) > 0} v (Y-

\'\/)

Example Y.V 3: Consider set of positive real numbers as universal
set,
determine a fuzzy sets ;
A a set of “small numbers”,
and B a set of “large numbers” .
Note that both these sets are infinite , so supports of A and B are
also infinite(not defined on set) ,this gave us the infinite supports .

Y.YNY Singleton

Definition . V) : []

A fuzzy set A whose support supp(A) contains a single point

u in U with;

Ha(u) =1 e (TN
is referred to as a fuzzy (set)singleton .
Some times called a fuzzy point by [¢7],which is a single real number
)
[I'r]1at is say ;
A, =[u,u] ={u} e (VYY)

, Va €[0]]

A function which define this point is with a unity value at this one
particular point and zero every where else called a singleton function
[YA].See figure(Y-YA) ,which is a special case of MF as we noted in
(MF properties in(¥.Y.°)) .From all a fuzzy singleton means a fuzzy set
has only one point .

oY
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1 £yl

v
I
Figure(3-18) : Singleton

V.Y Extension Principle

In systems that deal with control problems or systems of making
decision ,...,etc ,interconnect the different variables with each other
with algebraic formulas (relationships)and equations ['A] .These
relationships may reflect physical laws or a system structure ,or an
influence of one variable on other variables about it's value or it's
degree in a fuzzy set as will see ,is one of these systems by use this
variables described linguistically as fuzzy sets .

The base of this systems (such control system) is mathematic
through relations between variables for inputs to systems and
variables of outputs for systems. Output is not necessary be in same
kind with input variables (not membership) ,that is get a fuzzy model
for a variable if we know the fuzzy model for an other variable and the
functional relationship between them .This is a start for extension
principle which is one of fundamentals of fuzzy set theory , is also a
basic for rules of fuzzy logic algebra [YA] ,this extension is under
knowledge of structure of the system, by means of extension principle
a crisp function can be evaluated for a fuzzy argument ['] ,i.e. a
system description is crisp ,but with a fuzzy inputs and outputs .

Definition Y)Y : [V A]
If A is fuzzy setin universal U ,and f is mapping from U to universal
set Y ,then extension principle allow us to define a fuzzy set B in Y as ;
f:-A->B,

B=f(A) ={(y,1s(¥)):y=f(u)ueU,yeY} e (TT)

supu,(u) Lif  FH(y)=0 ,ue f(Y)
0 it f7(y)=0

where 4, (y) ={ YY)

flt:y->uU , fi(y)eU,yeY ,ueU ,and f*(Y)cU

Note supremmum of operation is applied because the function f

may maps different elements of universal set U into one element of
universal set Y ,and so this element may inherit a few membership
degrees ['A] ,see example(¥.Y+) .

The extension principle is a mathematical framework for system that
Is use input data as fuzzy and the resulting output data also fuzzy ,and

oy
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a system description is as crisp ['] .Through rules which connect these
information in fuzzy system and this outcomes give us an imaginary for
behavior of the system .

Example ¥.Y + : Let A={(-2,0.3),(-10.4),(0,0.8),(L1),(2,0.7)}be a fuzzy set
on universal set U (a set of real numbers),define function f on U as;
f:U->U |, y=f(u)=u?,
for u,y,eU .

So by extension principle B= f(A) ,and then ;
B ={(4,0.3),(1,0.4),(0,0.8),(11),(4,0.7)} .
So B ={(0,0.8),(11),(4,0.7)}

Note that the element 4 in B has two values for membership
degrees ,this means it is an image of two different elements in B (for
-2 and 2 in A), so we use the definition in choose value of
membership degree for element 4 in B ,by supremmum value for these
two values then it is 0.7 .A same thing for the element 1 in B is image
of two different members(elements) in A (-1 and 1) with two different
membership degrees ,and supremmum membership value is 1 in B .

Extension principle by means the rule which defining fuzzy set(or
more ,descriptive variables) on universal set which has functional
relationship(s) on the universal set(s) ['A] ,the variables of input
universal set(s) may be one or more ,and also the variables of output
universal set(s) may be one or more ,this add to structure of system(s)
how to process these variable(s) .

Also we can describe the system by number of inputs and outputs
variables as for ;Single input_Single output system ,Multi input _Multi
output system , Multi input_Single output system [}].

Depending on this discussion the extension principle will be more
general for inputs and outputs through use more universal sets for
variables ,so the relation(function) will generalize for many variables

Definition Y.V : Al
Let X be a Cartesian product of universal sets U,,U,,..U,
X=U,*U,*.*U_,and A, A,,. A are fuzzy sets in these sets
as,A onu, ,A onuU,,...,A onU, ,and define fas mapping from
X to universal set Y; f:X —Y,where
Y=fU,U,,...U) A
YY)
,then fuzzy set Bin Y will be ;
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Chapter Three Fuzzy Logic

B={(y,us(¥)):y= f(u,u,,..u,)evY,(u,u,,.u)exy ... (*-IY)
where
(y) = supmin{zz, (Uy),..ptpn (U} if £7(y) 20, (U, U,,.00,) € X
Hg(y) = 0 i fy) =0 (P

That is means we choose minimum value of membership degree for
values of input variables (to output variables),and then choose the
supremmum of all these minimums .

Note : The number of elements of each set is not necessary be equal.

ExampleY.Y) : Consider a fuzzy sets defined on universal sets as ;
A ={(-2,0.3),(-1,0.4} on U, ,a set of negative real numbers,

A, ={(-1,0.5)} on U, ,a set of negative integers ,
and A, ={(2,0),(10.4),(0,0.8)} on U, ,a set of real numbers .
SO X =U,*U,*U;, (V—V")
Let A=A*A*A o (Y

, ueA ,u=(u,u,u,)e X , VY ueh ueh, ueh;,
define f:X >y ,forafuzzysetB ony ,
y=f(u)=u, +u, +u, e (VYY)
then elements of A as;
A={(-2-12),(-2,-11),(-2-10),(-1-12),(-1-11),(-1-10)}
and then B will be ;
B={(y,ug(¥)):y=f(u),u=(u,u, u;) e X} e (TYN)

So
B ={(-10),(-2,0.3),(-3,0.3),(0,0),(-1,0.4),(-2,0.4)}
={(-3,0.3),(0,0),(-1,0.4),(-2,0.4)}

Note that the element -1 has two values of membership degrees in
B(0ando0.4) ,so we used extension principle in chose the value of this
membership degree by supremmum after we choose it as minimum
from membership degrees of components of elements in A.Also note
the element -2 has two values of membership degrees in B (0.3 and
0.4) a same manner used to choose membership of -2 .

F & Fuzzy Numbers

The use of linguistic terms to describe variables which has
descriptive features ,like the variables which refer to human features
such as ;intelligent ,health ,behavior ,tall ,age ,...etc ,(and more many

00



Chapter Three Fuzzy Logic

features others),is simple and more favor in dealing with these
features than numeric one .

In many situations, people are only able to characterize numeric
information imprecisely [¢1] ,for example ,people use terms such as; ;
about teeeee ,near zero ,or essentially bigger than o¢-.. |
these are examples of what are called fuzzy numbers. That is use
linguistic terms(words) to describe numerical values ,spite of it is
vague and not exactly give values(measurements) of the variables, i.e.
not one but interval or set of numeric values.

Using theory of fuzzy (sub)sets ,we can represent these fuzzy
numbers as fuzzy (sub)sets of set of real numbers ['A].

Definition Y.V & : [¢1][VA]

A fuzzy set A on real line R (a set of real numbers),as a universal
set with a normal,(fuzzy) convex ,and continuous membership function
u,(.) of bounded support(finite set) ,is said to be a fuzzy number.

The family of fuzzy numbers will be denoted by F [¢7] .In some
references we note that fuzzy numbers are denoted by uppercase
letters with tildes such as ;A ,B, ...,etc’,or use numeric symbols to
refer to values of some varlables : For example ['];

The equatlon
y=5x+2X, e (TYY)
where 5and 2 are fuzzy numbers “about five” and “about two”,

respectively defined by MFs instead of use exact values .
Let us take example on fuzzy numbers .

Example ¥.YY:[V)] Consider a fuzzy sets ” about 5 ” ,and “ about 10”

which can denoted as ; 5 and 10, respectively ,defined on real
axis R with triangular MFs ,see figure(¥-)14) .

Hize)
I 5 10

Figure(3-19) :Examples of fuzzy number
By depending on the fact ,that a fuzzy set A can be considered as a
union of a—cut sets [YA][Y '] as ;

* * The uppercase letters is refer to uncertainty values for variable see[£)][)A] .
** This is wide use in systems which defined by an algebraic differential equations see ['] .
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Chapter Three Fuzzy Logic
A= (JA, e (V-EY)

ae[0,1]
Fuzzy numbers can approximately represented by a collection of it's
a —cut (level) sets for various values of « [''] .Here we will explain this
situation ,the «—cut (level) set of a fuzzy number(set) A is defined as

YA Y]

A, ={(U, 1, () 4, (U)2cx U <R} e (58

for acR , A, the a—level set
If we generalize this concept for each «<[0]1] ,we get a series of

a —level sets ,which are represented by intervals determined on real
axis ,i.e. a—level set for A will be (for example) ;

A, =[a,(a),a,(a)] (Y"_i Y)
So we have interval Vv a<[01] ,here upon union of these «-level
sets(intervals) we will approximate fuzzy number A,for more details
see figure(¥-Y+) .
Note that level sets of fuzzy numbers are closed intervals [ '] ,the
called out of these intervals was occurred previously .

Hxd)

Figure(3-20) :Approximate representation of a fuzzy number by its level sets

Note : Using examples with piecewise linear membership functions
IS to get more precise of numeric to explain the idea only ,but that
IS not mean the other functions are not efficient

V.8 Not Fuzzy Number

Definition Y.V ©:[¢1] Aset A is a not fuzzy number if there exists 4 |,
such that ge[0]] , that A, (level set) is not convex subset of R.

That is not satisfies condition for a set to be convex,see figure(¥-¥)),
in spite of it is continuous MF (on a set) ,and normality satisfied in this
situation .

Hiw) .
™ Ve AN A
Ly ﬂ;; + ! \'\ VARRNY

Figure(3-21) :Not fuzzy number
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Chapter Three Fuzzy Logic

F &Y Quasi Fuzzy Number

Definition Y. 1 : Afuzzy set A onreal line R with a normal ,fuzzy
convex, and continuous membership function satisfies the

limiting conditions as [¢1];
lim 4, ()=0, lim 4,(u)=0 A
called a quasi fuzzy number .See figure(¥-YY)

Hiw)
_‘_J.-.-—H——.,_‘_

~ .

e e
= ; } ; = B
. i 7 3

Figure(3-22) : A quasi fuzzy number

Now we must intensify on the point that a classical(typical)
arithmetic and algebra deal with crisp (typical) numbers ,while fuzzy
arithmetic deals with fuzzy numbers .

In problems of control ,physics ,and other scientific and industrial
fields ,fuzzy numbers used to model real system variable(s) [YA] ,it
deal with variables with real values(at minimum value zero),not
imaginary or negative values ,which has no mean in real world
applications .
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Chapter Four
The Suggested Method

¢ The Suggested Method Idea

The suggested method is a new perspective on fuzzy
wavenets .It is combining wavelet theory with NN and FL in a
single method as it applied in one of a wavelet_based techniques'
,and a subset of wavelet networks ,specially wavenets that in
which the dilation and translation factors are fixed (not optimized)
and only weights are optimized through learning (see [A] for more)
.In contradiction to other types of wavelets that a weights ,dilation
factor and translation factor are optimized through learning .This
not all thing, the suggested method as a novel idea not occurred in
previous known applications of NNs ,and different in many
structures sides .

It is represent a modification in many sides proposed on
traditional methods. These sides are;

@ Firstly in the training set structure .

@ The main concept which is an important side is activation
function nature .

@ Network architecture ;which represented in using a single
output layer neuron ,and in chose the desired output .

@ In last; the output values structure and a taken decision
depending on it .

\

Form a wavelet_based techniques a wavelet analysis and wavelet networks ,
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The structure of training set is chosen as a set of categories ;

S={)+ category, Y"@ category,¥ ™ category,..., i* category,. ..,
Nt category | e (89))

Where 1 is index of categories ,c¢ is number of categories.
Each category is consist of a set of patterns as versions of
figure characterize that category ;

it category = { )+ pattern, X\ " paitern, ...
, j* pattern, ..., Np* pattern } e (EY)

Where ; is index of patterns , Ap is number of patterns

The structure of activation function is depends on fact that the
wavelets (as activation functions) can be decomposed into a sum
of a scaling functions[A][4] ,but this wavelets with some special
properties that a scaling functions associated to these wavelets
must be ;

_ Symmetric ,
_ Every where positive ,
and with a Single Maxima .

So under these conditions ,a scaling functions can be
interpreted as MFs (this idea represent a basic connection to fuzzy
logic in this method ,since most of MFs have these properties) .

Essentially these MFs are chosen from a dictionary pre_defined
of MFs (see[A][?][¢]) ,among the families of scaling functions that
have properties to be symmetric ,every where positive ,and with a
single maxima (these properties were discussed for MFs in
Chapter ¥) , and among other splines and some radial functions .

The main advantage of using a dictionary of MFs (which were
used in fuzzy wavenets after extended for biorthogonal wavelets
and multiresolution analysis)(see previous references),is to
associate a linguistic interpretation to each MF,and each term such
as “small” ,"large” ,...,etc ,is well defined beforehand ,through the
general properties of MFs in chosen dictionary ,as in [A] .

From that all and a previous discussion ,the activation function
iIs expressed as a summation of two continuous functions which
give output real values in outputs space ,a wavelet function and
MF which from previous will be substitute the scaling functions for
wavelet ,this is part from a continuous wavelet transform .
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The wavelets as in wavenets is with form ;
Yo =¥ (27" (X=n)) e (Y

where m,n e Z

A membership function' is dilated and translated versions of
scaling functions with steps of wavelets ,that is works step by step
with wavelets v, , ,as;

fm,n =f(27m(x_n)) (i-i)

So the activation function which is a summation of these two
forms(functions);

?m,n =Wan T fm,n cee (i _0)
or
?m,n =Wan T Pmn cee (i _‘)

Note : There is ability to implement any functions from wavelets
or MFs

The suggested method is used for pattern recognition problem ,
steps of this method start from structure of chosen training set into
ending by output structure and take decision ,these steps will
illustrate in figure(¢-Y) ,but through that we will clarify some
necessary sides .

Since the network is performed on a patterns recognition
problem ,and a patterns with many features ,multidimensional
wavelets are used ,and used a single scaling for wavelets that is a
single dilation and translation parameters in all dimensions ,so it be
a single_scaling multidimensional wavelet to construct a translated
and dilated versions of a mother wavelet .

Once again ,since a membership function is work as a scaling
function and it is work at steps with wavelet (since a random of a
proposed activation function) ,single scaling _multidimensional is
performed for a membership function ,too .

A network trained through a back propagation algorithm ,which
is a successful algorithm in training of a multilayered networks ,in
addition that it is simple and elegant .

" Since f as a scaling function ,we will denote it by ¢ instead of f in later .
T
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A weights values were chosen randomly for connections in a
network ,and a weights values file is single for all patterns
categories in a work ,to put a fixed criteria in compare a values for
categories and then get on an excellent results .

This not all ,the structure of inputs to a network for some
pattern is as a vector of features values for that pattern ,and as
matrix of feature values for a patterns category .The aim through
such structure of inputs is to improve a work of a network in
dealing with recognition problem that implemented on .

The inputs file structure as a matrix for category patterns and
its features ,patterns number represent rows number ,and the
features number of that pattern is represented by number of
column .So the file of inputs as matrix with dimensions as Npx Nf

pfe opf, Py
p, f, p,f, ... p,f

. S . (t-Y)
pifl pifZ piff

_pr f1 pr fZ pr fo_
while vector of features values for a pattern p; with dimension

\Xy\[f ,
[pifl pifz """ piff] (i_/\)

where =),Y,... . Np index of patterns, and f=),Y,...,Af ,index of
features number

Also the structure of outputs ,which as a closed intervals to
determine a size that a values can change on it for some category.

When a traditional NNs were depending on one output value for
pattern output ,that be work on to recognize it through compare
outputs of the testing patterns to this single value .This using is
syndrome with errors such generality or unlearning ,additionally it
confine work and make it exclusive on that value and consequently
decrease a number of patterns that converge to pattern .

The suggested method offer an interval of values to work on
available for output values instead that the single one previously
used, this through introduce a set of fuzzifies copies different in the
noise rate or fuzzy rate .From outputs of this set we can determine
a closed interval characterize a category ,to know high value of
outputs in that interval which means that the pattern of this output
IS very noisy , but network can recognize it at any what

1)
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Also ,smallest value of outputs in the same interval ,means its
pattern is very noisy but in direction that decrease output value ,but
the network can recognize it .

Values in these intervals are outputs of fuzzifies copies around
standard value for output ,the work of interval is in two directions
into a decreasing direction and increasing direction ,some times
(as will see) the standard value is a least value in interval or may
be largest one .

This work was generalized from one pattern’s category to a set
of categories of patterns ,which represent the modification in
training set structure on other problems in NNs ,see training set at

(£.).5) .

All in all ,the aim through all modifications in structure is to
design a network that able to recognize a pattern(s) category
(converge)even in the presence of noise ,in addition ,the network
must also be capable of handling with repeated pattern(s) within
the testing set in future .

¢.).) Conditions Survey

The choice of a three properties of functions in a dictionary
pre_defined is with regard to some facts and essential functions
properties .

When a function property (function values) to be with single
maxima this led to dealing with a convex functions that mean there
is a standard value characterize this variable values(feature value),
which be a criteria to other values around it in two directions left
and right ,that is this value is a center led to take one and only one
decision .For if two or more function values for one variable value ,
choose a maximum value .

The values from left and right represent a different degrees on
this standard values until reach a minimal value in two directions
remote on the center value ,which represent unbelonging to this
variable (feature) value .

Also these values from left to right are in same remote on the
center through the width (index)that chosen for variable values
,and then these values have an equal output values ,that in the
same level («_level set)

For x, x
Ix-x/ <€ e (89Y)
V x , x, insome set ,and x is a center of values , € is constant

Ty
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A symmetric property is avoid the function to be in one of its
directions tend to converge to infinity than other side direction

For x, < x<x/»

[x-x, /<€ b (8)Y)
and [x-xd <3 e (E)Y)
that is [x-x,] # | x-x+ e (BYY)

V x, x),xr insome set, and x is a center of values ,

€ and 3 are constants , such that € =3 , this reflected
through MFs .

This led to variation data ,and then an error in a practical
applications ,since in practical work there is needs to work on a
directions on /off (switch on , switch off) .

The last property is that the functions are every where
positive

Vxe E = fx)>: e (EYY)
, E is an any set .

This property is necessary ,since the negative values mean
nothing in the practical applications .Importance of these
properties is in two sides ,in practical and even in numerical
applications(mathematical) ,since the most applications of NNs are
in a practical sides ,this encouraged us to use a MFs for this job .

¢.V.Y Satisfaction of the Conditions for
Membership Functions

As we saw in (Y.V.®) ,these properties of MFs can extracted
from serious facts and analysis of work of a fuzzy logic through
MFs , in spite than other types of functions even it satisfies these
properties (some of it or all) .

Most MFs satisfies previous properties exactly and it is
traditionally have these properties .

== The thing that we do not differ on it is that values of MFs are
in [+,Y],which is in fact a positive values ,that is it wholly
have a property to be every where positive;

Vue A ,u@el] SN AL
thatis u,(u) > *

ay
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== The rest properties ,symmetric and a single maxima are
satisfies for most MFs ,but it depend on a distribution of
values in support and a membership degrees around the
center value of support for that fuzzy set ,that if it satisfies a
condition in symmetry definition(¥.Y.2.Y) ,and on an absolute
operator for input values .

== AlSo the singlity of maxima is occurred for many MFs ,or
that existing many maxima for one fuzzy set (in spite it is
symmetric) ,

Vo(uuau) € A3 (U pa(u))e Ao
Ha(U') 2 p,(U) o (8)9)

That if there is many values in support its membership
degree is equal to maxima which in most cases equal to !.

Using of such MFs means that there are many values
have same output and then this practically means an equal
in patterns in category (if used for pattern recognition) ;

Vo(upa(u) € AL (U W), @ uaU))e Ao

(U 2, (U7) = (U7, 1, (U")) v (BT

;,UA(UI) >, (U) & /UA(UH) >, (U) cee (i - V)
Even when

pa(U”) =p, (U e (BN)
that is if supposed ;

(U, 2, (U) =(U", 12, (U")) e (B9YY)
we can write it as

,UA(U') 2 /UA(U) oo (i v .)

then u,(u") is unique .

Using a single maxima means also ,that there is one value
(here patterns in category) satisfies a standard value (maximum
value) or exactly satisfies a property ,and the symmetric values
around it is a fuzzifies (noisy)copies from it .

A membership functions that convex are having a single
maxima[¢A].In concept of fuzzy logic the final result will be
obtained after applying all the results from rules ,then one will have
a fuzzy set of results .Once again, if any element (pattern) of the
universe has two or more different membership degrees as a result
of different rules processing ,one can choose a maximum value
[VA] .
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Note: Not necessary that the maxima is ! *,less than one is also
true .

Note :In fuzzy logic the problem of choice a MF had not yet been

solved since did not existing a significant dependence of the
performance (see[ 4] ,for more details) .

The suggested method through a dictionary and a proposed
properties not has this problem ,exactly can choose a MF has the
requests .

‘Note :Choice of a MF for this work is lifted for user ,in condition;
satisfies previous properties .

Since a MF in a suggested method, is work with wavelet as one
activation function ,the scaling of these functions (a MF and
wavelet) is the same ,but through an experiments performed. Also
a normalization for inputs(features) values as noted is same ,since
the inputs to a wavelet are the same for MF because a structure of
a single function for modification these two functions .

V.Y Network Structure

Figure(¢-)) shows the structure of a fuzzy wavenet for
suggested method .It is a multilayered feedforward neural network,
that is the layers are fully connected .

It is consist of three layers ( input layer ,single hidden layer
,and output layer ) ,this structure is similar to a ¥_layer Perceptron
and general WNNs in references ([A[9["][][T°]) ,and use a
dyadic wavelets specially as in(reference [4] ).

The input layer includes many neurons due to that patterns in
a training set are with many features studied . Also since number
of neurons in the input layer N, determines dimensions of the
inputs , and number of neurons in output layer N, determines

dimensions of the outputs (see [T1]) .

So that we can determine number of neurons that it wanted in
input and output layer .Input neurons N, receive inputs as
numerical files for images features ,reads as values of features
vector for each image in some category . The number of input
neurons that used is five neurons, N, =° .

" When maximum value =V that means normalized .

10
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The hidden layer consists of many neurons N,,too ,due to

multidimensionality of inputs which are features values of patterns
in categories ,and this number was determined before start
learning .The process is chiefly in these neurons ,and activation
function ,that proposed as a sum of wavelet function and
membership function ,the causes were declared previously so it
work instead of the scaling functions for wavelets .Activation
function will be a keyword for explain the novel suggested idea in
this method .

In this work number of hidden neurons that were used as; five
neurons in first experiment and eight for second one(N,=° and

N, =M),to exceed the computations ability and then get a good
results .

The output layer as shown in figure(¢-)) consists of a single
neuron .A single output layer neuron compute on a weighted sum
of outputs for hidden neurons by applying a non linear function ,
this different from WNN which implement linear function .

Continuous functions were used .This choice of functions is to
complement a work for a suggested idea ,instead using other
linear one ,to avoid a conflict ,and to get a real valued which offer a
continuous and wide support to determine the outputs(actual
outputs) values in categories intervals ,and more accuracy ,
instead a linear which are in many times with integer values for
outcomes and discrete values ,and then can not get on intervals .

In many structures of the networks that used in recognition
problem the output layer has at least two neurons(in a WNN even
if it is consist of a single neuron it will be with a linear function)
,since in many networks there are a ¥ neurons or more but it were
must be with a finite number of output layer neurons .

It was a need to put values of network outputs ,that it is
corresponding desired outputs to be in a binary values + or ) . As
in each output layer neuron the actual output is corresponds to
desired value either + or ) (black or white ,true or false) .For
example if we want to recognize three patterns at network with
output layer has three nodes ,then the desired values for outputs
will be for ;

First pattern o)
Second pattern  + )
Third pattern Yoo

"
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or any order consists of + and ' code’. This manner may led to
error in recognition or with the most famous problems a
generalization .

Through the chosen network structure with this single neuron is
led to the following things; firstly minimization number of elements
of weights matrix between hidden layer and output layer(at output
layer),that is minimization in number of computational operations ,
also minimize the outputs values ,in addition to that all decreasing
in the effort .

hidden nemrons

—_— ~» Welzhts
" :l D suiput Heuron
L
E * 40\
= L |
5
w3 . y - >
= . * - Output
ﬁ ¥ newuron
E

— 0,
Hidden

Figure(4-1) : Wavenet structure in the suggested method .

The second thing is that desired values for outputs were
chosen (not + or Y ) such previous situations .But it is chosen as
a gradual values between + and Y ,(in [+,) ]) ,with different from
one category than all others ,with increasing order stared with
a first category at a least value + ,and increased to the order of
categories until end at the last category at highest value

* This code called a binary coded [*4],
a%%
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¢).¢ Training Set

The suggested method is trained through a set of experiments
on a set of images for eight categories of geometric curves
(figures),not very complex figures with YO _dimensions ,that is not
complex mean not has different details ,it is just curves can drawn
with hands(if possible) in black and white colors only, do not use
more colors ,this added an complexity in computations and this led
to more errors ,since it is need to capture on a colors tights for
different parts of image and to different images ,but in experiments
of performing suggested method on colored images used the same
images with colored in lines as will illustrate in experiments ,then
compute more features .Consequently ,we need to have an
information on work with color image processing , this need wide
work ,in addition that we favor to dealing with geometric curves
than other images , see figure(¢-Y) ,for patterns in a training set .

Images are with format “ Bit Map format ” BMP ,(will discussed
widely in read image file) ,which is the most commonly used than
other formats and it is corresponds with window systems by[°Y][¥].
Image is entered to be processed by scanner from its recourse ,
and use “Paint Program” to capture on some sides of images .

A categories of images that used in training set are varies in
complexity ,the first one rather way simple ,so on the second is
seems complex one ,while the third and the fourth categories are
in first look tend to be reflected ,that is the third category represent
the reflection of fourth category figures(curves) in direction from left
to right or vice versa in other look angle .This give an testing for
network ability in recognize images may be similar ,but in inverse
direction ,that is exam ability of network for generalization ,which is
a most drawbacks of networks in recognitions problems .

Fifth category is a more complex than figures in two previous
categories, variance values of features are large .

The sixth category is a more complex than fifth one ,to increase
a network fortitude in identification more complex curves ,this
category is complex since it have many details due to it intricacy .
Seventh and eighth categories seems simple ,and looks likes ,but
it sure difference .
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Each figure from the eight categories is taken with six gradual
fuzzifies versions(copies) ,then number of images will be six
images for each category ,one standard (original) image and its
fuzzifies versions .

So with eight categories the number of images will be £A images
, that is means a number of members of training set .

Later ,will show outputs of network for the categories figures
determine the closed interval of output for each category .
Then network can recognize any figure looks like any category and
its output value be in this interval .

Since the work basically ,deals with mathematical side and the
problems of images processing is out of limits of this research ,
then we will focus on the features extracted for images, what these
features, and their values .

!
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Figure(4-2): Training Set
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The variability between any one from a noisy versions and a
standard image for some category ,can be computed in accuracy
by calculations criteria called “ Fidelity Criteria " [°Y] ,which
compute error rate between image and its noisy versions ,such
“SNR” ,but the commonly used is a “PSNR ”, since we need the
tight accuracy if dealing with versions of a standard image of some
category and the images that would be entered to be a testing set .

In same time, we can use an other type of criteria is a
“Subjective Fidelity Criteria ” in [¢+] ,which in this situation
disadvantageous ,since it is evaluate the difference through
“Human Visual System ” (see[¢+]) ,which is in many problem is
helpful but not in geometric curves ,which are mainly depend on
numbers language .

Also as known that Human visual system is capable of
recognize mistakes in dark parts for image very well ,than that
ones in light parts ,and it is affected by errors in edges larger than
an image background .That is ,if we used this criteria on images
under study (in which the curves were drawn by black line on a
white background) ,it is may be able to recognize the errors
(differences) between images ,but still the errors in the white
background or edges less to classify if not be impossible .

£.Y  Suggested Method Stepping

To introduce to steps of a suggested method | firstly see
figure(£-Y) which clarify the steps of working through this method
at the diagram ,these steps start when prepare a set of images (or
set of images categories ) that to work on ,and then implement the
suggested method through its steps as would explain exactly ;

Y
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£.Y.)  Input Image Pattern

To put the images under study through computer device it must
be extracted from the resource(s) utilize from some ways , either
by employment programs were installed in computer to initialize
images such ; 7 Paint Brush® or “Micro Soft Power Point Paint” ,or
extracted from external resource(s) by “Scanner “ from resource
papers (as example) .The images in this type either drawn by hand
or using the previous discussed programs on computer.

The images that used in this work are extracted by last way
from reference([ "4]) from a references list .These images were
hand drawn and extracted from resource papers by Scanner .Each
image separated alone to processed ,a Paint Program is
appropriate for this purpose .

We used a closed size for all images (original and copies) by
using efficient program for this objection called “Corel Draw ) +” to
capture on images limits(edges) ,these limits dimensions is

Vo v pixels for width ,
and .- pixels for length ,

as maximum limits ,that to control on at less on one side that
causes errors in measurements, or not efficiency network ,and to
get an accurate calculations ,since difference in dimensions for
images in one category led to increasing or decreasing in
measurements values(features values) ,which led to change in
outputs values for images in outputs space .That is ,it may be out
of a closed interval that determined for each category ,and then fail
a network in recognize through static criteria .

Also if we chose different dimensions for limits for each
category than other categories ,this also led to either intersection
of outputs interval of some category with other categories intervals
.this intersection put a network in generalization problem ,so not
efficient recognition ,or since the values of weights that were fixed
for network and for all categories ,in addition to other training
parameters with fixed previous values for all categories and
increasing or decreasing values for images features caused exit a
network error out of the tolerance in previous situation that is fail a
network in compare with fixed criteria between different categories.

Images that extracted are stored in format BMP to be
prepared to applied in second stage of work .

\a
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¢.Y.Y  Reading Image File

The first process stage on the image(s) ,(that were extracted in
before stage ) before any modification ,is reading the image file
[¢+] .This stage depends on the image file format ,that is must
know what is the image file format . There exists many formats for
images files define images on computer devise .from this formats
as occurred in [°Y]; BMP ,JPG ,TIF ,PCX ,PNG,...,etc .

We say before that the format for image file is BMP", , which is
the most commonly used than other formats,
The BMP file consists of three parts ;

O A first and main part is the “Header”, which include ¢ bytes
and it has the necessary information (documents) that
command with the rest parts of image file .These information
describe the image through ;image width and high (depth) in
pixels ,number of bit per pixel for each image pixel ,...,etc.
[°¥][¢Y] ,such file modification data [°Y] .

0 The Color Pallet represent second part for image file, which
refers to color tight for (RGB) true colors (Red , Green, and
Blue) gray [°Y][¢+]. The size that this part is depend on is
effected by number of bit per pixel that computed in first part
from image file .

O The third part of image file is Image Data [°Y] .

Note: There are many stages can be implemented on image(s) ,

dependence on image Segmentation ,it is out of our
specialty in this research .

* It is some times reads as windows Bit Map Format [¢¥] .
\&4
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¢ N.Y  Features Extracting

It is means decreasing image dimensions through extract some
numerical measurements from image data [Y] ,from it's benefits |,
get high compression ratio * to decrease calculation time .

In this stage of work ,"Histogram Features‘ [°Y] ,were
exploited for gray level values into a number of image pixels at
each value .

A Histogram is a graph used in image analysis ,that shows
the distribution of intensities in an image .The information in a
histogram can be used to choose an appropriate enhancement
operation, for example ,if an image histogram shows that the range
of intensity values is small ,we can use an intensity adjustment
function to spread the values a cross a wider range [°Y] .

So it is use a probability distribution ,and then extract a
statistical features from this distribution .Statistical features
represent a histogram features [¥].

The probability density function(PDF) is computed at each
gray level by [°Y];

N
£9) )

P(g9) =

where P(Q) is a (color) probability density function for level g ,
g is index gray levels,
N(g) is number of image pixels at level g,

and M is number of image pixels(multiply columns number by
rows number),since image as numerical matrix .

Hint:The order of presenting these features is as it computed in a

program and it is the same order also for features of images in
features files for the categories .

A number of features in the experiments of suggested method
are five features ,which are ; the mean , standard deviation ,
skewness ,energy ,and entropy .While number of images for
patterns category are six images; original image and it's copies, so
we get on a matrix dimensions .

" When used in image compression applications .
Vo
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Probability density function exploited to calculate or extract the
following features ;

). Mean:

The mean gray levels for image ,is computed as[¢];

L-1

g => 9 .P@) (YY)

g=0

g is mean gray levels , g is index of gray levels ,
L is a gray levels total number .

So the index g will be from « to L-1, if bits number is A

then L =Y —von since L =Y7_ suchthat n is number of
levels bits

Y. Standard Deviation :

A standard deviation between levels is computed as;

ag=\/2(g—§)2-P(g) e (2YY)
g=0
where ¢ is a standard deviation at level g, [Y].

r. Skewness :

The skewness for image is computed as[°Y] ;

L-1

S&ew=%2(g—@)3ﬁ(g) e (2T

=0

«

¢ Energy:

It is computes for image levels as [Y][°Y];

€E’ne1’gy=Z[P(g)]2 e (8-Y0)

&
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°. Entropy :

Entropy measurement for bits number required for “Coding
Operation ™" [¢+] ,and it is computed as ;

Entropy =§P(g).logz[P(g)] e (EYY)

Note : These features that extracted from image(s) are saved

within a numerical files for each pattern. It is a measurements
of features values for standard image ,and its versions for
some pattern saved in file different from other patterns files.

Note : In ending the last step of previous stages , it start the
process in network ,that shown in figure( ¢-1).

The extracted features values are in numerical form ,for more
accuracy ,not described by using linguistic variables values ,we
saw such this description in fuzzy logic .The numerical files for
features values are represented for each images(patterns)
category ,that is each features file for each patterns category ,as a
matrix of image features number(represent rows number), and
number of images in category ( the column number represented by
images number for that determined patterns category ) .

Features values in this numerical files computed through
program for feature extraction(see a program that communicated
with a reference [Y¥] ), performed by programming language
“Turbo C™ ” this program exploit the equations compute these
features through algorithm for extract these features from each
entered image(s) to be process by this program .

It depends on number of image pixels nearby that have same color value ,that is the frequency of
these values for pixels in levels ,it is also reflect the efficiency of coding if the image is simple less
number of colored levels .

A%
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The algorithm and steps of extract features can be
implemented by “ Math works(MATLAB) ” with any version .

Also we can get on these features values by using “Coral

Draw !+ ” ,which compute these features in addition to more
features such a median ,number of pixels in each image ,...,etc
,indirectly with out implementing any algorithm just entire image(s)
to be processed by program .

In a numerical files ,a matrix elements are a features values for
a patterns in this category .Each row is a vector of a five features
values for that image .Each value is a feature value from these five
features for some image in that category ,that is a data of each
category are in matrix determined for this category ,and each row
is a point in a features space .

The patterns that belong to same category have approximately
the same values for features .

Note : There is a problem with a fuzzy system is that it is difficult

to deals with two many features [) +] , but the use of MFs here
as scaling functions ,while the wavelet represent the expansion

of dataisin L*(R") [¢¥]["].

YA
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¢.Y.¢ Neuro_Fuzzy Wavenet

The steps of working in this stage are gradual as follows;

¢ Inputs Network, Structure

After the past steps implemented on images under study for
training or testing set ,and extract features values from all these
images we get numerical files for features values of images for
each pattern . In other word these numerical files are represent
the inputs to network in the suggested method to be studied or
processed .

Consider a set of ; features (that be extracted from each
image),detectors as;

(froeees fo)

these values represent a vector of values for some pattern .

The set of patterns(entered to network) for p_patterns where
=), N, , N, is number of patterns in that file .

Each file represent a data of some category from the eight
categories used .
That if consider the set ; of inputs of patterns at j_th category

,and a; number of categories under study ;

S =l @), Gy E)),s CpIell) - CowInlly) )]
=L ) ) oI (Frres fo0) ) vvos Codp(F e fo) )
s (0wl e ) ) ] e (BYY)

where £=),..., o index of features numbers ,

N, number of patterns in category ,

p index of patterns numbers

yy(fy) IS a point in a features space, that is with °_dimensions ,
while (x,ynp(fy)) if it expressed by values of y,f,) for £=),..., a; ,it will
be as a vector or pattern features values vector x, , the input
numerical file is consist of these vectors .

Each file for category can be expressed in previous form .If we
index for inputs of the eights categories §; , j=),., &, and &, for
training set; %, that is number of members in s; . While in testing
set for each category %, is different .

From that all each category has a set of its patterns information .
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With multidimensionality of features space ,we so have multi
neurons in input layer ,so that the input layer can assimilate the
entire values to it .

¢Y.EY  Weights Initialization

To apply the back propagation algorithm the network weights
must first be initialized [¢¢] .These weights are initialized to small
random values ,since it has much significance in working of NN ,
and characterization of a network .It would optimized through
learning ,but chose initial weights too large will make a network
untrainable since it reach a “ Premature Saturation ” .

The reason to choice a weights randomly to give a wide and
general basis for weights values and appropriate for all patterns in
a training set .

There is method to compute weights depending on inputs
values to a network” ,this method means that weights values
change for each input ,so the parameters values and results will
change also ,and then success for pattern or/and fail for other . So
each pattern will has weight file different from other patterns ,but
this in a suggested method not give a constant criteria to compare
between patterns ,so we used just one weights file for all patterns
,change for each trained patterns category to test it ,that give
network high criteria in compared between outputs of the network .

Choice of a random weights and basis is for all weights
between input and hidden layer ,also between the hidden and
output one chosen randomly since weights on hidden and output
layer is less effective on a network work ,than a first one .

In other hand a normalization operation is accomplished to this
random weights that were initialized in this work and for all
experiments ,which performed the random weights normalized to
values in [+ ,:.Y ],(see program of performing) ,to avoid a high
values in random values .Weights values between an input and
hidden layer are in a matrix ,since there are many neurons in input
layer and many neurons in hidden layer ,number of hidden
neurons is refers to columns number ,while number of input
neurons is refers to rows number as in form fellow ;

" This method was occurred in reference [] .
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Wiy Wi, Wi
Woy Wo, W, ;
) ( .y /\)
Wi, Wi, Wi
Wyt W2 WNiNh_

A weights values between hidden and output neurons as vector
values its rows number is a number of hidden neurons ,while the
column number is output neurons number ,but there is a single
output neuron so these values as vector ;

[Wll le ........ WjNo ]T L (i v ‘\)

where T is a vector transform .

¢V Fuzzy Wavelets Coefficients with
a Dilation and Translation Parameters

A wavelets in this work were chosen as a single scaling wavelet
that is contain a single scaling parameter and translation in all
dimensions ,since the work is with multidimensional wavelets due
to a many features of patterns and a many patterns in a category
(multidimensionality is  necessary) .A single scaling
multidimensional wavelets to construct a translated and dilated
versions of mother wavelet .

From this wavelet which dilated and translated through single
scaling ,and since a MFs work as a scaling functions ,and it work
communicate with wavelets a single scaling_ multidimensional is
implemented on it ,too, as in form(£-£) .

If a multi_scaling wavelets were used ,a wavelets would have
independent dilation and translation parameters for each
dimension .Since for the form[V];

X —m
dj

L) o (YY)

v =wl(

and m;,d; are the index of translation and dilation factors ,

respectively .
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So what happen ,multidimensional(many dimension) case from
a computational point of view to multi_scaling wavelets result in a
large complexity . Also for MFs associated to these wavelets would
effected by this multiplicity which led to complexity in a fuzzy logic
part framework and then complicate a problem more and more .

So would suppose a values for dilation and translation by trying,
with a constant values for all wavelets in NN ,with integer values by
dilation as in the form(¢-Y) with;

m = integer number |

and translation as ;

n = integer number .

so the form(£-V)(£-¢) will be;

£, =F@ (% -1) e (T g
Winn :W(Z_m (Xi _n)) cee (2 - 6)

they were chosenas m >\ ,n>" .

¢Y.8.¢  Back Propagation Algorithm

Over all process of back propagation learning including both
forward and back ward bass [Y¢] .Forward of the input training
patterns ,and a backward of the associated error and adjustment of
weights ,figure(¢-°) illustrate a flow chat of this algorithm with its
two directions .

Back propagation is used here due to its simplicity , since it
is suitable for any continuous function . A necessary weights of
a network were initialized previously in (£.Y.£.Y) ,which were
randomly, then know can began a working ,see the references
([ T<[ ) that demonstrate this traditional algorithm
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Step ) :

Given a primary values for a network training parameters which
were chosen by the NN user ,This parameters are; a learning rate
(&)is proposed at most experiments with value (&=-.) ),
momentum () is also proposed the same for all experiments with
(7=+.-+)) ,a maximum iterations to do before stopping (MAXITER)

is given a number ¢-++++ for all experiments in this work ,and a
minimum error tolerance that required for convergence(ERRTOL),
its value is change for a supposed experiment to work .

Step ¥

Submit patterns data is represented by introduce information
about entered values for each pattern in training set (which
represented in a next steps) .These data are a desired output
value for patterns categories in training set ,which were proposed
beforehand ,since we are dealing with supervised training ,that is
the desired output value is known to us (or supposed randomly) for
patterns .In implementing a suggested method on training set
through experiments a desired output values were chosen within
[+,)] .Each category has a desired output value different on other
categories ,a patterns that in same category has a same desired
output value ,each category then has a desired outputs file as a
vector of number of patterns in a category and its desired outputs
values ,which were equals (these files as vectors since there is a
single neuron in output layer) .

From other parameters information a total patterns in training
set (NumPatterns ) ,order to present patterns (PatPresOrder) , the
index of current pattern used in training (CurrPat=+ ) ,which will
increase during learning ,and begin the index of iteration number
with - .

Define a primary values for ; maximum error over a full epoch
Worst error(WrstErr) ,average error over a full epoch(AvgErr) ,mean
squared error(MSE) ,all with values=+ ,also index of epochs which
started with -+ ,and increased for more patterns.

Additionally, calculate a learning rate for current epoch updated
on primary learning rate value and depending on maximum
iteration puts to training ;

* The symbols words with lighting line such MAXITER , ERRTOL ,...etc , have been explained clearly
through the communicated program for this work .
A
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£(N+1) = &(n).L—n/N) o (YY)

N is max iteration ,
n current epoch,

and €(n)is a previous learning rate value .

This step is a beginning of forward pass side from algorithm |,
which starts at input layer .

Step I :

Submit patterns and compute a hidden layer response ,that is
load training set , training step starts here .Patterns features values
are presented and entered to input layer ,as known no action on
input layer ,but the Normalization'' ,must be accomplish on inputs
values .Input patterns values in this work are normalized to a
maximum value for patterns values in a features values vector , as
if a feature ( f;) value is a maximum value then the input x, will
normalized with respect to ;

Where (xuym(fp)) input point

(% /() SN CEAY)

for /=) ,...%;,
and p=),..., %, ,for pattern p

In other hand the normalization operation accomplished to a
random weights that initialized in previous step ,that is random
weights normalized to [+ ,-.Y].

The process is in the hidden layer on a weighted sum of inputs ,
a number of hidden neurons is determined before start learning(as
we say). Act of each hidden neuron is through multi_ dimensional
activation function'' ,since here dealing with patterns data with
many features , and continuous values .This activation function is
chosen as a sum of multi_dimensional wavelet function and
membership function .as in form (¢-°) .

" The need for such procedure ,that the data may be in text form in a disk file(this mean order patterns
to submitted into network) ,or may be in integer form but the network input array requires a real type
,also the data to be tearned (input pattern values)may be outside the allowed range of network , so the
input data must be adjusted to accommodate the needs of the network .
" the form of activation function here is part of wavelet transform (analysis ) .
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Activation function used in this work as a sum of Mexican hat
wavelet ,which is a second derivative Gaussian function as
wavelet side ,and Gaussian membership function ,since it is
satisfies a previous discussed properties ,then the form is;

) 52 v
@, =(1-x°).e 4+e s o (BYE)

where j=),..., N, is index hidden neurons,
N, nhumber of hidden neurons .

Here with ,the input value X to activation function is translated
and dilated as in form of dyadic wavelet (£-V),
Since

N;
Xi =>x .w, e (270)
i=1
N.

. Is number of input neurons ,
i I1s index of input neurons .

So the input to hidden layer is in form ;
-m
z; =[27(x —n)] (R
m,neZ
Then the outputs values for hidden layer neurons computed as;

h, =¥;(X)+®,;(x) o (BTY)

where ¥ , @ are from multi_dimensionality ,and it is computed as;

N;
\Pj(x):H'//(Zij) e (B
i=1
YA)
— ‘//(le)"//(sz)'---"//(zsj)'---"//(ZNij) (2_7"\)
Also
N;
®; () =]]o(z) ()
i=1
— @(le)'qﬂ(zzj)'---'(/7(23j)'---'§0(ZNij) (i‘
£))
so the output which expressed in equation (¢-YV),will be as ;
Ni Ni
hj =H‘//(Zij)+ H(P(Zij) s (8-EY)
i=1 i=1

AT
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— ‘//(le)"//(zzj)'---'l;”(zsj)'---'W(ZNij)
+¢(le)'¢(zzj)""'¢(23j)""'¢(ZNij) (i_i\'“)
For a chosen functions this formula will be ;

S (CRERCRSRCTN s (O T

+ei:1

~[Hleey]e 8

Note : The wy is weights values matrix between input and hidden

layer ,since input and hidden layer are with many neurons ,so
the dimensions of this matrix is N, xN, ,where N,is number of

input neurons ,while N, is number of hidden neurons

Step ¢

Outputs of the hidden layer are entered to output layer as
inputs .A received outputs (of hidden layer) of neurons h; is

multiplicated with random weights w;, between hidden and output

layer .The output response by implementing continuous function
on;

N
;=) Wy .h, . (t-£9)
j=1
k index output neurons , k=1,...,N, .

The output is
Opk :C(Zwik 'hj) BNy

p is index of patterns N, .

But we used in architecture of network just one neuron in output
layer ,thatis k=1=N,

We can implement a continuous function that in a hidden
neurons as in output neuron ,so;

Op, =(z;) + ®(zy) e (25Y)

AY
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since k=1

Note :The weights w;, in this situation is weights values vector,
not a matrix .
Note : As an other direction , we can implement , any continuous

function ,also we can use wavelet(in hidden layer neurons) or
membership function, or even sigmoid .

The ending of these steps represent ending of forward pass part
from this learning algorithm .

Step © :

Error values vector at output layer neurons for pattern p ,is
represented by vector since it is computed at one layer ,but in the
light of architecture of network ,error values here is not as vector
put it is only single element for pattern p under training .

O or 5N0:1 = (dp —Opk).(OI’Ok) e (B-EN)
Ol'Ok =¥, + O, N ELY
Step 7

Error values vector at hidden layer computed through error
values at hidden neurons ,which represented as;

NO
5j:(z5k'wjk)'h; s (8-°)
k=1
So by ;
h}= ‘{’Jf+(I)'j L. (E0))

when implement this for numbers it will be as[¥] ;
p p p p
= 0(2,) 9(2y)). e P (). (2
p p P P
b)) W) (@)W @) ey
p
where ©'(Z; ) is a wavelet derivative at Z; point value for pattern p,

p
and V/I(Zij) is a membership function derivative at Z; point value for
pattern p to hidden layer .
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Step V .

Update weights values between hidden and output layer at
epoch (n+1) depending on epoch (n) as follows [Y£][V]; Firstly
calculate a weight correction term which used to update a weights
values later ;

Awy =£(5.0,, ) oo (B-eY)
and for bias ;
Ab, =¢ .0, . (E9%)
In practice a momentum term y is frequently added to equation

as an aid to more rapid convergence in certain problem domains .
It has effect of smoothing the error surface in weights space by
filtering out high_frequence variations .

Weights are adjusted in the presence of momentum by ;

AW, (n+1)=&(5, .0, )+7Aw, (n) e (200)

AWy is a change in weights between hidden and output layer,

J, error signal at output neuron at pattern p ,

n index of epochs ,y is smoothing parameter (momentum) ,
¢ is alearning rate .

Since ;

Aw, (n+1) =w, (n+1) —w, () (£
so current weight value;

W (n+1) =w, (n) +Aw; (n+1) L (E-0Y)

The same steps are implemented for adjust bias values at output
layer ;

Ab (n+1)=¢.0, +yAb(n) . (EoN)
also since
Ab, (n+1)=b, (n+1)—b, (n) (229

then it can be written as ;
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b, (n+1) =b, (n) +Ab, (n+1) e (£

Step A

Update the weights values between hidden layer and input
layer as[Y]["];

AWU.:g.ﬁj.hj L (EDY)
and,

Aw; (n+1) =¢(0;.h;)+yAw; (n) .. (2Y)
Once again since ;

Aw; (n+1) = w; (n+1) —w; (n) . (2Y)
then :
W (n+1):Wij (n)+AWij (n+1) L (B

where j=1..N, ,and i=1.. N,

and for bias ;

Ab;(n+1)=¢.0, .. ((°)
since ;

Ab;(n+1)=b;(n+1)-b;(n) (2
then ;

b;(n+1)=b;(n)+Ab;(n+1) L (EWY)

Note : We do not adjust the translation and dilation factors as it

previously supposed in WNNs ,but it is stay fixed at training and
for all inputs values .

Step 9 :

This step is a condition step .1t is work at complete loading the
training patterns in training set .It is conditioned if the current
pattern is less than total patterns in training set ,so must back to
(Step ") to get a next training pattern and so on to other steps .

If contradiction ,that is all patterns have been loaded into the

network algorithm ,then go on to next step from algorithm .
q.
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Step 1+ :

Compute cost function in aim to minimize the usual error
measurement which is measured errors (MSE) [¥][Y £].

Mean square error (Ep) for pattern pis computed as ;

1
Ep:_Z(dp_Opk)z o (BN
245
but k=1 ,so the equation (£-19) will be;
1 2
Ep:E(dp—Opk) (29

For generalization ,this formula to all patterns in training set
N, (total number of patterns) ;

1 NP Ny
MSE:EZZ(dp_Opk)Z e (2Y)

p=l k=1

which is a sum of N, errors computed for singled patterns using
equation(¢-Y+),since k=N, =1 SO;

NP
|\/|$E=12(o|p—opk)2 k-
2p21
vYy)

In light of this measured values we could compute AvgErr,and
Worst Err values for training on a patterns categories ,(in Step 1) .

Step [/

To ending a learning steps ,it is must be examined .This end is
occurred through two dependence conditions ;

= If error is within tolerance then this situation need take
decision ,also exit error value than tolerance ,and that the

N
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current epoch is exceed on a maximum iteration is led to
take decision .

> |If epochs are still within tolerance maximum iterations the
algorithm pass will going to a Step 7 .

£.Y.£.°  Outputs Structure and Make Decision

£.Y.£.0)  Network Outputs Structure

Output of neural network is represent a response of a network
for entered patterns(values) ,that is the result of implementing
functions and network parameters on input values through possible
value for error (available error) for work of this net ,and then
outputs will be points (or elements) in outputs space available for
network .

An outputs structure in the suggested method is the essential
view led to suppose this method ,it is a novel idea in recognize
patterns through real valued in closed intervals in outputs space
which is a part of real numbers field R ,that offers a wide basis in
classify a pattern(s) to its category(s) through its actual output(s)
from network in a closed interval(s) contain all real valued that
converge to that patterns ,this real values represent the output
values for other patterns in the same category ,or may be other
patterns converge to that pattern of category .

This basis is offered by using the proposed activation function
in structure of a network as a summation of two continuous
functions a wavelet(Mexican hat) and membership function
(Gaussian MF) which with infinite support ,since choose a linear or
function with a finite ,this restrict the network through just output
values in many situations .

Choice of this MF offers a necessary factors for satisfies and
success the suggested idea .Main idea is clarified by implementing
a suggested method on pattern recognition problem led to that
actual output is real value in R,and for recognition a pattern(s) (that
the network was trained on) by determine an output for each
pattern from some category in closed real interval in outputs space
, then a range in R.For each category(in training set) there is a
closed interval in range of the network ,determine an available
values for pattern(s) in each category, these values characterize a
pattern(s) to be in this interval ,and then a category ,or not also for
pattern(s) that to be tested if it in some category depending on its
output(s) that converge to values in some closed interval .
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In traditional NNs ,the available range for network is just one
point (for each pattern)in outputs space ,this point is represent an
actual output for pattern ,and the output of a pattern(s) that wanted
to be compare with (or to exam) if it in the same category of the
first pattern ,must be at less equaled .

Since the output layer in many times contain many neurons .
The output is computed through output of these neurons ,these led
a network to be with generalization problem for define pattern(s)
not belong to the same category with patterns in training set ,that is
network generalize it's converge for some pattern into pattern(s)
not converge to it at all ,which lose accuracy of network in
recognize patterns ,or fail a network in converge to any pattern in
training set, and consequently, fail in find result for recognition
problem .

In suggested method ,the response of a network is through
actual output for entire pattern(s) in network’s range .The range is
divided into a set of closed intervals (as say represent an
outcomes of a patterns of category).actual output for some pattern
IS a one value in category interval ,which is a set of all values of
patterns for that category in training set ,since from the structure of
network there is one neuron in output layer for this purpose .

Input pattern(s) if entered to be recognized to its category its
output value(s) must at less lie within closed interval of patterns
outputs values for this category ,so pattern(s) output(s) (to be
tested ) must be in the interval(s) of category(s) in training set .A
network must find a convergence between outputs into one interval
of range ,that is able to identify a category of pattern(s) under test .

Note: When the network fail in converge to any one from these
intervals ,then it is fail in recognize that pattern(s) .

Note: The output(s) of pattern(s) must belongs to just one closed

interval for some category, and it is must not belong to two
(or more) closed intervals of categories at all.

A basic ,necessary and important thing that must heeded to it
is that when we divide the range of network into a set of real
intervals this intervals represent a decision regions ,that is a
network can make decision or response for inputs in these regions.
A values in outputs space that lie out these closed intervals (range)
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or between these intervals or out of range ,represent a non
decision regions or neutral regions on other decision regions
(intervals).

These regions are also an intervals between categories
intervals .Result of network with such situation is failed
convergence in this regions ,since there are no pattern(s) output(s)
(from training set) in it ,which mean no thing to be recognize ,there
IS no patterns of categories that these values converge to it ,but
inversely it is an error region that the network can not make or
even take decision in it .

Now ,let us explain this all mathematically and in light of
patterns outputs used in training set .The range as a set of closed
intervals N; in R ,where j is index of a;categories ,for j=/,..., N ,
M. is number of categories .

We can put it in form;
Nj= [s; ,ti] e (BYY)

S; is minimum boundary in interval N;,
t; is maximum boundary in interval N; ,
and Sj» tj e R .

So the range T will be a set of the intervals N; ,and T = R as;

T={Ny,Nvr,...,Nj,..., Nz } o (BYY)
={ [Sv,ty],[Sr,tr] yeers [Sj ,tj],..., [SWc,th]} (i_\’i)
or  T={N; }={Is;.t] } (-
Vo)
for j=1,..., N

The difference ¢ between these intervals ,which refer to the
errors between outputs for two consequent intervals are computed
as different between maximum boundary for one category and
minimum boundary for consequence category as form ;

C=Sj+r'tj (i-
\/"l)

Q¢



Chapter Four The Sugqgested Method

where j=),..., N, .

Regions between decision regions is computed as difference
between two consequent interval, using the law of difference
between interval operation ;

[sj til- [Sj-r b d=[Si- ti-r s 4 - 8500 e (BYY)

A range of category interval r ,which reflect the intervals
capacity to output(s) value(s) for pattern(s) may be within a
maximum boundary and a minimum boundary ,then for the interval

[ .ti] . as ;

r:tj-Sj (i—
\//\)

for j=1,..., N
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£.Y.£.0.Y  Make Decision

A networks that used for categorization as in [°] ,and pattern
recognition as in [YA],is need to be as a decision tool in such
applications .

The need to take decision is for satisfying (or not) a previous
conditions .

> |f error is within tolerance and the current epoch is less
than maximum iteration ,then declares success learning
which led to saving a trained weights to be fixed values
used in testing stage later .
Also save archive parameters values .

> The declaring failure learning is decision ,that is occurred
if error value is exit over than tolerance ,and the current
epoch is exceed on a maximum iteration ,that a network
Is did not converge to pattern(s) that need to be
recognized .

> While the converge is occurred if the network is able to
recognize pattern(s) submitted to it to its category .

Note : The take decision is depending on outputs space which is
part from R (real valued field) .

At testing step the making decision is difference .The patterns
output values compared with the determined closed interval values
of any category(to work on at training set) .

# If the pattern output is with in the interval(for some
category) ,the declaration here is as : This pattern is
within that category (for example in second category).

a1



Chapter Four The Sugqgested Method

# If it do not the declaration as :This pattern is not in this
category ,try an other category interval .

7 If the pattern output do not belong to any one from

previous interval, the decoration is same for a previous
decoration at any category interval worked on .
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°. 1 Fourth Experiment :

A fourth experiment idea is proposed after showing the effective
of increasing in number of hidden neurons in a network structure at
a second experiment ,and increasing the number of patterns in
each category from a training set at a third experiment. In both ,the
aim was to decrease error value computed through training . So
number of hidden neurons increased from € neurons INt0 A neurons
,which is a same used in second experiment . Also increasing
number of patterns in each category at training set to v patterns
for each category .So number of patterns in a training set at the
fourth experiment be 7 patterns .These patterns (as said
before)were extracted in a same way ,and features also were
extracted in a same file for a category (in a third experiment) .

Desired output values for each category patterns outputs are
same for other experiments ,so no needed to recall it here again .
The inputs (as in a previous experiments) were normalized to
enter a network .Once again ,same steps would accomplish on
inputs and then outputs values such in a first experiment, which
means more computational operations .

Output values would be ordered increasingly (that we depend it
on) to determine a boundaries of a closed interval of outputs
values for each category in the light of output values for training
patterns .Then compute a range (which reflect a capacity of each
closed interval) for each category to be with knowledge how much
can this interval convergence output value(s) to a standard output
value (actual output for each pattern) for that category .The
ranges(scopes) of error regions were also computed ,and
compared with others in a previous experiments .

Aim of this experiment is associate the aims from a second and
third experiments .In generally It is aim to decreasing errors values
that computed at training on each category . Also try to eliminate
ranges(capacities) of error regions between the decision regions
(closed intervals) ,that positively reflected on an efficiency of a
suggested method that generally improve the work and then
implementing in more complex applications .

Before clarify a gotten results for training ,firstly will show the
table values that proposed for a training parameters and other
essential structure parameters in a network for this experiment .
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A training parameters which are; a learning rate is proposed at
«. )it will be modified during learning ,momentum value is equal to
«.++ ). Also the training is under maximum number of iterations for
work at e

| Learning rate [
| Momentum [ o]
| Max. iterations e

| Translation (I
| Dilation ]

Available error eeeeV

| Hidden neurons 4
| Number of patterns in category | |

Table (5-6):Proposed training parameters values at fourth experiment

First Category :

Results of training on this category were illustrate in figure
(°-¥V) ,which clarify the changing in error value over an iterations
number within a proposed limited number for iterations .

Mean square error value is equal to +. 74 which a maximum
error value during training ,and is a largest error can a network
reaches at this experiment ,after ¢¢.r iterations through 7r9
epochs , also it a maximum number of epochs and iterations for
training a network on all categories in a depended training set at
this experiment .

Worst error value over a full epochs is equal to +. 792 which
is a worst error value that a network reaches during a training on
all categories at this experiment ,and the average error value over
a full epochs is equal to -.--2r4 which is also a largest average
error value from error values through training on all categories at
the fourth experiment .

Learning rate is traditionally updated through training ,and its
value after end the training is «.+ 7+ 97 ,which a minimum rate for
learning through training on this category at this experiment .
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-0.04
-0.035
-0.03
-0.025

error
l -0.
values

@ ‘ +0.015

-0.01
-0.005

3300 2200 1100 0

iterations number

Figure (°-):Changing error values over iterations number for a first category
at the fourth experiment

Output values for each pattern in this category under training
are;
Output[V]= o e AT
0utput[’]= e e )IVA
output[r]= o e ) YEY
output[T]= .+ ££90
output[£]= . ¢ Voo
output[C]=+.+ £+ 17
output[7]= e e JT79Y

This order for patterns output values is same for a third
experiment output for first category ,which appears here as a
patterns ordered in this category after adding the seventh pattern.
Also note the outputs values changed for patterns than a first
experiment .

Standard output value is;
output[1]=+.+ 1 IVA

which traditionally ,different from that values in previous
experiment .

After reordering output values ,under a depended order in this
work ,which is the increasing order will be;
output["]= e e ) YEY
0utput[’]= e e 1IVA
output[£]=+, ¢+ Voo
output[7]= e e J79Y
output[V]= o e AT
output[C]=+.+ £+ 17
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output[F]= .+ ££90
Differences values for patterns outputs values around a
standard output value through depended order be;
v e VIO
v el Ty
e IV)E
SRRV Y-1x
oY EA
o rYo)v
The real closed interval for a first category ,at this experiment
,that determined by a patterns outputs values for this category ;
[ o) TR o o ££40]

which is -as said- a decision region for pattern(s) recognition in first
category at this experiment (if used) ,through it a network can
recognize a pattern(s) if it in a patterns of this category or not .

The range of this closed interval for a first category is «.«rrer
which is larger than that one in previous experiments .

When a testing step performed through a testing set that also
contained a fuzzy versions for a standard figure for this category,
the network was able to recognize )9 patterns from a set of Y-
patterns for this category within a determined training interval.

Second (Category

Results of training on this category were illustrate in figure (°-YA)
,.which clarify the changing in error value over an iterations number
within a proposed limited number of iterations .

A mean square error value is equal to +.+++22 , which is less
than an available proposed error value through training on this
category after V-« iterations through '+ epochs .Worst error value
over a full epochs is equal to .« "¢ and the average error value

over a full epochs is equal to .+« ¢Y7 . Learning rate after update is
v AAVE

r0.035

+0.03

+0.025

t0.02 error
}0.015 values
+0.01

+0.005

J0]

(5] 7

600 500 400 300 200 100 O

VAWV AV

iterations number
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Figure (- "4):Changing error values over iterations number for a second category
at the fourth experiment

Output values for each pattern in this category under training;
Output[V]='. 191r49
output[)]=+. 149019
output[r]= e 1arre
0utput[’7= e IATTY
output[£]=+. T+ 99V
output[°]=+.1997¢
output[T]=+. 1AV 1

This order for patterns output values is appear here as a
patterns ordered in this category after adding the seventh pattern .
Also note outputs values changed for patterns than a first
experiment ,once again changing a standard output value at this
experiment .

Standard output value is;

output[1]=+. 14901
After reordering output values ,under a depended order in this
work will be;
output[T]=+. 1AV 1
0utput[’7='. IATTY
output[1]=+. 14721
output[V]=+.191 71
output[V]=+. 191V
output[°]=+.1997¢
output[£]=+. Y+ 99F

Differences values for patterns outputs values around a
standard output value through previous order be;
¢ e Tor
¢ e Y‘i .
e v )V
R o =
v o) ee0
oo Yorr

The real closed interval for a second category ,at a fourth
experiment ,that it determined by a patterns outputs values for this
category ,and after restrict the limits of a values ,will be;

[ IAF T o reddn
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which is a decision region for pattern(s) recognition for a second
category at this experiment (if used) ,through it a network can
recognize a pattern(s) if it in a patterns of this category or not .

The range of this closed interval for a second category is
.« 7747 that is different from a previous values .

When a testing step performed through a testing set that also
contained a fuzzy versions for a standard figure for this category,
the network was able to recognize )° patterns from a set of Y-
patterns for this category within a determined training interval.

Third Category

Results of training on this category were illustrate in figure (°-
¥4) ,which clarify the changing in error value over an iterations
number within a proposed limited number for iterations .

Mean square error value is equal to .+ 77 is less than an
available proposed error value ,and it is a least error value for
training on all categories ,that gotten on after 7! iterations through
' epochs ,this number of epochs and iterations is a minimum
number through training on all categories in a depended training
set at this experiment .Worst error value over a full epochs is equal
to -.-7794 which is a least worst error value for training on all
categories ,that is the error be less at this category training, and
the average error value over a full epochs is equal to ¢.«« 4o |

Learning rate value after updating through training is equal to
.+ 799v \which a largest updated value during the training at this
category at fourth experiment ,that means a proposed value for
training is suitable for this category to learning on .

r0.03
+0.025
+0.02

1
@ 1 0.015 error

values
+0.01

+0.005

90 75 60 45 30 15 O

iterations number

Figure (- 9):Changing error values over iterations number for a third category
at the fourth experiment

Output values for each pattern in this category under training;
Output[’]: ., FVioA
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output[V]=+. FVAAS
output[V]=+. YVAT
output[f]= o YVIr9
output[°]=+. YVV+ !
0utput[7]= e YV
This order for patterns output values appears here as a patterns
ordered in this category after adding the seventh pattern (that were
talking on beforehand).
Standard output value is;
output[1]=+. YV 1A

After reordering output values ,under a depended order in this
work ,which is the increasing order will be;
output[V]= o VIAVY
output[1]=+. YV10A
output[7]= R AEED
output[C]=+.TVV+)
output[T]=+. YVAT
output[V]=+. YVAA®
output[f]= o YVIr9

Differences values for patterns outputs values around a

standard output value through depended order be;
o VAT

C et
N
v e )f0
S 444
42

The real closed interval for a third category ,at a fourth
experiment ,that it determined by a patterns outputs values for this
category ,and after restrict limits of values will be;

[ YTAYY o Yvird]

which is a decision region for pattern(s) recognition for a third
category at this experiment (if used) ,through it a network can
recognize a pattern(s) if it in a patterns of this category or not .

The range of this closed interval for a third category is «.++eV
that different from a previous values .

When a testing step performed through a testing set that also
contained a fuzzy versions for a standard figure for this category,

YV
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the network was able to recognize Y patterns from a set of Y-
patterns for this category within a determined training interval.

Fourth Category

Results of training on this category were illustrate in figure (°-
¢+) ,which clarify changing in error value over an iterations number
within a proposed limited number for iterations .

Mean square error value is equal to -. -+« £7 after "¢ Fiterations
through <79 epochs .

Worst error value over a full epochs is equal to .7+ ¢r, and
the average error value over a full epochs is equal to -, ¢r¢.

Learning rate after update through training is . 7977,

0.035

| y0.03

0.025

0.02 error
0.015 values
@ 0.01

0.005

0

—

300 250 200 150 100 50 O

iterations number

Figure (- ¢+):Changing error values over iterations number for a fourth category
at the fourth experiment

Output values for each pattern in this category under training
are;
output[V]=+. T+ V&
output[’]= VIV
output[r]=  TIANY
output["]= T AV
output[£]=+. TV V9
output[®]=+.T1T1YVN
output[T]=+. TV £

This order for patterns output values is appear here as a
patterns ordered in this category after adding the seventh pattern .
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Also note outputs values changed for patterns than first experiment
,once again changing a standard output value at this experiment .

Standard output value is;
Output[’]: ., ”" V.

After reordering output values ,under a depended order in this
work ,which is the increasing order will be;
output[V]=+.T+VE
output[®]=+. 71TV
0utput[7]= A
output[r]= TIAYY
0utput[’“]= o JVaVY
output[T]=+. TV £
output[£]=+. TV V1

Differences values for patterns outputs values around a

standard output value through a depended order be;
LA 4 7”00

C e EY
e ) EY
0.00"07
S
cee£e9

The real closed interval for a fourth category at fourth
experiment ,that it determined by a patterns outputs values for this
category ,and after restrict the limits of a values ,will be;

[«.FeVEe o FYev

,which is a decision region for pattern(s) recognition for a fourth
category at this experiment (if used) ,through it a network can
recognize a pattern(s) if it in a patterns of this category or not .

The range of this closed interval for the fourth category is
«. 11719 that is different from a previous values .

When a testing step performed through a testing set that also
contained a fuzzy versions for a standard figure for this category,
the network was able to recognize ‘¢ patterns from a set of Y-
patterns for this category within a determined training interval.

Fifth Category

YYY
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Results of training on this category were illustrate in figure (°-
¢Y) ,which clarify the changing in error value over an iterations
number within a proposed limited number for iterations .

Mean square error value is equal to -.-+ -7, that is gotten on
after A7 iterations through ''Y epochs .

Worst error value over a full epochs is equal to +.«¥4'4 and the
average error value over a full epochs is equalto «.««¢«¥,

Learning rate after update through training is «.« 7474,

0.03
L0.025
N.0.02
N 0.015 |
IE' \_0.01 values
™N.0.005
)
800 600 400 200 0

error

iterations number

Figure (°-£7):Changing error values over iterations number for a fifth category
at the fourth experiment

Output values for each pattern in this category under training ;
Output[V = £T)Y7
0utput[’]= L ETANY
output[T]=+.£V1 10
output[T]=+. £V
output[z’]z 0 5719V
output[®]=+ EATON
0utput[7]= e EVTTA

This order for patterns output values is appear here after
adding the seventh pattern .
Standard output value is;
0utput[’]= L ETANY
it traditionally ,different from that values in previous experiment .

After reordering output values ,under a depended order in this
work ,which is the increasing order will be;
output[V]= o ETIYY
Output[’]= o ETANY
output[f]= o ET9V9
output[V]=+. £V )@
0utput[7]= e EVTTA

VY



Chapter Five The Experiments

output[V]=+. V&)
output[°]=+. iATOT

Differences values for patterns outputs values around a

standard output value by depending order be;
¢ 00 7/‘V

R E
S 0 ¢
e e éV0
e ve0qy
o v10f.

The real closed interval for a fifth category, at fourth experiment
that it determined by a patterns outputs values for this category
,and after restrict the limits of a values ,will be;

[ €777 o £A1ON]

which is decision region for pattern(s) recognition for a fifth
category at this experiment ,through it a network can recognize a
pattern(s) if it in a patterns of this category or not .

The range of this closed interval for the fifth category is «.«¥rry
that is different from a previous values .

When a testing step performed through a testing set that also
contained a fuzzy versions for a standard figure for this category,
the network was able to recognize YA patterns from a set of Y-
patterns for this category within a determined training interval.

Sixth Category

Results of training on this category were illustrate in figure (°-
¢Y) ,which clarify the changing in error value over an iterations
number within a proposed limited number for iterations .

Mean square error value is equal to -. -V, that is gotten on
after 417 iterations through 'Y epochs .Worst error value over a
full epochs is equal to .+ VIV and average error value over a full
epochs is equalto «.«-r9) .

Learning rate after update through training is «. < 9474 |
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Figure (- ¢ 1):Changing error values over iterations number for a sixth category at
the fourth experiment

Output values for each pattern in this category under training are;
output[V]=+. T+ AVT
0utput[’]= L TYEAY
output[F]=+.TTVI®
output[T]=+. TYAVT
output[£]=+. 1YYV
output[®]=+. TVTA9
output[T]=+. 1Yo

This order for patterns output values is same for a third
experiment output for sixth category .which appear here as a
patterns ordered in this category after adding the seventh pattern.
Also note the outputs values changed for patterns than a first
experiment ,once again changing a standard output value at this
experiment .

Standard output value is;

0utput[’]= o TYEAY

After reordering output values ,under depending order in this
work ,which is the increasing order will be;
output[V]=+. T+ AV
output[£]=+. TV eV
output[T]=+.TYFre
output[®]=+. TYFAT
output[ V=2, TYEAY
output[V]=+. 1YV
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Output[’wjz .. TYAVY

Differences values for patterns outputs values around a

standard output value by depending order be;
¢ ’ 7 ¢ V

el PYT
(e 10N
(e s
o_ufof
el rar

The real closed interval for a sixth category ,at a fourth
experiment ,that it determined by a patterns outputs values for this
category ,and after restrict the limits of a values ,will be;

[ TeAVT o TYAVT]

which is a decision region for pattern(s) recognition for a sixth
category at this experiment,through it a network can (some what)
recognize a pattern(s) if it in a patterns of this category or not .

The range of this closed interval for sixth category is «.« Y+«
that is different from a previous values .

When a testing step performed through a testing set that also
contained a fuzzy versions for a standard figure for this category,
the network was able to recognize )\ patterns from a set of Y-
patterns for this category within a determined training interval.

Seventh (Category

Results of training on this category were illustrate in figure (°-
£Y) ,which clarify changing in error value over an iterations number
within a proposed limited number for iterations .

Mean square error value is equal to +. -+ 7, that is gotten on
after 497 iterations through 'r4 epochs .Worst error value over a
full epochs is equal to .+ YArr and average error value over a full
epochsisequalto «. ««&+1 .

Learning rate after update through training is -. - 9v9e .
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Figure (4 £7):Changing error values over iterations number for a seventh category at
the fourth experiment

Output values for each pattern in this category under training;
output[V]=+.V+oV+
0utput[’]= o VVEYE
output[V]=+. VT
0utput[’“]= VY
output[f]= e VrE))
output[®]=+.V¥T119
output[T]=+. VYT

This order for patterns output values is appear here as a
patterns ordered in this category after adding the seventh pattern.
Also note the outputs values changed for patterns than a first
experiment ,once again changing a standard output value .

Standard output value is;

0utput[’]= e VVEYE

After reordering output values ,under a depended order in this
work ,which the increasing order will be;
output[V]=+. VoV
output[]=+. V1 £V ¢
output[T]=+.VYITe
output[®]=+. VY1719
0utput["]= o VYrss
output[r]= e VY9
output[f]= e VYEY)

Differences values for patterns outputs values around a

standard output value through depending order be;
¢ e ‘70 f
ERVEE
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e v e AEO
IEER AR
o, 0977
o e JAY

The real closed interval for a seventh category ,at a fourth
experiment ,that it determined by a patterns outputs values for this
category ,and after restrict the limits of a values ,will be;

[0. V'0r0) e VYE) ’]

which is a decision region for pattern(s) recognition for a seventh
category at this experiment ,through it a network can (some what)
recognize a pattern(s) if it in a patterns of this category or not .

The range of this closed interval for the seventh category is
..+ 1A%} that is different from a previous values .

When a testing step performed through a testing set that also
contained a fuzzy versions for a standard figure for this category,
the network was able to recognize 1 patterns from a set of ¥+ patterns
for this category within a determined training interval.

Eighth Category

Results of training on this category were illustrate in figure (¢-£¢)
,which clarify the changing in error value over an iterations number
within a proposed limited number for iterations .

A mean square error value is equal to .+ 7 that is gotten on
after ) 7v¢ iterations through " Y epochs .Worst error value over a
full epochs is equal to .+ "2Y and average error value over a full
epochsis equalto «. <24,

Learning rate after update through training is «.«9-2.
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Figure (- ££):Changing error values over iterations number for the eighth category
at the fourth experiment

Output values for each pattern in this category under training are;
output[V]=+. 91+ £
0utput[’]='. 97v))
output["]= o TTAVT
Output["]= o TTVA
output[f]= o qIVE.
output[°]=+. 1TI0A
output[T]=+.97£01

This order for patterns output values is appear here as a
patterns ordered in this category after adding the seventh pattern

Standard output value is;

output[’]=‘. 97y

After reordering output values ,under a depended order in this;
output[V]=+. 91+ £
output[®]=+. 1TI0A
output[T]=+.91£01
output[1]=+.971Y1)
Output[f =+ 97V%.
output[T]=+. TTVA
output[r]= e TIAVY
Differences values for patterns outputs values around a
standard output value through depended order be;
e FTey
¢ e ror
e e YOO
L
e oee o9
(e 1 TA

YvA4
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The real closed interval for a sixth category ,at a fourth
experiment ,that it determined by a patterns outputs values for this
category ,and after restrict the limits of a values ,will be;

[«.96008 « 9749

which is a decision region for pattern(s) recognition for a eighth
category at this experiment ,through it a network can recognize a
pattern(s) , if it in a patterns of this category or not .

The range of this closed interval for the eighth category is
..« YYYe that is traditionally different from a previous values .

When a testing step performed through a testing set that also
contained a fuzzy versions for a standard figure for this category,
the network was able to recognize ¢ patterns from a set of ¥+ patterns
for this category within a determined training interval.

Discussion of the Fourth Experiment :

The intervals of a training set categories at a fourth experiment
are ;

First category: [0 VVEY o vE840]
Second category: [+ VAT T 4 Y4q4Y ]
Third category: [ *.YTAVY « YVaY4a]
Fourth category: [ +.T+Vé+ + YYVA]
Fifth category: [ +.€1VY1 ¢ EAYOY ]
Sixth category: [ 1oAYV YAV
Seventh category: [ +.V:0Y+ 2 YY) ]
Eighth category: [ +.3€)+ €« ATAVA]

By compute ranges of closed intervals for the eights categories
as difference between maximum boundary and minimum boundary
for each closed interval ordinary as follows ;

. e FrOoY
e e VIAT
e e )0y
o) rr
e rrYy
e oY

NSVEE

YA
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o rVVD

Not that a least range is for third category interval (which is also
least range at third experiment) at it equal to -.«':2Y While
largest range is at first category interval (which is largest one in
first experiment) that has big capacity for outputs values(actual
outputs) for patterns in this category equal to «.-rrer .

Note :

1.0utputs values for patterns(actual outputs) do not belong to
two(or more) categories interval in the same time at a fourth
experiment also .

r'The outputs values at categories intervals(for actual output
values of patterns)are ordered increasingly,this may because
choice of desired outputs values with increasing order ,then it
appear as sequential intervals in numbers line(if it is ordered),
this sequence began with first category interval and then the
second interval and the third and the fourth ,and so on until end
of all eights categories intervals .

r.In addition to regions between these closed intervals of the
categories ,there are regions out over the maximum value for
all intervals(a maximum boundary of the eighth category interval
in this experiment) ,and a less than a minimum value for all
intervals categories(minimum boundary of a first category
interval in this experiment).

It are also an error regions but it be larger ,since it expended
to infinity with the two directions ,a minus and plus infinity ,to
—~oo and « ,respectively .

Differences regions between these intervals which a parts of
error regions determined between each two successive intervals .
Ranges that lies between these intervals are error regions
computed at each two successive intervals as difference between
maximum boundary for first one with minimum boundary of second

one ordinary as follows :
L IPALY
o e OAN .
e TADY
P VEEY
P Irory

C V1SS
P YITar
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A least difference range occurred between third and fourth
category this also reflect that error region between these two
categories intervals is small equal to -.:r4)), while the largest
difference is between seventh and eighth category and it equal to
. 71797 which also a largest range for error regions in third
experiment .

The resultant of testing through this experiment, was at
recognize ‘++ patterns for all categories from the number of
patterns )1« patterns that were used .

Note the improving in performance at this experiment through
increasing number of patterens that were recognized .

YAY



Categories || Epoch | It.No. MSR Average err. || Worsterr. || Eta. updated Min. boundary Max. boundary Range
ﬁcategory Tre T R N3 e FTd0 e Tedy eI rEr e ££40 erroy

" category oo Voo i eee00 NYTZ e Prrs X7 AP o reqqy L PIAT
ﬁcategory g 9 e T e oo PAS e PT9A e d49y L PTAYY e rvard ety
ﬁ‘category £9 rer REYE Y] e PeEr e 04974 7T NIRZ eI rre
ﬁcategory 11y A1d eeetd Y2 e PAIA e dATA LETIPT . EAFOr e rrry
ﬁcategory 1y A1d ey NI e rYrY e dATA NEVIZ LTPAYVTY R
ﬁcategory 1 1A AT EEEE L PRI o e AT e, e 9Vi0 Voot IR2ZAR! e e IA9Y
ﬁcategory FAY 19v¢ AR o e e Fooy e ede0. R A R L IAYVe e e fYye

Table(5-7): Conclusions values for the eight categories from the fourth experiment
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0.017d4E 0.0dd48l 0.1ZZ0d 0.20FRT O.JEEZTI0.2TRIFR O.:O740 022078 0.48178 0.d4ZZRZ O.HA0ZTHA D.AIZTH Oros3n 0.73d411 0.Bd10d O.REAZTRH
a8 o
—DF i - i I:.j-:-_h ‘-ﬂh i kL i -HE IE i D'E- i i i
CAYANY COOAAY L YANY CAEagY CAvYeyy CavhEE CYyiay

Figure(5-45): Decision Line for the fourth experiment
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Categories First Second Third Fourth
experiment experiment experiment experiment
St o TEY) e Frey e FEYV. e rrer
ynd 1AV e rife e IAYY e PIAT
ra TV NN Z24 Nz ooy
A T e ETF D REIZL
an LY o 01000 Ao e rrry
™ e VEs BT e 1A I
yn eeedsr NRETR T BERVXE
AN Y et e rrve e rYye

Table(5-8): Conclusions ranges values for the eight categories
at the first fourth experiment

— st
—2nd
e 3rd

4th

Il

T
o
o
S
S
®

error values

Figure(5-46) Error distribution curve at the first fourth experiments
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oY Fifth Experiment :

After sawing performance of a suggested method on images
that were occurred in training set drawn with only white and black
line (drawn in black line over white background)which some what
simple .It be a main challenge for suggested method to be
performed on colored images for the same patterns in training set .

So the initialized idea of this experiment is ; perform a
suggested method on a same patterns in previous experiments but
by colored lines on white background for each image ,different
colors were used for different images in same category .

Images data which are a features that extracted in same way
for images in previous experiments ,also these data are
normalized ,and feed to network .The parameters that proposed for
work must be known, and desired output values were also
proposed same for that one at previous experiments.

In this experiment parameters values were proposed in way to
match the change in images data ,so value of learning rate is
supposed different than previous .Also an available error value will
change or in more details it increased to assimilate the changes in
data values .Do not forget that the structure of a network is the
same for one in first experiment(original structure) for all categories
(from number of layers ,and number of neurons in these layers).

The aim from this experiment in chiefly ,to prove that the work
efficiency is independent on colors ,that same figure or its versions
, Which is good property can added to work of a proposed network
for suggested method .Parameters values that we talked on are
illustrate in table(e-Y+)

| Learning rate I

]

| Momentum I
| Max. iterations [z

| Translation [ |
| Dilation [r |

Available error v e

| Hidden neurons [ |
| Number of patterns in category | |

Table (5-9):Proposed training parameters values at fifth experiment

Note : Patterns order is the same one used in first experiment.
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First Category

This experiment is done on a first category through take a
patterns in a first category in training set and each figure taken with
color different on all other figures in the category ,for example the
first figure drawn by red line ,a second with yellow ,and third with
green ,...,s0 on .Parameters values for training on this category
are same for other categories as in table(¢-)+) .

The Results:

Result of training a network on a first category after the
discussed changes in colors is illustrated in figure(e-¢v) for
changing error over an iterations number during the training .

0.05
0.04 3
~ lomz
\:‘ / 0.02 ;
_// 0.01 5

T T T T T O

2600 2080 1560 1040 520 0

iterations number

Figure (- £Y):Changing error values over iterations number for the first category
at the fifth experiment

Mean square error value is ~-.-++97 which is largest value
gotten for error through training than all other categories ,the
training is completed after r7!7 iterations ,through ¢77 epochs
these numbers are a maximum through training on all categories .

A worst error value over this number of epochsis -« -¢¢.7 and
the average error value is equal to -.«+¥Y"" which is a largest
average for errors for training on all other categories at this
experiment, a learning rate is updated through training than
a proposed one to be equal to +.*YAA. | this is a least updated
value for learning rate through training

Output results of patterns in this category at this experiment ;
output[1]=+.+££90
output[V]=+.« T+ 1A
output[T]=+.+ £V
output[£]=¢. + £&+ T
output[C]=+. « £YWY
output[T]=+. + X971

YAY
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Standard output value is ;
output[]=+.+££90

After reordering output values ,under the depended order;
output[V]=+. T+ 1A
output[T]=+. + £X91
output[£]=+. « £& T
output[']=+.+ ££90
output[®]=+. « £YWY
output[T]=+. £V

The differences values for patterns outputs values around a
standard output value through this order be;
P VEVY
veeadd
v a9y
v YVY
v gy

Depending on reordering a patterns output values for this
category with the general used manner for ordering in this work as
increasingly, to determine a closed interval for this category at this
experiment ;

[ oF 1A o o £90Y]

The range of this interval for output values that converge
graphically to a figures in this experiment is equal to «.« 1959 |

When a testing step performed through a testing set that also
contained a fuzzy versions for a standard figure for this category,
the network was able to recognize 'Y patterns from a set of Y-

patterns ,for this category within a determined training interval.

Second Category

The experiment done on a second category through take a
patterns in a second category in training set and each figure taken
with color different on all other figures in the category with similar
way for a first category but somewhat different in colors .

The Results:

Result of training a network on a second category after the
discussed changes in colors is illustrate in figure(°-¢A) for changing
error over an iterations number during the training .

YAA



Chapter Five The Experiments

0.008
0.006
[—] 0.004
0.002

T T T T T T O
60 50 40 30 20 10 O

iterations number

error values

Figure (°- £4):Changing error values over iterations number for a second category
at the fifth experiment

Mean square error value is «.++++! which is a smallest value
gotten for error through training on all the other categories ,the
training is completed after 77iterations through '’ epochs , these
numbers are less than all other categories .

Worst error value is equal to «.++ 7+ 9 ,and average error value
is «.-+’+) which are a least worst and average for errors at
training than all rest categories at this experiment, this because a
small value for error over small number of epochs .

Learning rate is updated through training to be at value .+ 7994,
which is a largest value for learning rate through training, that
means the chosen value is suitable for this category .

Output results of patterns in this category at this experiment are;
output[!]=+.1£1A
output[V]=+.1££+ 1
output[T]=+. 1+ TN
output[£]=+.10££19
output[C]=+.1£&&
output[7]= e VEV9E

Standard output value is ;
output[1]=+. 1014

After reordering output values ,under the depended order;
output[F]=+. 1+ TV
Output[7]= o VEVE
output[V]=+.1£&+ T
output[®]=+. 1 £££
output[1]=+. 1014

YAQ
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output[£]=+.10££1

The differences values for patterns outputs values around a
standard output value through this order be;
e «YAVo
v VY
+ w0 )Yo
VYA
LR
Depending on reordering a patterns output values for this
category increasingly to determine a closed interval for this
category at this experiment;
[.)e7£r o 10££1]

The range of this interval for output values converge graphically
to a figures in this experiment is equal to +. A7 .

When a testing step performed through a testing set that also
contained a fuzzy versions for a standard figure for this category,
the network was able to recognize )° patterns from a set of Y-
patterns for this category within a determined training interval.

Third Category :

The experiment done on a third category through take a
patterns in a third category in training set and each figure taken
with color different on all other figures in the category with similar
way for a first category but somewhat different in colors .

The Results:

Result of training a network on third category after the
discussed changes in colors is illustrated in figure(e-¢d) for
changing error over iterations number during the training .

0.05
0.04 3§
~ 003 =
— // 0.02 =
001 3
‘ ‘ ‘ ‘ ‘ 0

700 560 420 280 140 0

iterations number
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Figure (- ¢ 9):Changing error values over iterations number for the third category
at the fifth experiment

Mean square error value is .+ <A’ ¢ that through training , the
training is completed after 79 iterations ,through ’’¢epochs .

A worst error value over all epochsis -.«¢-r2 and the average
error value over a full epochs is «. -+ 7YY Learning rate is updated
through training than a proposed one to be equal to ..« 947¢ |

Output results patterns in this category in this experiment are ;
0utput[’]= e VIV E
output[F]=+.T101 .
output[T]=+. V1770
output[£]=+. Ve ££1
output[C]=+.T+ 177
output[T[=+.T 1+

Standard output value is ;
output[’]='. Yrv)é

After reordering output values ,under the depended order;
output[£]=+. Ve E£T
output[®]=+. Y+ 171
output[T]=+. Y1 ¢+
output[F]=+.T10)
output[T]=+. Y1770
output[1]=+.Y1V1 £

Differences values for patterns outputs values around a
standard output value through this order be;
e IYYY
L . . \ . 2/\
NAAR:
e Yad
Vv g4
Depending on reordering a patterns output values for this
category with the general used manner for ordering in this work as
increasingly to determine a closed interval for this category at this
experiment :
[.Fessr « F1VI4]

The range of this interval for output values converge graphically
to a figures in this experiment is equalto .« 1Y)

Note .The standard output is a largest value than all other colored
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versions ,it as maximum boundary for a closed interval for
this category .

When a testing step performed through a testing set that also
contained a fuzzy versions for a standard figure for this category,
the network was able to recognize 'Y patterns from a set of Y-
patterns ,for this category within a determined training interval.

Fourth Category :

The experiment done on a fourth category through take a
patterns in a fourth category in training set and each figure taken
with color different on all other figures in the category with similar
way for a previous categories but somewhat different in colors .

The Results:

Result of training a network on fourth category after the
discussed changes in colors is illustrated in figure(¢-°+ ) for
changing error over an iterations number during the training .

0.05
0.04

- 0.03
/ 0.02

0.01

error values

QO O O O O LK O
AT S RSP

iterations number

Figure (- ¢+):Changing error values over iterations number for a fourth category
at the fifth experiment

The mean square error value is -. -+« +Ye that through training,
the training is completed after '« ¥7 iterations ,through 'Y!epochs

A worst error value over all epochs is «.« 47+ and the average
error value over a full epochs is -.++7¢4 Learning rate is updated
through training than a proposed one to be equal to «. 7757 |

Output results patterns in this category in this experiment are
as;

output[’]= T VE
output[V]=+.TTToA
output[T]=+.FT1IA

Y4y
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output[£]=+. T+ 9
Output["]: ., 1’“7”"77
output[T]=+.T11eV

Standard output value is ;

After reordering output values ,under the depended order;
output[T]=+.T110VY
output[®]=+.TYr11
output[£]=+. 7T+ 14
Output[ =TT Ve
output[V]=+.TT'IroA
0utput[’“]= o TTTA

Differences values for patterns outputs values around a

standard output value through this order be;
[ Y . \ \/

VoA A
v veato
NRVY:
NN

Depending on reordering a patterns output values with the
general used manner for ordering in this work as increasingly, to
determine a closed interval for this category at this experiment;

[.F)10Y, o FITIA

The range of this interval for output values converge graphically
to a figures in this experiment is equal to +.- 77! .

When a testing step performed through a testing set that also
contained a fuzzy versions for a standard figure for this category,
the network was able to recognize )° patterns from a set of Y-
patterns for this category within a determined training interval.

Fifth Category :

This experiment was done on a fifth category through take a
patterns in a fifth category in training set and each figure taken with
color different on all other figures in the category with similar way
for a previous categories but somewhat different in colors .

The Results:

Y4y



Chapter Five The Experiments

Result of training a network on fifth category after the
discussed changes in colors is illustrated in figure(e-¢)) for
changing error over an iterations number during the training .
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error value
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Figure (°-2/):Changing error values over iterations number for a fifth category
at the fifth experiment

The mean square error value is .-+« 77that through training
the training is completed after '+ ¢ iterations ,through ' 77epochs

A worst error value over all epochs is -.«77¢+ and the average
error value over a full epochs is -.++7+7 Learning rate is updated
through training than a proposed one to be equalto .- 97¢V .

Output results patterns in this category in this experiment are ;

output[]=+ £770Y
output[T]=+ EVYTY
output[TJ=+. £VVV)
output[£]=+ EAI VA
output[C]=+.EAA )
output[T]=+. £T£TY

Standard output value is ;
output[’]: o £T70Y

After reordering output values ,under the depended order;
0utput[7]= o ETETY
output[']=+. £T70Y
Output[r = EYVTY
0utput["]= o EVYVY)
Output[f]= e EAVVA
output[C]=+. AN )
Differences values for patterns outputs values around a

standard output value through this order be;
LR Y v .

Y4¢
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SRR
SRR
c Yoy
v oYY £4

Depending on reordering a patterns output values increasingly,
to determine a closed interval for this category at this experiment
[« ETEXY o £AA]

The range of this interval for output values converge graphically
to a figures in this experiment is equal to «.« ™V .

When a testing step performed through a testing set that also
contained a fuzzy versions for a standard figure for this category,
the network was able to recognize Y9 patterns from a testing set with
Y+ patterns, for this category that within a determined training
interval.

Sixth Category :

This experiment done on the sixth category through take a
patterns in a sixth category in training set and each figure taken
with color different on all other figures in category with similar way
for a previous categories but somewhat different in colors .

The Results:

Result of training a network on sixth category after the
discussed changes in colors is illustrated in figure(e-°Y ) for
changing error over an iterations number during the training .

0.04
// 0.03 3
©
[—] 002 >
/ 0.01 %

0

924 770 616 462 308 154 O

iterations number

Figure (-2 1):Changing error values over iterations number for a sixth category
at the fifth experiment

Mean square error value is -.+ -+ 7Y that through training ,the
training is completed after 7Y ¢ iterations ,through '¢¢epochs .
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A worst error value over all epochs is . -r°¢¢ and average
error value over a full epochs is «.-+27+ Learning rate is updated
through training than a proposed one to be equalto .- 9V- 7,

Output results patterns in this category in this experiment are ;
output[]=+. 799V
output[V]=+. 17017
output[T]=+. 11 Vo0
output[£]=+.T) YAZ
output[C]=+.TV+ V)
output[T]=+.710117

Standard output value is ;
output[1]=+. T+ 99V

After reordering output values ,under the depended order;
output[1]=+. T+ 99V
output[f]= o TITAS
output[T]=+.710F7
output[T]=+. 11 Vo0
output[®]=+. TV V!
output[T]=+. 11017

Differences values for patterns outputs values around a

standard output value through this order be;
L] YAY

IERN-AR!
N YoA
NARAE:
‘e Y.oq
Depending on reordering of a patterns output values with the
general used manner for ordering in this work as increasingly, to
determine a closed interval for this category at this experiment;
[~_‘1~ﬂﬂ\/ )~_‘H~~°‘1]

The range of this interval for output values converge graphically
to a figures in this experiment is equal to +.:Y:0% |

Note : A standard output is a smallest value than all other colored

versions ,it as minimum boundary for a closed interval for this
category ,this mean ability of a network in recognize pattern(s)
its output(s)larger than a standard output .

Y41
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When a testing step performed through a testing set that also
contained a fuzzy versions for a standard figure for this category,
the network was able to recognize Y patterns from a testing set of
Y« patterns ,for this category within a determined training interval

Seventh Category :

The experiment done on a seventh category through take a
patterns in a seventh category in training set and each figure taken
with color different on all other figures in the category with similar
way for a previous categories but somewhat different in colors .

The Results:

Result of training a network on seventh category after the
discussed changes in colors is illustrated in figure(e-eY) for
changing error over an iterations number during the training .

0.04
/’ 0.035
7 0.03 o
— 7 0'025735
I—l 7 0.02 >
7 0.015 o
001 &%
0.005
— 0
,&@QQQ’\%QGQQQ D?DQ%QQ '@Q Q
iterations number

Figure (°-21):Changing error values over iterations number for a seventh category
at the fifth experiment

Mean square error value is «.++77) that through training ,the
training is completed after 77 iterations ,through ' 7 epochs .

A worst error value over all epochs is -. 777 and average
error value over a full epochs is «.-+ 7.7 Learning rate is updated
through training than a proposed one to be equal to «. 9771 |

Output results patterns in this category in this experiment are ;
output[! =+ Vriz.
output[r]= e VETIN
output[T]=+.Y°) ¢}
0utput[5]= VT
output[®]=+. Vo)

Y4y
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0utput[7]: .. V’ ff‘l

Standard output value is ;
output[1]= . Vri&.

After reordering output values ,under the depended order;
0utput[7]= e VVEYY
output[£]=+. VI
output[ VJ=e V19 s
output[®]=+. Vo)
output[r]= e VETIN
output[F]=+. Vo1 £}

Differences values for patterns outputs values around a
standard output value through this order be;
EAT-AR
AR
v e e 0VY
VY OA
YY)

Depending on reordering a patterns output values increasingly,
to determine a closed interval for this category at this experiment;
[«.V1£X9 o ve)s)]

The range of this interval for output values converge graphically
to a figures in this experiment is equalto . V! ¥ .

When a testing step performed through a testing set that also
contained a fuzzy versions for a standard figure for this category,
the network was able to recognize ‘Y patterns from a testing set of
Y+ patterns ,for this category within a determined training interval.

Eighth Category :

The experiment done on eighth category through take a
patterns that in training set and each figure taken with color
different on all other figures in the category with similar way for a
previous categories but somewhat different in colors .

The Results:

YAA
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Result of training a network on the eighth category after
discussed changes in colors is illustrated in figure(e-°¢) for
changing error over an iterations number during the training .
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error value
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Figure (- ¢£):Changing error values over iterations number for the eighth category
at the fifth experiment

Mean square error value is .+ -+« 7+ that through training ,the
training is completed after ' 747 iterations ,through "4’ epochs .

A worst error value over all epochs is . -¢¥eY and average
error value over a full epochs is . «+Y+4 Learning rate is updated
through training than a proposed one to be equalto .+ 9.7 .

Output results patterns in this category in this experiment are as;

output[]=+. 909+ ¢
output[V]=+. 97+ £19
output[T]=+. 97719
output[£]=+. 97+ T
output[°]=+.T£TA
output[T]=+.90V1¢

Standard output value is ;
output[']=+. 909 £

After reordering output values ,under the depended order;
output[°]=+.1£0TA
output[T]=+.90V7¢
output[!]=+. 909+ ¢
output[£]=+. 9T+ V<
output[T]=+. 9771
output[V]=+. 9721

The differences values for patterns outputs values around a

standard output value through this order be;
ARG
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R
e VY
v v VYo
R R

Depending on reordering a patterns output values increasingly,
to determine a closed interval for this category at this experiment
[0. 750?’/‘) ., 7705‘7]

The range of this interval for output values converge graphically
to a figures in this experiment is equalto «.«'e¥) |

When a testing step performed through a testing set that also
contained a fuzzy versions for a standard figure for this category,
the network was able to recognize 1 patterns from a testing set of Y-

patterns for this category within a determined training interval.

Discussion of the Fifth Experiment :

The intervals of a training set categories at a fifth experiment are;

First category : [« T YA v vEd0Y]
Second category : [+ 8 V0e£q]
Third category : [+ Y+ €€ YIVVE]
Fourth category : [+.¥YYoY + FYYIA]
Fifth category : [+LETEYY  + £AANY]
Sixth category : [+.1+34Y . aveen]
Seventh category : ERAEARFERLAEAN
Eighth category : [+.9€0YA + 47.¢9]

By compute ranges for a closed intervals of the eights
categories as a difference between maximum boundary and
minimum boundary for each closed interval ordinary ,as follows ;

..\‘{Y’ﬂ
VoA
v oYYV
G YY)
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LYYV
2~Y~°q
CAPVYY
LYoy

Not that a least range is for third category interval (which is also
a least range for fourth experiment) at it equal to +.*YYV) | while
largest range is at second category interval that has biggest
capacity for outputs values(actual outputs)for patterns in this
category that equalto .+ €A« |

Note:
).The outputs values for patterns(actual outputs )do not belong
to
two(or more) categories interval in the same time at this
experiment also .

. The outputs values at categories intervals(for actual output
values of patterns)are ordered increasingly ,this may because
choice of desired outputs values with increasing order ,then it
appear as sequential intervals in numbers line (if it is ordered) ,
this sequence began with first category interval and then the
second interval and the third and the fourth ,and so on until end
of all the eights categories intervals.

r. In addition to regions between these closed intervals of
categories ,there are regions out over the maximum value for
all intervals(a maximum boundary of the eighth category interval
in this experiment ) ,and a less than a minimum value for all
intervals categories(minimum boundary of a first category
interval in this experiment).

It are also an error regions but it be larger ,since it expended
to infinity with the two directions ,a minus and plus infinity ,to
—oo and « ,respectively .

The differences regions between these intervals which is part of
error regions determined between each two successive intervals
ranges that lies between these intervals which are the error
regions computed for each two successive intervals one ordinary ,

as follows :
n~01A1

v 844¢
oeqeey
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VYot
MR AKE
C CAYYY
CATAY

Note that largest error region range is occurred at difference
range between seventh and eighth category intervals and it equal
to «.)rAv.it is also a largest range for the error regions in fourth
experiment ,while least range is occurred between second and
third category interval and itis equalto . £77¢ |

The resultant of testing through this experiment ,was at
recognize Y+A patterns for all categories from the number of
patterns )1 patterns that were used .

0.0012

- 0.001

’\M /f_ 0.0008
0.0006

+
\ / 0.0004

\ / 0.0002

error values

8 7 6 5 4 3 2 1
categories

Figure(5-55): Error values curve for the eights categories
at the fifth experiment
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Categories || Epochs | It .No. MSR Average err. | Worsterr. || Eta. updated Min. boundary Max. boundary Range
ﬁcategory £ rira eeedn 44 YT e VAA IRV o efdoy e 19rd
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Table(5-10): Conclusions values for the eight categories from

the fifth experiment that for colors
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Figure(5-56): Decision Line for the fifth experiment



Chapter Five

The Experiments

5.1 @resentation Idea

In this side of work ,we are accomplish the suggested method
which was discussed beforehand on a set of categories of
patterns, each category has a standard figure(image) characterize
this category ,while all other patterns in the category are a fuzzifies
copies for that standard figure ,then testing ability of the network in
identification and then recognize the patterns under work in this
experiments ,and (if developed) on more complex problems .

The patterns that we will work on are a sets of images for
geometric curves Hand drawn with its fuzzifies copies divided into
eight categories ,that were discussed in training set(¢.).¢).

To show the efficiency of the discussed suggested method ,we
perform it with different ways at a set of experiments' with different
ideas on a suggested activation function as a summation of
wavelet and MF .

We are perform these experiments with activation function as
summation of Mexican hat wavelet with Gaussian membership
function ,as;

Ax) = (L—x2) & 2 ve 2 e

where X in R.

" The outline character of these experiments in seems alike ,since through this to clarify documents of
each experiment and declared in way some what identical to other experiments through same
measurements criterias ,but the values really different .
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We were chose these two continuous functions to be
complemented each to other and for requests were discussed in
chapter four .

The considered set of 9; features (that were extracted from

each image) ,we used five features ,detectors as;

M=o and (f,ff fo o)

these values represent a vector of values for some pattern .

A set of patterns(that entered to network) for p_patterns where
p=),... N, , N ,is number of patterns in that file .The number of
patterns supposed equal to 1 ; &,=1, that is number of members in
S; at j_th category, in form (¢-¥+) . While in testing set ,for each
category %, is supposed equal to Y+ pattern (image) .

Then the file of inputs as matrix with dimensions as 1x° for
each category ,but as will see in some experiments use V versions
for the standard figure ,so it will be Yx© ,and for a testing set we
will use for all experiments number of patterns equal to Y-

The form (£-Y) will be in light of previous notations

o f, pf, opf ]
p,fy P f, o Py
©c-Y)

| Pefi Psfo oo Psfs
and vector of features values for a pattern p; in form(¢-A) with
dimensions Yx° ;

[P, pif, oo pi sl (o_x“)

Each file represent a data of a some category from the eight
categories used ,where %, number of categories under study , that

consider N=A =), A .

Note:The choice of a desired outputs values for these categories

is effort on order of these categories intervals . If we chose
desired values randomly ,the position of these intervals is also
be randomly.

We suppose here the desired values increasingly ,so we
noted that intervals are ordered increasingly in line decision in
figures that communicated with experiments .

aA
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The desired outputs values for categories were proposed with
increasing order with a categories(by previous note) ,that is the
desired output value for a first category is a minimum value ,and so
on increasingly into last category with maximum desired output
value,

dy =* yeeey d‘Wcz\
, dy <dv<...<dy o (°-%)

that is
for &, =A;
A <dv< dv< di < do< di< dv< d)s

N is number of categories
So a desired output values for a training set through its eights
categories ,were considered as ;

First category dy="
Second category dy=+.)0
Third category dr=".Y0
Fourth category di=+ .Y
Fifth category de=1.0
Sixth category di=+.10
Seventh category dy=1.Y0o
Eighth category dh=")

Which all belong to a closed interval [+,)] as;
dje[+,] orcanbewrittenas * <d;<)

This order for values will effect on order of a closed intervals for
outputs values of patterns in categories.

A dilation and translation values were supposed with a constant
values for all functions in the network ,as in the form(¢-¥) ,and with
integer values fixed at »=1 ,and m=Y for all experiments on the
suggested method .

44
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°.Y  Testing Set

For testing the abilities of a network under conditions of a
suggested method ,the network has been tested by using a set of
images with number of images as two—folds number of a training
set that for the experiments ; a first to the fourth experiment ,and
fifth experiment . Since the second, third and fourth are similar to a
first experiment in nature and type of images in the testing set, and
its accomplishing and even in its idea .

So the number of testing set images is Y images for each
category, so for eights categories will be 1. images ,for each
experiment ,but for a two different views experiments will be Y'Y
images different from other .Even if some colored were reoccurred
it different in that drawn figure with colored ,or even recurred some
figures that mean it drawn by different colors ,for different
categories (no way to view all testing set images since its number
IS very large to occurring ) .

O] e lesles
<>

BEE

—
i <
D

Figure( - ):Some samples form the testing set for;(a) the first experiment (b)and the colored
images at fifth experiment

Q

(b)

.Y First experiment :

" The number of images may be (seems for some ones) large but it good for work .

Yvu
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The method was performed with its essential idea by
implementing the activation function in equation®-)). Structure of
a network was discussed previously . When do this experiment it
consists of ;

° (input layer) neurons, © (hidden layer)neurons, and with a single
(output layer )neuron.

A proposed values for training parameters and other essential
parameters in network for first experiment were not changed for all
categories .The number of patterns in each category is 1 patterns
,with available error value appropriate for training chosen through
trials—error way, Momentum value is -.-+! ,this value will not
changes after training’ .

Learning rate e
| Momentum [ ]
| Max. iterations e
| Translation [
| Dilation ]
Available error Ry
| Hidden neurons e ]
| Number of patterns in category [

Table (5-1):Proposed training parameters values at a first experiment

First category :

A standard figure that characterize this category is illustrated in
figure(°-Y) .The file of features values of patterns at this category
be an input to a supposed network ,architecture of network -as
said- is not change for this category on than other categories .

N

Figure(5-2) : First Category

The learning rate is +.! ,we can choose less than this value put
it make a category irregular than other categories even if we get
good results ,but this is go out of a general criteria of measurement
for work.

The Results :

" The momentum value will be supposed at value +. +\ for all experiments and for all categories ,(not
adjusted after training),this will depend for the coming experiments .

AR
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The results of a network training on a first category is
represented through quadratic distribution in figure(e-Y),with
respect to errors for each pattern in the category within limits of
maximum iterations for training .

0.04

0.03

0.02 error value

IE' i 0.01

0

3000 2000 1000 0

iterations number

Figure(5-3): Change error value over iterations number for a first category
at the first experiment

A proposed network with the proposed form was able to
training on patterns in the first category with mean square error
value equal to -.-- Y4 this error value is a maximum value for
error through training among the eights categories after ™ 7r
iterations through ¢¥Yepochs, this number of iterations is a largest
number of iterations in training network on training set . Average
error value over these number of iterations is «.+«+ 724 | while a
worst error value that a network reached for training on this
category was -.+"7er also these values for error are a maximum
for training at this experiment on all categories .

Learning rate value after training over all patterns in this
category and epochs is updated to be equal to «.+v+ 7 ,which is a
least learning rate computed with learning on training set .

Hint:  The outcomes for performing any experiment on any

category in training will use to determine a closed interval that
for outputs values that we talked on

Hint : The first value for these outputs, and also outputs for

later categories, in all experiments represents the output
value of a standard image (pattern) for each category .

Outputs values for each version of original image under work
as;
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output[!]=+.« Y107
output[V]=+.+ T+ 719
output[T]=+.+£0&.
0utput[5]='. YIS
output[®]=+. £V
output[7]=', SR rad

It is clear ,that the range of changes between values is increase
once and decrease in other ,this exactly because a variance in
noise rate between images .

The standard output value of original figure is :
output[!]=+.+ V101

After reordering outputs ,with increasing order then ;

output[F]=+.+ ¥+ 71
output[!]=+. Y107
output[f]='. R EEF
0utput[7]='. DA ras
output[C]=+.« £1 7V
output[T]=+.+£0£

Note: We can reordering outputs as decreasing order, this not
problem .

An average values for outputs around the standard value which
represent a different between outputs for patterns in same
category through order as :

e et OAY
RNV
SERRLA
SERE-F2
o VANE

The closed interval as;
[o' P 77} .. ofoo]

which represent an available region for patterns outputs values in
this category that led to take decision for pattern(s) recognition ,
that if it belongs to this category or not .Then the network is able to
identify any pattern(s) output(s) value(s) within this interval to be
from a first category patterns .

Desired output value that was chosen for this category as a least
value .

ARl



Chapter Five The Experiments

The range of a closed interval for this category at this experiment
isequalto . -rev)

Hint :The line among the values is refer to that the difference

values between outputs values is for the outputs values
less than the standard output .

Note: While output value for standard pattern(image) that it

characterize some category is exactly in interval for that
category .In some situations a standard pattern output is
represents the left(lower, minimum) boundary for interval
and outputs of versions is larger than it ,or inversely .

When a testing step performed through a testing set that also
contained a fuzzy versions for a standard figure for this category,
the network was able to recognize ‘% patterns from a set of
Y+ patterns ,for this category within a determined training interval.

Second category :

The standard figure of pattern that characterize the second
category is illustrate in figure(®-¢) .The network was trained on
patterns of this category which are noisy versions from pattern in
figure(°-¢) , initial values for training parameters and other
parameters are same for values used in other categories which

were proposed in table(e-)) .

Figure(5-4) :Second Category

The Results :
The results of network training on a patterns in second category
are represented through quadratic distribution in figure(e-°) ,with

respect to errors values of network for each pattern in this category
within limits of maximum iterations for training .
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error
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Figure(5-5): Change error value over iterations number for second category
at the first experiment

A proposed network was able to training on patterns in second
category with mean square error value equal to «. ¥ this error
value is a least error value at network training on the eights
categories ,after 77 iterations through ‘) epochs, it is a smallest
number of iterations and epochs than all other categories. Average
error value over these number of iterations is +.++ !’ while worst
error value that this network reached through training on this
category was .+« VAo |

Learning rate value after training over all patterns in this
category and epochs is «.+ 7794 note that value of learning rate is
a largest value after training .

Outputs results for each version of original image under work ,as
0utput[’]= e 1ET9)
output[T]=+.1£ACT
output[T]=+.1££V)
output[£]=+. 1T+ T+
output[®]=+. 10TV
0utput[7]= e 1ET)Y

The scope of change between values is increasing once and
decreasing in other such previous category for same reason .

Standard output of original figure is :
Output[’]z U 1£79)

After reordering outputs ,with increasing order then ;
0utput[7]= e VEYYS
output[V]= e VEEY)
output[’]= e )ETT)
output[r]= o VEAOT
output[C]=+. 10TV
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output[£]=+. 1T+ 94
Difference between these outputs is small and difference values

around a standard output value are ;
P EVY

C el PY
R P
e A
SR

The outputs values differ from standard one ,must be within
limits of this differences .

Then the real closed interval for a second category patterns ,in
light of these outputs values is;
EREAAENERARE R

,which represents an available region for patterns output values in
this category ,that led to take decision for a pattern(s) recognition
that if it belongs to this category or not , then a network be able to
identify any pattern(s) it output value(s)within this interval to be
from second category patterns .

The range of a closed interval for this category at this
experiment is equal to «. < 14Y) |

When a testing step performed through a testing set that also
contained a fuzzy versions for a standard figure for this category,
the network was able to recognize Y patterns from a set of Y-
patterns for this category within a determined training interval.

Third category :

The standard figure of pattern that characterize this category is
illustrated in figure(®¢-1) .The network was trained on patterns of
this category which are noisy versions from pattern in figure(°-1) ,
initial values for training parameters and other parameters are
same for values used in other categories which were proposed in

table(e-)).

Figure(5-6) :Third Category
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The Results :

The results of a network training on a patterns in third category
are represented through quadratic distribution in figure(e-Y) ,with
respect to errors values of network for each pattern in this category
within limited number of maximum iterations for training .

0.04

0.03

0.02 error value

@ 0.01

0
500 400 300 200 100 O

iterations number

Figure(5-7): Change error value over iterations number for third category
at the first experiment

Proposed network was able to training on the patterns in third
category with mean square error value equal to -.+++7¢ ,which
traditionally less than available error tolerance for training a
network, after o'+ iterations through AA epochs .Average error
value over this number of iterations was .+ +297, while worst error
value that a network reached through training on this category of
patterns was .« revA,

Learning rate value after training over all patterns and epochs
is adjusted to be equal to «.-79-¥ it is a nearer value to a
proposed value .

The outputs values for patterns in this category ,were;

0utput[’]='. Fréoyr
output["]= e Y179
0utput["]='. Frotyr
output[f]='. rrie)
output["]='. FIEAT
0utput[7]=‘. Yréov

A variance between outputs values is occurred but is more less
from that shown in previous two categories

Standard output value for third category is :
Output[’]: . YVEON
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Also by ordering outputs ,in increasing order have been;
0utput[’]= o YVioYN
0utput[7]= RN
0utput[°]= o VVEAY
output[f=+.¥101¥
output[r]= . Y179
0utput[5]= . Y170

Note that a standard output is a minimum value than all other

outputs .
Differences between versions outputs around standard output;
LR AR A ’ﬂ
¢ 000 r‘o
¢ 00 ’ * ‘I
¢, ’ 7 7
¢, ’ 7/‘

This differences are seems small, and in higher direction. So
the network can recognize outputs values(patterns output) which
larger than standard value, and its different from a standard must
be at less converge or equal to these differences values, that is not
increase larger than a largest one .Also note that differences are
only for higher than standard value.

A closed interval for third category patterns ,depending on
patterns outputs values in this category is ;

[.F1E0r o ¥1T0)]

.which is also represent an available region that led to take
decision for pattern(s) recognition that if it belong to this category
or not ,that is the network be able to identify any pattern(s) it
output(s) within this interval to be from patterns in third category .

The range of a closed interval for this category at this experiment
isequalto . «+194

Note : The standard value is a minimum boundary for a closed
interval this category .

When a testing step performed through a testing set that also
contained a fuzzy versions for a standard figure for this category,
the network was able to recognize ¢ patterns from a set of ¥+ patterns
for this category within a determined training interval.
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Fourth category :

The standard figure of pattern that characterize this category is
illustrated in figure(¢-A) .The network was trained on patterns of
this category which are noisy versions from a characterizer pattern
, initial values for training parameters and other parameters are
same for values used in other categories which proposed in table

().

N

Figure(5-8) :Fourth Category
The Results :

Results for network training on a patterns in the fourth category
is represented through quadratic distribution in figure(e-%) with
respect to errors values of network for each pattern in this category
within limited number of maximum iterations for training , which is
£+ v jterations .

| -0.035
-0.03
-0.025
-0.02  error
10.015 value
@ -0.01
-0.005
-0

800 400 0

iterations number

Figure(5-9)Change error value over iterations number for the fourth category
at the first experiment

Proposed network was able to training on a patterns in the
fourth category with mean square error value equal to «. ¢+ <24
which traditionally less than available error tolerance for training a
network after 4¢7 iterations through '¢! epochs . Average error
value over this number of iterations was .+ -2V« while worst error
value that a network reached through training on this category of
patterns was equal to «.-"¢¥)

Learning rate value after training over all patterns and epochs is
adjusted to be equal to -.-9ver
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Outputs values for patterns in thus category ,were;
output[!]=+. 11 FFY
output[r]= e F1é0)
0utput[’7= e F1o9A
0utput[5]= e 179,
0utput["]=  FIYay
output[7]= LYYy

Standard output value for a fourth category is :
Output[’]: .. Frrrr

After an increasing order have been;
0utput["]= Yy
0utput[’]= N A0 it
0utput["]= e 1éo)
output[T]=+. 71094
0utput[7]= LYY
output[f]= e F1T79.

Also see that standard output is a minimum value than other
outputs .
Differences between versions outputs around standard output ;
eoee e T
R
R i =
v ¥9E
S (-2 %

The range of differences is only for higher values than standard.
Pattern(s) that tested must to be different from standard value at
less in a value(s) lesser than or equal to these differences to be in
a fourth category interval .

Closed interval for this category patterns ,depending on
patterns outputs values in this category is ;

[.FIray, « 7179.]

which represent an available region for outputs values in this
category that led to take decision for pattern(s) recognition if it
belong to this category or not .So a network be able to identify any
pattern(s) it output(s) within this interval to be from its patterns

The range of a closed interval for this category at this experiment
isequalto «. «-r9r,

When a testing step performed through a testing set that contain
also a fuzzy versions for a standard figure for this category, the

VYo
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network was unable to recognize V patterns from a set of Y+ patterns
for this category within a determined training interval
Fifth category :

The standard figure of pattern that characterize this category is
illustrated in figure(e-)+) .The network was trained on patterns of
this category which are noisy versions from a characterizer pattern

Jinitial values for training parameters and other parameters are
same for values used in other categories which proposed in table

(=) .
J
Figure(5-10) :Fifth Category
The Results :

The results for network training on a patterns in the fifth category
are represented through quadratic distribution in figure(e-)V),with
respect to errors values of network for each pattern in this category
within limited number of maximum iterations for training .

0.035
0.03
0.025
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0.015 €rror value
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0
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Figure(5-117):Change error value over iterations number for the fifth category
at the first experiment

Proposed network was able to training on a patterns in the fifth
category with mean square error value equal to -.+++2¥ ,which
traditionally less than available error tolerance for training a
network after VY iterations through '7F epochs . Average error
value over this number of iterations was «.« 279, while worst error
value that a network reaches through training on this category of
patterns was equal to -.«"FrV . Learning rate value after training
over all patterns and epochs is adjusted to be equal to «.«77Ve .
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Outputs values for patterns in this category ,were;
output[!]=+.£70+ 17
output[F]=+.£7VTo
output[T]=+.£7911
output[£]=+. €771
output[C]=+.£VVT)
output[7]= e ETAT)

Outputs values are variances ,increased once and decrease in
other due to the variance in noise ratio between versions ,as said
before .

Standard output value patterns for fifth category is :

output[]=+.£707

After ordering in same way for previous categories with
increasing order have been,;
output[]=+. 707
output[f]= ¢ ETT))
output[r]= o ETVYOo
output[7]= e ETAY)
output[fl]= o ET9TY
output[C]=+.£VVT)

Standard value is a minimum value from outputs ,and then
represent a minimum boundary of interval that characterize a fifth
category .

Differences between versions outputs around standard output ,
were ;

e ee)e0
eee))E
RS O N~
v v lOV
e e ) YOO

The differences are also only for higher values than standard
value .

A closed interval for the fifth category patterns ,depending on
patterns outputs values in this category is ;

[ 87007 « £YVTI]

which represent an available region for outputs values in this
category that led to take decision for pattern(s) recognition that if it
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belong to this category or not ,that is a network be able to identify
any pattern(s) it output(s) within this interval to be from its patterns

The range of a closed interval for this category at this
experiment is equal to «. Yoo |

When a testing step performed through a testing set that also
contained a fuzzy versions for a standard figure for this category,
the network was able to recognize Y patterns from a set of Y-
patterns for this category within a determined training interval .

Sixth category :

The standard figure of pattern that characterize this category is
illustrated in figure(°-)Y).The network was trained on patterns of
this category which are noisy versions from a characterizer pattern
initial values for training parameters and other parameters are
same for values used in other categories which proposed in table

(=) .

Figure(5-12) :Sixth Category

The Results :

Results of a network training on a patterns in sixth category are
represented through quadratic distribution in figure(e-'Y) ,with
respect to errors values of network for each pattern in this category
within limited number of maximum iterations for training .
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Figure(5-13): Change error value over iterations number for the sixth category
at the first experiment

Proposed network was able to training on a patterns in the sixth
category with mean square error value equal to -.««+£4 which is
traditionally less than available error tolerance for training a
network ,after A9¢ iterations through '¢9 epochs .Average error
value over this number of iterations was ¢.++2! %, while worst error

Y
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value that a network reaches through training on this category of
patterns was equal to ..+ v, Learning rate value after training
over all patterns and epochs is adjusted to be equal to .« 7Vrs |

Outputs values for each pattern in this category ,were;
output[ =+ TV VTV
output[V]=+.TVT"7.
output[T]=+.1V07¢
output[£]=+. TIAYE
output[°]=+.71997
output[7]= e TV9EA

Standard output value for patterns of sixth category is :
output[’]: ., TYevy

After ordering in same way for previous categories as
increasing order have been;
output[f]= o TIAYE
0utput[7]= e TV19EA
0utput[°]= e 71997
0utput[’]= e TYeVYy
0utput["]= e TYIT
output[T]=+.1Y07£

Note that a standard output is not in boundaries of interval but it
is a point in this category interval .
Differences between versions outputs around standard output ;
(oo ¥E9
e ee) YO
IRRRR 44
N 7%
o009

Closed interval for the sixth category patterns ,in light of patterns
outputs values in this category is;
[« TIAYE « TFo14]

,which represent an available region for outputs values in this
category that led to take decision for pattern(s) recognition that if it
belong to this category or not ,that is a network be able to identify
any pattern(s) it output(s) within this interval to be from patterns in
the sixth category .

The range of a closed interval for this category at this
experiment is equal to «. V<.,
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When a testing step done(performed) through a testing set that
contain also a fuzzy versions for a standard figure for this category,
the network was able to recognize 1 patterns from a set of Y-
patterns for this category within a determined training interval .

Seventh category :

The standard figure of pattern that characterize this category is
illustrate in figure(e-)¢).The network were trained on patterns of
this category which are noisy versions from a characterizer pattern,
initial values for training parameters and other parameters is the
same for values used in other categories which proposed in table

(=) .

Figure(5-14) :Seventh Category

The Results :

The results for network training on a patterns in the seventh
category are represented through quadratic distribution in figure
(°-Y°) ,with respect to errors values of network for each pattern in
this category within limited number of maximum iterations for
training .

0.035
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Figure(5-15): Change error value over iterations number for the seventh category
at the first experiment

Proposed network was able to training on a patterns in the
seventh category with mean square error value equal to «.+++2+
which traditionally less than available error tolerance for training a
network, after 977 iterations through '27 epochs . Average error
value over this number of iterations was .+ 24, while worst error
value that a network reaches through training on this category of
patterns was equal to «. - 79 .

AR
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Learning rate value after training over all patterns and epochs
is adjusted to be equal to «. 7794 |

Outputs values for each pattern in this category were;
output[![=+. V1))
output[F]=+. YT+ IA
output[T]=+. V1 IAT
output[£]=+. VT eoF
output[°]=+.V 191 ¢
output[T]=+.YV1A7)

Standard output value for patterns of seventh category is :
output[]=+. V11 ).

Ordering the outputs with increasingly order then;
0utput[’]= e V1))
0utput[7]= e VIAT)
output[°]=+.V 191 ¢
output[fl]= o VIVIAT
output[r]= o VYA
output[£]=+. VYV or

Note that a standard output is a minimum value, and though it
will be minimum boundary for the seventh category interval .

Differences between versions outputs around standard output;
¢ v VA ’

N
AV
A7
N V3

The differences are also only for higher values than standard
value .
Closed interval for the seventh category patterns ,in light of
patterns outputs values in this category is;
[«.V1)). o vYoon]

,which represent an available region for outputs values in this
category that led to take decision for pattern(s) recognition that if it
belong to this category or not ,that is a network be able to identify
any pattern(s) it output(s) within this interval to be from patterns in
the seventh category .
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The range of a closed interval for this category at this
experimentis equalto .- |

When a testing step performed through a testing set that
contain also a fuzzy versions for a standard figure for this category,
the network was able to recognize £ patterns from a set of Y+ patterns
for this category within a determined training interval.

Eighth category :

The standard figure of pattern that characterize this category is
illustrated in figure (°-1) .The network was trained on patterns of
this category which are noisy versions from a characterizer pattern,
initial values for training parameters and other parameters are
same for values used in other categories which proposed in

table(e-)) .

Figure(5-16) :Eighth Category

The Results :

Results of a network training on a patterns in eighth category
are represented through quadratic distribution in figure(e-V) ,with
respect to errors values of network for each pattern in this category
within limited number of maximum iterations for training .

r0.04
+0.035
0.03
0.025
error

+0.02

value
+0.015
+0.01

0.005

=]
VA A

1800 1200 600 0

iterations number

Figure(5-17): Change error value over iterations number for the eighth category
at the first experiment

Proposed network was able to training on a patterns in eighth
category with mean square error value equal to -.--+Y" which
traditionally less than available error tolerance for training a
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network after Vi< iterations through Y79 epochs . Average error
value over this number of iterations was -. ++ 774 | while worst error
value that a network reaches through training on this category of
patterns was equal to .« FArYr

Learning rate value after training over all patterns and epochs
is adjusted to be equal to -. 49K |

Outputs values for each pattern in this category ,were;
0utput[’]= e 978)¢
output[F]=+.T70VA
0utput[’7= o GTEAY
0utput[5]= o qTETT
output[°]=+. 17+ A
0utput[7]= o GTIAY

Outputs values are traditionally variant ,since change in noise
ratio .in spite it seem converged each to other .

Standard output value for patterns of eighth category is :
output[’]: ., 978)¢

Ordering the outputs with increasingly order then;
output[C]=+. 17+ 94
0utput[7]= o TTIAY
0utput[’]= o 17808
output[z’]z o GTETT
output[V]= o GTEAY
output[V]=+.1T0VA

Computed differences around a standard value were;
el s

Cel TPy
T
e 19
e )18

Closed interval for the eighth category patterns ,in light of
patterns outputs values in this category is;
[t_ TT9A o, 770VA]

which represent an available region for outputs values in this
category that led to take decision for pattern(s) recognition that if it
belong to this category or not ,that is a network be able to identify
any pattern(s) it output(s) within this interval to be from patterns in
the eighth category .
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The range of a closed interval for this category at this
experiment is equal to «. <« fA- |

When a testing step done through a testing set that also
contained a fuzzy versions for a standard figure for this category,
the network was able to recognize ¢ patterns from a set of Y+ patterns

, for this category .

Discussion of the First Experiment :

The intervals of a training set categories at first experiment are;

First category [¢.o¥e 79 4 vE08L]
Second category [+ )£V, . 1T094]
Third category ~ [+.T1&er .. Y1120
Fourth category [+.71Y3y, . r114.]
Fifth category ~ [+. €70+ 7 « £VVTI]
Sixth category [+ TVAYE L AY0RL]
Seventh category [+.Y))) + + ¥YY.0Y]
Eighth category [+ 9794, « 170VA]

By compute the ranges for a closed intervals of the eights
categories as a difference between maximum boundary and

minimum boundary for each closed interval ordinary , as follows ;
e e TEV)

o AV
e, o0 )9A
._ur“ﬁ‘
e e ) YOO
o eeVE
SRR A
e lN

The largest range is at first category interval that has a biggest
capacity for actual outputs for patterns in this category equal to
.+ Y£v)  while smallest range is occurred at third category interval
it is equal to -. -+ !94 which is seems narrower than other intervals

Note .

). Actual output for each pattern not belong to two(or more)
categories intervals in the same time ,this error or -in more

ARR!
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accuracy- a generalization problem and then fail to take a
right decision .

I Intervals for actual outputs values of patterns in categories
are ordered increasingly ,this may because choice of desired
values with increasing order ,then it appear as sequential
intervals in numbers line(if it is ordered),this sequence began
with first category interval and then the second interval and the
third and the fourth ,and so on until end of all eights categories
intervals.

r. In addition to regions between these closed intervals of
categories at this experiment ,there are regions out over the
maximum value for all intervals(a maximum boundary of the
eighth category interval in this experiment) ,and a less than a
minimum value for all intervals categories(minimum boundary
of a first category interval in this experiment).

It are also an error regions but it be larger ,since it expended
to infinity with the two directions ,a minus and plus infinity ,to
—o and « ,respectively .

The differences regions between these intervals which is a part
of error regions determined between each two successive
intervals.

Ranges of these error regions computed for each two
successive intervals as difference between upper(maximum)
boundary for first one with lower(minimum) boundary of the second

one ordinary , as follows :
e e 91v9

. OrTr
(e TET
C VEMNT
LY ENTY
., T NOET
LY g0

We can see that a least range occurred between second interval
and third interval ,equal to -..°r7r this may reflect that figures
(images) in these categories rather way alike or may be similar in
some features but a network was capable on recognize it .The
same view can be for other small values .Largest range occurred
between seventh and eighth category equal to -.7¢-fe see
decision line in figure (°-YA) .

The resultant of testing through this experiment was at
recognizing v+ patterns for all categories from the total number of

Y.
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patterns )1+ patterns that were used .

\AR



Categories Epoch | It.No. MSR Average err. Worst err. Eta. updated Min. boundary Max. boundary Range
ﬁcategory ory FrTy e ee e VA NPy T Ve e tend ZXE e TEYY

™ category 1 K reaet LR e VAR e 9994 L 1ETI BEEREE 1AV
ﬁcategory AA orA N Y NYXIE Y237 IR L rrEor L r1Tey KV
ﬁcategory 141 AET Y NYIZ e FErY . edver LPIraY BEIEEE oo fqr
ﬁcategory 11y vy e eesof NI L Prry ediyve AT L EVYTY Y
ﬁcategory 1449 Adg Y YK ey e dyre LTIATE L Trens e Vi
ﬁﬁcategory 1% r DR R ) e 19 R RE V) IR2RE N L VYeor e 4y
Tfﬁcategory Y44 ZT] s T e PAPY X BEERXLD NEETYZ YR

Table(5-2) : Conclusions values for the eight categories from the first experiment
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102063 d04540 0 044299 0AG040 029453 0241E51 031257 031680 045058 047 7EA 1.e824 02564 V410 D705 19609 O.9E57TE

ol 0 kA 0 0 - il | [ |
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e dnve voeovny voednen Y EANT AETR N Voo Ao WYElto

Figure(5-18): Decision Line’ for the first experiment

"* The symbol (—m ) is refer to that the differences is from this point into the infinity in positive direction .
** The symbol (—®— ) is refer to that the differences is from this point into the infinity in negative direction .

\YY
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©.¢ Second Experiment

In this experiment the suggested method performed with its
essential idea by implementing an activation function used in first
experiment as in equation(®-)) ,and other essential structures for
inputs and outputs ,on an extracted features values for patters of a
categories in training set ,through a same steps from normalization
to be suitable for a network capacity .

The aim from this experiment is to minimize the error regions
that may be occurred between a closed real intervals of categories
as could as ,and to minimize an error values for a network during
training on all categories under training .

To satisfy this aim ,the suggested method is accomplished
through increasing number of hidden neurons ,which effect on a
numerical computations and then on final results in all directions .
Input neurons number is fixed at © neurons ,while number of output
neurons is stay \ nreuron ,since it fixed in a network structure (that
we cannot change it through all experiments) .The number of
hidden neurons increased from © neurons in first experiment into A
neurons in this experiment . A proposed available error value is
modified from +.+++A in first experiment into +.+++¢ at training in
this experiment, which is less than previous proposed value .

This experiment is also performed on a same training set in first
experiment ,on a same proposed training parameters values .

The proposed values for training parameters and other essential
structure parameters in a network for a second experiment used as
in table(°-¥) .Which is constant for all categories in training set
through this experiment .

| Learning rate IR

| Momentum [IREEEN
H Max. iterations H fvveen

Available error I 4

| Translation I 7

| Dilation o

H Hidden neurons H A H
;

| Number of patterns in category |

Table(5-3):Proposed training parameters values at second experiment
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First Category :
The network trained on this category with a new proposed

values and a modification in number of hidden neurons as in
table(e-Y) .

The Results

Results of training of a network on this category through a
second experiment were ;

Mean squared error that a network reached at this category is
equal to -.+++79 which is less than that value get on in a first
experiment ,also it is a maximum value for error in training a
network on a training set in this experiment ,it is converged to a
proposed value for error after Y!'v- iterations ,through !'!%¢
epochs. These numbers are increased over than numbers in a first
experiment ,and they were a largest values for work of a network
on all categories in training set.

Worst error value that a network reached is equal to «. AT
and average error value is equal to +.++ ¢V+ these values are small
if it compared with that values in a first experiment .

Leaning rate value is updated on a proposed values until be
..+ 1 7YTat end the training ,this value is a least one for training in a
second experiment than all other categories ,it is also less than
that value for learning rate in the first experiment .

L 0.03

0.025

0.02

0.015 error value
@ 0.01

0.005

0
7500 6000 4500 3000 1500 O

iterations number

Figure(5-79): Change error value over iterations number for the first category
at the second experiment

An outputs results for patterns in the first category at second
experiment are as ;
output[!] = +.+1)0A
output[V] =« + e ££&
output[T]= ¢+ 7T+
output[f] = 1) V9
output[C] =+« 17

Yo
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output[7] = +.« YAV
The outputs values for patterns are appear as its ordered in a
first category(patterns) in a training set .
A negative values don’'t mean a different or variance , it as any
got on real values ,this because a variance in a noise rate between
images (patterns) .

Standard output value first category is ;
output[1] = +.+1)0A

To determine a real closed interval for outputs of patterns in this
category ,that is to get a minimum and ,maximum boundaries |,
after reordering the outputs values with increasing order ,so ;

output[V] = .+ £
output[!] = +.+110A
output[f] = ))V9
0utput[7] = o TAY)
output[°] = «. + T £7
output[T]= +. 7+

Hint: Similarly to a first experiment outputs values could ordered
with decreasing order ,is true .

Differences values for patterns around the standard value

through previous order for patterns ;
eV E
¢ e H
eIy
e o1 9AA
P YEEN

Pattern(s) to be in this category must at less not exceed than
this range ,if it done it will be out of a determined closed interval for
this category .The network can recognize with in these requisites .

Then a patterns outputs values in this category determine a real
closed interval for this category as ;
[.oedss o 01T

which is a decision region to take a decision for pattern(s)
recognition to be in first category or not .Then the network able to
recognize any pattern(s) its output(s) value(s) within this interval to
be from its patterns .

The range of a closed interval for a first category at a second
experiment is .« "eY which is larger than a range of this category

'Y
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interval at first experiment ,this range represent the capacity of this
category to pattern(s) converge to it .

When a testing step performed through a testing set that also
contained a fuzzy versions for a standard figure for this category,
the network was able to recognize )4 patterns from a testing set with
Y+ patterns , for this category within a determined training interval .

Second Category :
The network trained on this category with a new proposed

values and a modification in number of hidden neurons as in
table(e-Y) .

The Results

Results of training of a network on a second category depending
on a proposed parameters values through a second experiment
increase operations on inputs patterns values and then traditionally
change the results than in second experiment, were ;

Mean squared error for a network at second category is equal to
«.+++IFin limits of a proposed tolerance ,which is higher than that
value that got on in a first experiment ,after Y7¥ iterations, through

'Y epochs ,which are increased over than numbers in a first
experiment .

Worst error value that a network reached is equal to .« Fe4ris a
worst error reached a network through training in this experiment
on all categories ,while the average error value is equal to +.+ « £
.Note that this average value is larger than that average value in a
first experiment ,while the worst error value is also larger than a
value in a first experiment (this situation need attention) .

Leaning rate value is updated through training in this experiment
until be -. - 7YAT it is less than a value in a first experiment

0.03

0.025

0.02

0.015 error value
@ A 0.01

0.005

0
800 600 400 200 0

iterations number

Figure(5-20): Change error value over iterations number for second category
at the second experiment
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Output results for patterns in a second category at this
experiment are as ;

output[1] = <. 1AY.0
output[r]= e IAETT
output[T]= . 1V
output[£] = . Te VA
output[°] = +. 191790
0utput[7]= e JVoTr

The outputs values are appear for patterns as it were ordered in
a second category(patterns) in a training set .

Standard output value is;
output[1] = <+ JAT .2

To determine a limits of the real closed interval for outputs of
patterns in this category by ordering outputs increasingly will be ;

output[T] = .1 Vo1l
output[r‘] = .« )Vir.
output[1] = ¢ 1AT.©
output[r] = « JAETT
output[°] = +. 19190

output[£] = ¢, Ve TeA

Differences values for patterns around the standard value

through a previous order for patterns are;
¢ v 7f ?’

I Y-
SRR ES
e e 99,
e Tedy

Then a real closed interval for a second category ,which is
determined by the patterns outputs values in this category as ;
[+ 1VoTr o Ye¥ oA

.which is a decision region to take a decision for pattern(s)
recognition ,that determine if a pattern(s) in this category or not .
Then a network be able to recognize any pattern(s) its output(s)
value(s) within this interval to be from its patterns .

The range of a closed interval for a second category at a second
experiment is -. - Y7¢£e which is larger than a range of this category
interval at first experiment ,this range represent that capacity of

YYA
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this category to pattern(s) converge to it is increased in this
experiment .

When a testing step performed through a testing set that also
contained a fuzzy versions for a standard figure for this category,
the network was able to recognize ¢ patterns from a testing set with

Y+ patterns , for this category within a determined training interval .

Third Category :
The network trained on this category with a new proposed

values ,and a modification in number of hidden neurons as in
table(e-Y) .

The Results :

Results of a network training on a third category depending on
a proposed parameters values in a second experiment are
changed than in a first experiment .

Mean squared error for training is equal to . «««¥7 which is
less than error value at first experiment ,after ’74 iterations
through " epochs .Note that number of iterations epochs are
decreased . These numbers of iterations and epochs are a
minimum numbers on training on all categories in a second
experiment .

Worst error value that a network reached at training on this
category is equal to .+ r¢+4 which is less than a value in a first
experiment .An average error value is +.» + ¢+ which is also less
than a previous value in a previous experiment .

Leaning rate value is updated through training in this
experiment until be .- 7949 which is maximum value for training
than other categories ,and nearer value to a proposed value for
learning rate. This means a proposed value is suitable for this
category and it larger than a value in first experiment .
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Figure(5-21): Change error value over iterations number for the third category
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at the second experiment

Outputs values of patterns in third category this experiment are;
output[ 1]= « YVYrvy
output[V] = +«.TVT+)
output[T]= +. Tveld
output[{] = +. TVT£0
output[°] = +. TVE)e
output[1] = +. TVIve

This outputs values are appear for patterns as ordered in a third
category in a training set .

Standard output value is;

To determine a limits of a real closed interval for outputs of
patterns in this category by ordering outputs with increasing order ;
output[’] = o, Yvryy

0utput[7 = « YVIvo
output[°] = +.TV&)e
output[rl = .« YVo)1q

Output[r] = o, Fvie)
Output[f] = o, Yyiéo

Differences values for patterns around the standard value
through a previous order of patterns are;
I
e EF
v d VEY
(oo ¥Y9
e e YVF

A real closed interval for a third category ,which is determined
by the patterns outputs values in this category as ;
[« FYFVE o FyT£q

,which is a decision region to take a decision for pattern(s)
recognition ,that determine if a pattern(s) in this category or not .
Then the network is able to recognize any pattern(s) its output(s)
value(s) within this interval to be from its patterns .
The range of a closed interval for a third category at a second
experiment is .+« ¥¥Yr which is larger than a range of this category
interval at first experiment .

A



Chapter Five The Experiments

When a testing step performed through a testing set that also
contained a fuzzy versions for a standard figure for this category,
the network was able to recognize ¢ patterns from a testing set with
patterns , for this category within a determined training interval .

Fourth Category :

Once again ,the network trained on this category with a new
proposed values , and a modification in number of hidden neurons
as in table(e-¥) .

T he Results :

Results of a network training on a fourth category in light of a
proposed parameters values in a second experiment are changed
than in a first experiment .

Mean squared error value is equal to -. -+ Y which is less than
error value at first experiment ,after V4 iterations and through 7"
epochs ,which are less than that number of iterations and epochs
on training to this category at a first experiment . Note that the
decreasing in error value is occurred in spite decreasing a number
of iterations and epochs .

A worst error value that a network reached on training on this
category is equal to .« ¥r7¢ while the average error value is equal
to +.» «r7¢ These worst and average error values are also less
than that values in a first experiment .

Leaning rate value is updated through training on this category
until be -.-79¢9 but it is larger than value that got on in the
previous experiment on the same category .

1 -0.025
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Figure(5-22): Change error value over iterations number for the fourth category
at the second experiment

Outputs values for patterns in a fourth category are ;
output[1] = +. FYrre
Output[r] = + 'TEVA
output[T]= +.Frize

A
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output[f] = e, rrYved
Output[oj = =, FYraAy

This outputs values are appear for patterns as its ordered in a
fourth category .

Standard output value is;
output[ ’] = e, rYrro

By ordering outputs values of patterns with increasing order as ;
output[°] = +. FYTAY
output[1] = . FYrre
output["] = + TVEVA
output[T]= . Friee
0utput[7] = o rIivé
output[f] = « rVveq

Differences values for patterns around the standard value

through a previous order for patterns are;
o. ¢ 0 f/‘

Ce e ET
N S
oo PP
NESVIY:

Pattern(s) output(s) value(s) must not exceed on this range ,
other wise it be out of the determined closed interval for this
category .

A real closed interval for a fourth category ,that determined by
the patterns outputs values in this category as;

[ FYYAY, o rYVEq

,which is a decision region for take a decision for pattern(s)
recognition ,that determine if a pattern(s) in this category or not .

Then the network is able to recognize any pattern(s) its output(s)
value(s) within this interval to be in its patterns .

Range of a closed interval for fourth category at a second
experiment is «.++¢7F which is larger than a range of this
category interval at a first experiment

When a testing step performed through a testing set that also
contained a fuzzy versions for a standard figure for this category,

AR
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the network was able to recognize 1 patterns from a testing set with
Y+ patterns , for this category within a determined training interval .

Fifth Category :

Once again ,the network trained on this category with a new
proposed values , and a modification in number of hidden neurons
as in table(¢-¥) .

The Results :

Results of a network training on a fifth category depending on a
proposed parameters values at a second experiment are changed
than a first experiment .

Mean squared error value is equal to . -+«+«¥¢ which is
traditionally less than error value at a first experiment ,after Y74
iterations ,through 'Y4 epochs .Note that the decreasing in
iterations and epochs numbers than at a previous first .

Worst error value that a network reached on training on this
category is ..+ "1V and the average error value is equal to
+.+ 119 these worst and average error values are also less than
that values in a first experiment .

Leaning rate value is updated during training on this category
until be ... 9v92 is larger than value of learning rate on the same
category in a previous experiment.
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Figure(5-23): Change error value over iterations number for the fifth category
at the second experiment

Outputs values for a patterns in fifth category at this experiment
are as ;
Output[ 1]= « EVIA
output[V] = . EVVer

VY'Y
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output[T] = ¢ A0
output[é] = + £VoT1
output[°] = +. iATOT
output[7]= e EVATA

This outputs values are appear for patterns as it ordered in fifth
category .
Standard output value is;
output[1] = +. £VIiA

To determine a closed interval for patterns outputs values in
this category by ordering outputs with increasing order also, as ;
output[’] = « EVIIA
output[é] = +. £VOTT
output[F] = +. £VV T
0utput[7] = + EVATA
output[T] = +. A )
output[°] = +. iATOT

Note that a standard value is a minimum value and then will be
a minimum boundary in a closed interval and all patterns values is
larger than it .

Differences values for patterns larger than the standard value

through a previous order for patterns are;
e e e )TA

o.oor‘oo
0.005"0
0.0070"‘

v + )OO0

Differences values are also only for output values that larger
than a standard one
A real closed interval for a fifth category ,that determined by
patterns outputs values in this category as;
[+ 6VFA . fA901

,which is a decision region for take a decision for a pattern(s)
recognition determine if a pattern(s) in this category or not .

Then the network is able to recognize any pattern(s) its output(s)
value(s) within this interval to be in its patterns .

The range of a closed interval for a fifth category at a second

experiment is . +!229 which is larger than a range of this
category interval at a first experiment .
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When a testing step performed through a testing set that also
contained a fuzzy versions for a standard figure for this category,
the network was able to recognize Y patterns from a testing set with
Y+ patterns , for this category within a determined training interval .

Sixth Category :

Once again ,the network trained on this category with a new
proposed values , and a modification in number of hidden neurons
as in table(¢-¥) .

The Results :

The results of a network training on a sixth category depending
on a proposed parameters values at a second experiment are
changed than a first experiment .

Mean squared error value is equal to . «+«+¥" which is
traditionally less than error value at a first experiment ,this error
value is a minimum error value that got on training on all
categories ,after Y7Yiterations , through 'Y epochs , note that an
iterations and epochs numbers are less than that at a previous
experiment .

Worst error value at training on this category is equal to
.+ V1o« itis a least worst error value for training on categories of a
training set . Average error value is equal to +.+ < 7oA,

Leaning rate value is updated during training on this category
until be ..+ 7v94 which is also larger than value for training on the
same category in a first experiment.
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Figure(5-24): Change error value over iterations number for the sixth category
at the second experiment

Outputs values for a patterns in a sixth category at a second
experiment are ;
output[1] = +. TF+ oA
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output[V] = +. 7).
output[T] = +. 1rée)
Output[f] =« TYVYA)
output[°] = +. TV
0utput[7] =« TYA99

this order for outputs values is appears as patterns ordered in a
sixth category .

Standard output value is;
output[1] = +. T 0A

Also, to determine a boundaries of a closed interval for output
values in this category ,it were ordered increasingly as;
output[f] = « TTVA)
0utput[7] = + TYA99
output[°] = +. TV17¢
output[1] = +. T+ oA
output[r] = .« 17 .
output[T]= . 1r¢o)

Differences values for patterns around a standard value are:
¢, e rVV

0.00’0‘1
Y
. eror
N

The real closed interval for a sixth category patterns at this
experiment as ;
[« TFVA) . 110

that is a decision region to take a decision for a pattern(s)
recognition determine if a pattern(s) in this category or not . Then
the network is able to recognize any pattern(s) its output(s)
value(s) within this interval to be in its patterns category .

Range of a closed interval for a sixth category at a second
experiment is «.++ 7Y+ this range less than range of this category
interval at a first experiment ,which refer to that capacity of this
category interval to a pattern(s) converge to it is decreased in this
experiment in spite it increased for other categories intervals .

When a testing step performed through a testing set that also
contained a fuzzy versions for a standard figure for this category,

Al
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the network was able to recognize © patterns from a testing set with
Y+ patterns , for this category within a determined training interval .

Seventh Category :

Once again ,the network trained on this category with a new
proposed values ,and a modification in number of hidden neurons
as in table(¢-¥) .

The Results :

The results of a network training on a seventh category
depending on a proposed parameters values at a second
experiment are changed than a previous experiment .

Mean squared error value is equal to -.+++ T2 note that this
value is also less than that one in a first experiment on the same
category ,after Ar¥iterations , through ' epochs ,these numbers
are less than that numbers at first experiment .

Worst error value at training on this category is equal to
.« 7YY, while average error value is equal to :.: VY these
values are also less than that values in a first experiment ,which
means minimize error value at this experiment .

Leaning rate value is updated during training on this category
until be -.-9v27% which is also larger than a value for training on
the same category in a first experiment
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Figure(5-25): Change error value over iterations number for the seventh category
at the second experiment

Outputs results values for a patterns in a seventh category at a
second experiment are ;
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output[1] = +. V1990
output[r] =+ Vr97¢
Output[’ﬂ] =+« VT9IA
output[£] = +. VT iAo
output[°] = + VTALF
0utput[7] = + VYA 9

Also, this order for outputs values is appears as patterns
ordered in a seventh category .

Standard output value is;
output[’] = vyddo

To determine a closed interval for output values in this category
, it were ordered increasingly as;
output[1] = +. V1190
output[T] = +.VTA 19
output[°] = + VTALF
output[r‘] = « VY9N
output[r] = + Vr97¢
output[£] = +. VY iAe

Note that a standard value is a minimum value .

The differences values for a patterns that larger than standard
value through a previous order as;
ve e AV E
e i AEA
e eedrr
v 979
v e 99,

Differences values are only for outputs values larger than a
standard output value the pattern(s) output(s) value(s) must not
exceed on this range for differences values, other wise it be out of
the determined closed interval for this category .

The real closed interval for a seventh category patterns as ;
[«.V1990, + YYiAq

,.which is a decision region for take a decision for a pattern(s)

recognition, that determine if a pattern(s) in this category or not .
Then the network is able to recognize any pattern(s) its

output(s) value(s) within this interval to be in its patterns category .

VYA
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Range of this closed interval for a seventh category at a second
experimentis «.-+99. Which is larger than range of this category
interval at a first experiment , that refer to capacity of this category
interval for a pattern(s) converge to it is increased in this
experiment .

When a testing step performed through a testing set that also
contained a fuzzy versions for a standard figure for this category,
the network was able to recognize ¢ patterns from a testing set with
Y+ patterns , for this category within a determined training interval .

Eighth Category :

Once again ,the network trained on this category with a new
proposed parameters values , for training in the second experiment
as occurred in a table(°-¥) .

The Results :

Results of a network training on the eighth category are
changed than a previous experiment .

Mean squared error value is equal to .-« which is less
than a value in a first experiment ,after !4 iterations ,through o4
epochs ,also note that the increasing in numbers of iterations and
epochs than that in a previous one .

Worst error value at training on this category is equal to «. - Yv¢)
,.while average error value is equal to .« - ¢27, these values are
less than that in a first experiment ,and average error value is a
maximum one for training a network on a categories in a training
set which means minimize error value at this experiment .

Leaning rate value is updated through training on this category
until be -.-A212 which is less than a value for training on same
category in a first experiment .
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Figure(5-26): Change error value over iterations number for the eighth category
at the second experiment
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Outputs results values for a patterns in a seventh category at a
second experiment are ;
output[1] = +. Iveri
output[r] =« IViiy
output[T]= . 1vei1
output[£] = +. TveeoT
output[°] = +. V)TV
output[7] = +. IVY11

This order for patterns outputs values is appears as patterns
ordered in an eighth category .
Standard output value is;
output[] = +. 9VorT

To determine a closed interval for outputs values in this
category through increasing order as ;
output[°] = +. V)TV
0utput[7] = « 9yYriT
output[1] = +. TVer1
output[£] = +. Ve
output[T] = . TVe 1
output[r] =« 9V19y

Differences values for a patterns outputs values around a
standard output value with previous order as;
o 0 roq
AT
NS
eV
v e e 1Y)

The real closed interval for an eighth category, that it

determined by a patterns outputs values in this category IS;
[.9V1TY, . 91V

.which is a decision region for take a decision on pattern(s)
recognition, that determine if a pattern(s) in this category or not .
Then the network is able to recognize any pattern(s) its output(s)
value(s) within this interval to be in its patterns category .
Range of a closed interval of the eighth category at a second
experiment is -.-+°r+ which less than range of this category
interval at a first experiment .

Ve
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When a testing step performed through a testing set that also
contained a fuzzy versions for a standard figure for this category,
the network was able to recognize Y patterns from a testing set with
Y+ patterns , for this category within a determined training interval .

Discussion of the Second Experiment :

The categories intervals of a training set at the second
experiment are;

First category [coen €8 v ¥ ]
Second category [ +.VYOIY v VY A]
Third category [ +.YVYVY , .+ YViio]
Fourth category [ +.YYVAY « YYVEQ ]
Fifth category [« EVFAA « £Ad0Y ]
Sixth category [ +.TYYAY AV E0) ]

Seventh category [ +.V)Y390 « VY3Ao]
Eighth category [ +.AYYTY « AVIAV ]

The ranges of these intervals at this order of categories intervals
are;
VYo
2Yl¢go
VoA YVY
e £
...\ooo
AR
LR
EEN-A

-

A least range is for third category interval equal to +.«+YVY
.while a largest one is for a first category interval and equal to
...Y'\o\/ )
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Differences of the regions between these intervals -error
regions- for a second experiment are as;

LYY
SS2RY:
C gy
V1671449
CYAYA
NVYSY:
VYEVAY

A least difference occurred between a third category interval
and the fourth category interval equal to +.«£1¢Y This may reflect
that these patterns categories are rather way alike or may be
similar in some features values but the network was capable on
recognize it at a second experiment, and error in recognition is
least ,the same view for other small differences values .

Largest difference(range) is occurred between a seventh and
eighth category interval and it is equal to +.Y¢)YAY it means that
the error is larger between these two categories .

Note .

). The output value for any pattern(actual output) do not belongs
to two(or more) categories interval in the same time
at a second experiment .

r. The outputs values at categories intervals were ordered
increasingly ,this may because the choice of desired outputs
values with increasing order ,and then it appear as sequential
intervals in numbers line(if it is ordered) ,see figure(°-¥Y) for a
decision line at a second experiment ,this sequence began with
a first category interval and then the second category interval
and the third and the fourth ,and so on until ending of all the
eights categories intervals.

r. In addition to regions between these closed intervals of
categories ,there are regions out over the maximum value for
all intervals(a maximum boundary of the eighth category
interval in this experiment) ,and a less than a minimum value
for all intervals categories(minimum boundary of a first category
interval in this experiment).

It are also an error regions but it be larger ,since it expended

V&Y
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to infinity with the two directions ,a minus and plus infinity ,to
—oo and « ,respectively .

The resultant of testing through this experiment, was at
recognize 1V pattern for all categories from the number of

patterns Y1+ patterns that were used .

VEY



Categories || Epoch | It.No. MSR Average err. | Worsterr. || Eta. updated [ Min. boundary || Max. boundary Range
ﬁcategory 1190 VIV oo tq YIZ e PAYY et Tyy Y27 EEEE erroy

1" category 1ry vey RN 2 NI o e YOAY e GVAY X2 ot ted e e VTE0
ﬁcategory YA 194 eeeefd YRR Y BREEVX] L TYPVY L rYIfe el IYF
ﬁ‘category T 27 eeefy LY N2 Y] 0999 LEPTAY L PrVES YEi
ﬁcategory 1rA VA R Z] RN ZL] ety IZr L EVIAA X . 11000
ﬁcategory 1ry viy e fy RN L) R ax IR AL ) LTPVYAY o TrE0Y e TV
ﬁcategory 119 ArY L & e VY e e Py e, 0 9v09 V1990 o VriAe e, 0099,
ﬁcategory Foh r1£A e Y eeefor N7 YYIr LavrTy L avidy I

Table(5-4):

Conclusions values for the eight categories from the second experiment
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Figure(5-27): Decision Line for the second experiment
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©.° Third Experiment :

The third experiment idea is proposed to show effect of
increasing number of patterns in each category than previous
number which proposed in a first and second experiments .This
effect will shown clearly through implementing on a categories of a
training set with a same proposed training parameters values , and
other essential parameters in first experiment ,as in table (¢-)) .The
number of patterns were increased to one pattern into each
category .Then number of patterns will be °% patterns , with v
patterns In each category .These patterns were extracted in same
way and features also extracted in a same file for a category .

Inputs values were normalized to be inputs to a network ,later
results will illustrate for each category .

Same steps would accomplish on outputs values such in a first
experiment .Outputs values would be ordered increasingly to
determine a boundaries of a closed interval of outputs values for
each category ,and then compute a range(which represent a scope
capacity) for each category interval to know how much values can
this interval converge on outputs values to a standard output value
for that category .

The ranges of error regions were also computed ,and compared
with the others in a previous experiments .

Note :The seventh pattern that added to each category through

this experiment is also a version from a standard figure for that
category ,that is versions number is increased at each category .

Note :Steps of a suggested method is also implemented , it is
extracted from the resource and then extract features values to
get a numerical file of a features values for seven patterns at
each category .
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First Category :

The results of training on this category were illustrated in
figure(°-YA) for changing error value over an iterations number .

Mean square error value is equal to -.:+:VYY after YV.¥
iterations, through °Y4 epochs at training .The worst error value
over a full epochs number equal to -.:Y4¢Y Jand the average error
value over a full epochs numberis +.::217 |

Learning rate is updated through training ,its value after end
training is +.* v+ £¢Y The error value here is a maximum error value
for training over all categories at this experiment .

0.035
0.03
I 0.025
0.02
0.015
o] 0.01
0.005
0

3000 2000 1000 O

error value

iterations number

Figure(5-28): Change error value over iterations number for the first category
at the third experiment

Outputs values for each pattern in this category under work in
third experiment are;
output[V] = ¢+ £+019
output[1] = .+ VTN
output[F]= ¢, Ve T)
output[T] = .+ &)
output[£] = ¢+ V707
output[°] = ¢+ E1AT
output[T] = . 79X

This order for patterns outputs values is appear here as patterns
order in the first category after adding the seventh pattern(copy) .

Note the outputs values changed for patterns than a first
experiment ,also changing a standard output value at this
experiment .

Standard output value is;
output[1] = +. « V1A
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After reordering outputs values ,as increasing order will be ;

output[V]= ¢, Ve T)
output[1] = «+. « V1A
output[£] = +. V107
output[T] = .« TIr9
output[V] = ¢+ £+01
output[°] = +.+ £IAT
output[T]= .+ &eT)

Differences values for patterns outputs values around a

standard output value through the order be ;
¢ e OANY

NN
CeYYay
CYEYY
v Vo)
v OYAAY

Then the real closed interval for a first category ,at this
experiment ,that determined by a patterns outputs values after
ordering be ;

[e.eFeT), o s0r]

which is a decision region for pattern(s) recognition at this
category through it a network be able to recognize a pattern(s) if it
in a patterns of this category .

The range of a closed interval for this category at third
experimentis «.+Y&V. |

When a testing step performed through a testing set that also
contained a fuzzy versions for a standard figure for this category,
the network was able to recognize Y9 patterns from a testing set with
Y+ patterns , for this category within a determined training interval .

Second (Category :

The results of training on this category were illustrated in
figure(°-Y4) for changing error value over an iterations number .

Mean square error value for training is +.++++Y ,which is a
minimum error value for training on all categories in a training set
at this experiment ,after 4\ iterations through Y epochs. Note that
this number of iterations and epochs is a minimum number at work
of a network at training .Worst error value over a full epochs is
+.++¥Y¥1 and average error value over a full epochs is +.++YV+ |
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These error values for average and worst error are a minimal
values for training on all other categories .

Learning rate at this category is updated through training ,to be
at value -+.-134Viit is also a maximum learning rate value for
training on all categories ,that means the choice of this value is
appropriate for this category .
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0.004 error value
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@ 0.002

0
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iterations number

Figure(5-29): Change error value over iterations number for second category
at the third experiment

Outputs values for all patterns in this category under work in
third experiment are;

output[V] = . 1éA)E
output[V] = . V&V
output[V] = . 1EATO
output[V] = +. 1 E£iA.
output[£] = ¢ 17+ 919
output[°] = +.10TA-
output[T] = +. 1 EVTA

This order for patterns outputs values is appear here as patterns
ordered in second category after adding the seventh pattern to a
category .Note outputs values changed for patterns than in a first
experiment ,also changing a standard output value at
this experiment .

Standard output value is;
output[)] = +. V&V
Now by reordering outputs values to determine a closed interval
for this category ,with increasing order as ;
output[7] = + JEYTA
output[T] = +. 1 £&A
output[!] = +. V&V
output[V] = <. VéA) £
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output[F] = +. 1EATO
output[°] = +.10TA«
output[£] = +. 1T+ 99

The differences values for patterns outputs values around a

standard output value after ordering are ;
el EVY

‘e «YY.
ERY:
v eaYTo
vocTA
AR L

A real closed interval for a second category at third experiment ,
which determined by ordering a patterns outputs values in this
category is;

[o, VEYTA o, ) T 77]

which is a decision region for pattern(s) recognition at this
category ,through it a network be able to recognize a pattern(s) if it
in a patterns of this category .

The range of a closed interval for a second category at this
experiment is .+ YAY) is maximum than a range for this category
in a previous experiments, also it is a maximum value for range of
a closed interval category than all other intervals categories at this
experiment ,that is wide capacity for pattern(s) output(s) value(s)

When a testing step performed through a testing set that also
contained a fuzzy versions for a standard figure for this category,
the network was able to recognize Y patterns from a testing set with
Y+ patterns , for this category within a determined training interval .

Third Category :

The results of training on this category were illustrated in
figure(°-Y'+) for changing error value over an iterations number .

Mean square error value for training on this category is equal to
v+ Y after 1) jterations through Y epochs .

Worst error value over a full epochs is +.:YeY1 | and the
average error value over a full epochs is +.:+°+Y This average
error values is a maximum value through training on all other
categories .

Yo
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A learning rate is updated through training ,and it is value after
end the training is «.+ 1A%}

0.04
+0.03

+t0.02 error value
A
=X 0.01

-0

700 600 500 400 300 200 100 O

iterations number

Figure(5-30): Change error value over iterations number for the third category
at the third experiment

Outputs values for all patterns in this category and under work
in a third experiment are;
output[V] =
output['] =
Output[r] =« F)1779
output["] = .y
output[£] = . V1V )
output[°] = +. V1ers
output[T] = +. V1oV

Y.qVv)
Y10.0

-

-

This order for patterns outputs values is appear as a patterns
ordered in third category after adding the seventh pattern to a
category ,also note that outputs values changed for patterns than
that in a first experiment ,and changing a standard output value at
this experiment .

Standard output value is;
output[1]= <. V1.0

Outputs values were ordered to determine a closed interval for
this category ,increasingly as ;
output[V] = +. 7+ V)
output[1] = +. V1.0
output[T] = . V1oV
output[°] = +.VIeors
output[f]= +.¥11I¥
output[r] = . V779
output[£] = +. VI V)

Vo)
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Differences values for patterns outputs values around a
standard output value after ordering be ;
Y]
vy
NN K
NEEARYS
R ¥
SRR

The real closed interval for a third category at this experiment ,
by ordering patterns outputs values increasingly in this category is;
[«. 79V o FIVel]

which is a decision region for pattern(s) recognition at this
category ,that is a network is able to recognize a pattern(s) its
output(s) value(s) in this interval ,in its patterns category .
The range of a closed interval for a third category at this
experimentis «.+«VY¥+ |
When a testing step performed through a testing set that also
contained a fuzzy versions for a standard figure for this category,
the network was able to recognize Y patterns from a testing set with
Y+ patterns , for this category within a determined training interval .

Fourth Category :
The results of training on this category were illustrated in
figure(°-¥V) for changing error value over an iterations number .

Mean square error value is -.:++°° after ):+A iterations
through Y¢¢ epochs ,the worst error value over a full epochs is
+.+YYYY 'and average erroris +.»+£VE |

A learning rate is updated through training ,and its value after
end training is +.» 3A3Y |

Yoy
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Figure(5-317):Change error value over iterations number for the fourth category
at the third experiment

Outputs values for all patterns in this category at the third
experiment are;
Output[V]: ., r" V?’?’

output[V] = +. V1o
Output[r/]: o_f")'?‘lo

Output[ojz '_r” "77
Output[7]= t.Y‘H/Vf

Also, this order for patterns outputs values is appear here after
adding the seventh pattern to a category ,the outputs values
changed for patterns that in a first experiment ,and changing a
standard output value at this experiment .

Standard output value is;

output[’] = . VEry

The outputs values were ordered to determine a boundaries of

a closed interval for this category , as ;
output[V] = +. F+VTY
output[°] = +. I I97
output[’] = VY
output[F] = +. V1o
output[T]= . 71190
0utput[7] = . )Vré
output[£] = . FIVAY

The differences values for patterns outputs values around a

standard output value after previous order be ;
¢ e V’ *

n_nnhv-k
~_~~\\\’
Coaayay

oY
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LI Y q Y
+ v Yoo
The real closed interval for a fourth category, at this experiment,
which is determined by ordering increasingly a patterns outputs
values in this category is ;
[P VYY  FIVAY]

which is a decision region for pattern(s) recognition at this
category ,and a network be able to recognize a pattern(s) its
output(s) value(s) in this interval ,in its patterns category .

The range(scope) of this closed interval for the fourth category
at this experimentis +.«V+10¢ |

When a testing step performed through a testing set that also
contained a fuzzy versions for a standard figure for this category,
the network was able to recognize ¢ patterns from a testing set with
Y+ patterns , for this category within a determined training interval .

Fifth Category :

The results of training on this category were illustrated in
figure(°-Y'Y) for changing error value over an iterations number .

Mean square error value for training in this category is +.++¢2+ |
after V) ¢A iterations through Y1¢ epochs ,a worst error value over a
full epochs is +.+YYe) | and the average error value over a full
epochsis +.««+£% |

Learning rate at this category is updated through training until
be ~_~‘1'L'LV .
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Figure(5-32): Change error value over iterations number for the fifth category
at the third experiment

The outputs values for all patterns in this category at the third
experiment are;

Yot
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output[V] = ¢ £T+ 17
output[1] = +. £707)
output["]= e ETA)
output[V]= ¢ EVeEY
output[f]= LETT9Y
output[®] = <. EVALE
output[T] = +. £79.7

-

-

Also, this order for patterns outputs values is appear as a
patterns ordered in the fifth category after adding the seventh
pattern to a category .Outputs values were changed for patterns
than in a first experiment ,and changing a standard output value at
this experiment .

Standard output value is;
output[1] = . £709)

After ordering the outputs values to determine a closed interval
for this category , with increasing order as ;
output[V] = ¢ ET+ 17
output[1] = +. £707)
output[f] = « £779YV
output[r] = + E£TA).
output[T] = +. £79.7
output[V] = + &V &V
output[®] = <. EVAEE

Differences values for patterns outputs values around a

standard output value after previous order are;
¢ ¢+ 0000

R
CoeYh A
v veYYo
~_~~i°'1
LYoy

The real closed interval for the fifth category at this experiment ,
which determined by ordering a patterns outputs values in this
category is;

[ £T01T o £VA£S]

,which is a decision region for pattern(s) recognition at this
category ,through it a network be able to recognize a pattern(s) it in
a patterns of this category .

Yoo
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The range of a closed interval for the fifth category and at this
experiment is +.*YA+A which is larger than a range for this
category in a previous experiments .

When a testing step performed through a testing set that also
contained a fuzzy versions for a standard figure for this category,
the network was able to recognize Y9 patterns from a testing set with
Y+ patterns , for this category within a determined training interval .

Sixth Category :

The results of training on this category were illustrated in
figure(°-Y'Y) for changing error value over an iterations number .

Mean square error value for training is equal to «.++ %2 | after
V.oV jterations through Y°) epochs at end training .Worst error
value over a full epochs numberis +.:Y++Y / and the average error
value over a full epochs numberis +.++£Y% |

Learning rate is updated through training ,and its value after
training is .+ VYV |
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Figure(5-33): Change error value over iterations number for the sixth category
at the third experiment

The outputs values for patterns in this category at the third
experiment are;
output[V] = ¢ T+ATT
output[1] = +. TV A
Output[r] =+ TYETY

Yo
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output[T]= +. 1YV
Output[f] = . 7109
output[°] = ¢ TV TV
output[T] = +. TV 00

Also, this order for patterns outputs values is appear as a
patterns ordered in the first experiment for this category ,but after
adding the seventh pattern. The outputs values were changed for
patterns than in a first experiment ,and changing a standard output
value at this experiment .

Standard output value is;
output[’] = =, ‘H’M.

After reordering the outputs values with increasing order as ;
output[V] = +. T+AT9
output[f] = .« 119
output[T] = +.1V.00
output[°] = +. TV T
output[1] = +. TV 1A«
Output[r] = « TYETY
output[T]= +. TV1V.

Differences values for a patterns outputs values around

standard output value under previous order be ;
)

e YEQ
v v VYo
KRS
o YAY
EEEA Y

Then the real closed interval for sixth category at this
experiment after the ordering is ;
[, TeATT o« TFTV.]

,which is a decision region for pattern(s) recognition at this
category ,through it a network be able to recognize a pattern(s) if it
in a network outputs values for this category to be in its patterns
category .

The range of a closed interval for the sixth category and at this
experiment is +.«YA+) is refer to that a capacity of this category

YoV
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interval is increased in this experiment than a range previous
experiments .

When a testing step performed through a testing set that also
contained a fuzzy versions for a standard figure for this category,
the network was able to recognize Y patterns from a testing set with
Y+ patterns , for this category within a determined training interval .

Seventh Category :

The results of training on this category were illustrated in
figure(°-Y'¢) for changing error value over an iterations number .

Mean square error value is equal to +.:++¢%1 | after )1
iterations through YeA epochs at training .The worst error value
over a full epochs number is equal to .+ Y+ ¢A, and average error
value over a full epochsis +.»+£¥o |

Learning rate is updated through training ,and its value after
end training is +.+ 314
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Figure(5-34): Change error value over iterations number for the seventh category
at the third experiment

Outputs values for patterns in this category at the third
experiment are;
output[V] = . V24
Output[’]= e VITTA
output[F] = +.VV)e1

Yo A
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output[T]= +. V¥
Output[f] = . VrIvy
output[°] = + VTV TV
output[T] = +. VYV 1+

This order for patterns outputs values is appear as a patterns
ordered in the first experiment for this category after adding the
seventh pattern to a category .Outputs values were changed for
patterns than in a first experiment ,and changing a standard output
value at this experiment .

Standard output value is;
output[’] = V’ Vf/t

After reordering the outputs values to determine a closed
interval for this category ,with increasing order as ;
output[V] = +.V+2TA
output[’] = « VITTA
output[T] = +. VYV )
output[°] = . VY'Y
output[T]= +. V¥ &
output[F] = +.V¥1eT
output[f] = . VYr)vyr

The differences values for patterns outputs values around a

standard output value under previous order be ;
¢ e 7 7 *

Lo VAY
VY
v AV
c e AYA
ST

Then the real closed interval for the seventh category at this
experiment ,which is determined by a patterns outputs values in
this category ,through previous order is ;

['.V007/‘) o_VY‘H/r]

,which is a decision region for pattern(s) recognition at this
category ,through it a network be able to recognize a pattern(s) if it
output(s) value(s) be in this category interval .

Yeod
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The range of a closed interval for a seventh category and at this
experiment is +.+)Y1+¢ is refer to that a capacity of this category
interval is increased in this experiment than previous experiments .

When a testing step performed through a testing set that also
contained a fuzzy versions for a standard figure for this category,
the network was able to recognize 1 patterns from a testing set with
Y+ patterns , for this category within a determined training interval .

Eighth Category :

The results of training on this category were illustrated in
figure(®-Y°) for changing error value over an iterations number .

Mean square error value for training is equal to +.:++VY | after
YV£Y jterations through Y+ epochs. The worst error value that a
network reached over a full epochs is equal to +.:YV31 \which is a
maximum value for worst error for training a network on all
categories at training set ,average error value over a full epochs is
+.++2tY The learning rate is updated through training ,and its
value after end training is +.*AAS)

0.04
0.03

0.02 error value

A
@ 0.01

0
2000 1600 1200 800 400 O

iterations number

Figure(5-35): Change error value over iterations number for the eighth category
at the third experiment

Outputs values for patterns in this category at the third
experiment are;

Y.
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Output[V] = .« q57r1¢
output[’]= o GNEET
output[V] = +. T7T+A
output[T]= +.9701¢
Output[f]= e GTETA
output[°] = +. 171 1°
0utput[7]= L qIM)VY

This order for patterns outputs values is appear as a patterns
ordered in the eighth category after a after adding the seventh
pattern to a category .Outputs values were changed for patterns
than in a first experiment ,also changing a standard output value at
this experiment .

Standard output value is;
Output[’] = 97549

Then reordering the outputs values to determine a closed
interval for this category ,with increasing order as ;
output[V] = .« q57r%¢
output[°] = +. 9T)re
output[7] = 977V
output[’] = » 9787
output[f] = ., 97874
output[T]= +. 9701 ¢
output[F] = +.9TT+A

The differences values for patterns outputs values around a

standard output value through order be ;
arry

SRR
AL
Can XY
Coee A
Coeany

Then the real closed interval for the eighth category at this
experiment ,that it determined by a patterns outputs values in this
category ,through last order is ;

[t_ qerre ., ‘1770/‘]

,which is a decision region for pattern(s) recognition at this
category ,that is a network be able to recognize a pattern(s) if it

AR R
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output(s) value(s) be in this category interval to be in a patterns of
this category .

The range of a closed interval for the eighth category and at this
experiment is +.+YYV¢{ is refer to a capacity of this category interval

at this experiment

When a testing step performed through a testing set that also
contained a fuzzy versions for a standard figure for this category,
the network was able to recognize © patterns from a testing set with
Y+ patterns , for this category within a determined training interval .

Discussion of the Third Experiment :
The intervals of a training set categories at third experiment are;

First category OARRANIRELARE
Second category [+ ) EYYA [+ V1.444]
Third category ~ [+.Y+3V) + YIVI]
Fourth category [*+.V+VYY « TIVAY]
Fifth category  [+.&87 Y1 EVALL]
Si)(tﬁcatego;y [~_'1~/\'l°"~_1\“1\/~]
Seventh category [+.V+2TA « VYV
Eighth category [+ TETTE « TTT4A]

The ranges of these intervals through this order are;
CaYEV
VYAV
Ve VY
R I )
COYACA
YA
AR
VoYYV

AR
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Note that a least range(scope) is for third category-once again-
interval and it is equal to .+ VY. while largest range is for first
category interval and it is equal to .+ Y£V«

The differences(ranges) of regions between these intervals(error

regions) are for two sequential intervals at the third experiment as;
R RELY

v 2 EAYY
v 2090y
IAEARA!
~_\Y‘~Y°
2 YAQA
« YY Y

The least range occurred between second and third category
interval that equal to .:¢AYY This may reflect that error region
between these two categories intervals is small ,while a largest
range is between a seventh and eighth category interval as
+ YY+IY It means that an error region is larger here than other
regions

Note
). The output value for any pattern(actual output)do not belongs
to two(or more)categories intervals in the same time at the
third experiment .

¥ The outputs values at categories intervals were ordered
increasingly ,this may because the choice of desired outputs
values with increasing order (as in previous experiments),and
then it also appear as sequential intervals in numbers line

(if it is ordered),see figure(°-7) for a decision line at the third
experiment .Also this sequence began with first category
interval and then second category interval and the third and
fourth ,and so on until ending with the eight category interval .

r. Also, in addition to regions between these closed intervals
of categories ,there are regions out over the maximum value
for all intervals categories(maximum boundary of the eighth
category interval in this experiment) ,and a less than minimum
value for all categories intervals(minimum boundary of a first
category interval in this experiment)

It are also an error regions but it be larger ,since it expended
to infinity with the two directions ,a minus and plus infinity ,to

'y



Chapter Five The Experiments

—oo and « ,respectively .

The resultant of testing through this experiment, was at
recognize Y patterns for all categories from the number of patterns
V1 patterns that were used.

Not that the increasing in recognition ability in third experiment
for most categories than a previous experiment ,so this mean
improve the performance of network under conditions at this
experiment .

A%
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Categories Epoch | It .No. MSR Average err. || Worsterr. || Eta. updated Min. boundary Max. boundary Range
ﬁcategory orq rvor | oeeevy YT e PEEP e VeEY e e e for e rEY.
" category 1y 9 eeaef oot el YV o o944y L NEXTA 17449 1AV
%T“category 9y 109 eeenty e reoo e rerT e A9 L redyy 2 el VP
ﬁcategory 1£¢ 1ooh Y Y1Z] e rrry e dvEy L revry L FIVAY o170
Tﬁcategory 17¢ 1164 EERYZ] T X2r: X EETZ L ETOPT L EVAEL Y
=7"ﬁcategory 104 B R YL aFeey e dvry L TeATd LTIV R
Tﬁcategory 104 117 e £ IR 2 4 R R ) 0979, o Veoia LYrrvy RS AR
ﬁcategory #e y1éy el VY Y Y IZE Y YXE L erre NEEERY 427

Table(5-5): Conclusions values for the eight categories from the third experiment
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0061 009931 049272 016089 020971 021701 030722 03175 04603 0. 47533 DOOSGS OGZOP0 070563 072172 OB4234 0.9060%
o ol (1§ "k od as ('R a3 as [ ]

—- | -—p - =} o= ] =} = -} o= -
LYY CVEAVY LAYy CAEYEq CAYLYe CoVASA LYYy

Figure(5-36): Decision Line for the third experiment
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©. % Future Works

| wish to this work to be from a literature reference for more
and more incoming works ,as it was builds on a previous works ,so
here would available several ideas and suggested schemes to any
one want to work on the same subject .These ideas extracted
during the time of research and the hard problems which confront
perform this work, to be as a researches subjects in future .

== Perform the suggested method with functions depends
on time as depended variable ,which also exploit
continuous wavelets, on movable images such video
images .

=2 Use a summation of more than two functions in the
activation function .

== Use more than one wavelet function with one or more
from membership functions

=2 Use an other continuous types of wavelets or
membership functions .

=2 Use non linear functions as a relation between a
wavelet(s) function(s) and membership function(s) .

== Sure ,try to implement the suggested method on a more
complex images (not geometric curves) ,and/or with
different colors .

== Perform the suggested method on colored images ,that
is colored backgrounds with different colors and
different coloring ways at coloring the closed area that
determined by the curves in images at training set
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