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 لخصـــــــالمّّ

ّ

الـاواص ّّلًعاو ّّحّبا ّالًؼـقاا ّّّهذهّالأوامّتًٍهّالًؼـقاا ّمداوّالأنظؿاةّانٍقـاةّّّّّّّّّّّّّّ

ّ.سـدّادًُدامّتؼـقةّواحدةّصدّتردّوا٘شاكلّالتيّ

الاتئّؿانّنظرواةّّّّّرار ّالاًفٍ ّّمحورّاٖدوثّفيّهذاّاليَاثّهاوّاداًُدامّّّّّّّّّّّّّّ

توصا ّّدالاةّتـشاق ّّّاصتراحّّحمنّخلالا٘ضيبّّمنّالشيؽا ّالعصيقةّوا٘ـطقّا٘ويجةّ

دوالّمِااًؿرة.دالةّا٘ويجااةّّهاايّحوهذهّالاادوالّدالااةّمويجااةّوّدالااةّسضااووةّّّكٍؿاانّ

لؽااو ّّالعضاووةّّّدالاةّهايّّّعضاووةّلحبقـؿااّدالاةّاّّّ(Mexican hat)مويجاةّّاًُ٘ارةّهيّ

(Gaussian)ّّ.ّ

حِااا ّماانّخاالالّّّجدواادّفيّاذاااقّالؼاارارّّّأاااهّهااذهّالطروؼااةّكااذلتّتؼااترحّّّّّّّّّّّ

 actualلشايؽةّ)سانّاّلؼاق ّاُ٘رجاا ّالػعؾقاةّّّّسـادّتراترةّمغؾؼاةّّّّّ(outputsاُ٘رجاا ّّ)

output values)ّ الّ٘دخلا(ّشايؽةinputs valuesّّّوّالاتيّهاي)ّّّ صاق ّصاػا ّّّمؾػاا

حّوالاتيّتاوتررّصاسادةّواداعةّّّّّ( training set )ادًُدمتّكؿٍؿوسةّتادروبّّالصورّالتيّ

مِاالةّيققازّّّخاصةّوانّالطروؼةّا٘ؼترحةّنػذ ّسؾاىّّّالأنماطّ ولقـٍزّتؼارلؾعؿلّسؾقفاّ

ّ.الأنماط

مرداومةّوادوواّّّّلأذاؽالّهـدداقةّّسؾىّمجؿوسةّمنّالصاورّّّةحنػذ ّالطروؼةّا٘ؼترّّّّّّّّّّ

)وّّداًةّأذاؽالّّ.ّفيّكالّترىاةّّّالشيؽةأمؽانقةّحلإثيا ّوالتيّتًدرجّفيّالًعؼقدلٌؿانّترىا ّ

وّالاذيّّحاحدهاّهاوّالشاؽلّالؼقادايّلؾػىاةّّّّّؽال(فيّبعضّالًٍار ّتمّادًُدامّديعةّأذ

ّ.ّةّ(ّسـهّاااخّمضييةّ)مشوذااااامنّنِهيّّأخرىتؾتّالػىةحّوّدًةّأذؽالّيمقزّ

ّيققازّالأنمااطّّّلأنفااّتعًؿادّسؾاىّّّّهذهّالطروؼةّا٘ؼترحةّهيّترؽرةّحدوٌةترؽرةّّإنّّّّّّّّّّ

كونفااّيجابّّّققزهااّّا٘ارادّيّّللأنمااطّصاق ّاُ٘رجاا ّالػعؾقاةّّّّاسًؿادهاّسؾاىّّمنّخلالّ

حوّٓددّتؾتّالػىةّّفيّتؾتّطالأنماّالػترةّا٘غؾؼةّلؼق ّمخرجا ّإلىـًؿيّتّسؾىّالأصل

الػترا ّمنّخلالّصق ّاُ٘رجا ّالػعؾقةّلأنماطّتؾتّالػىةّحيًؾتّكالّترىاةّتراترةّمغؾؼاةّّّّّ

لاّتًؼاارنّّّأنبّحويجاّالأخرىذًؾا ّسانّعقانّتراترا ّالػىاا ّّّّّّلؼق ّمخرجا ّأنمارفاّ

حكااذلتّيمؽاانّاسًيااارّهااذهّالػااترا ّا٘غؾؼااةّا ّماانّالػااترا ّالأخاارىّمطؾؼاااّهاذهّالػااتّر

أوّّتؾاتّالاتيّتؼانّّّّّّب ّهذهّالػاتراّ ّقتعًبرّا٘ـاربقـؿاّلاخًيارّالًؼار ّ.كؿـارقّصرارّ
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صادرّمااّتِاًطقنّّّّّةضاّترػا٘الشايؽةّّّٓااولّّحترضاا ّالػاترا ّا٘غؾؼاةّكؿـاارقّخطا ّّّّّّخارجّ

اٗطا ّّتؼؾقالّاحًؿاالا ّّّحوّمانّثا ّّّا٘غؾؼاةّلًؾاتّالػىاا ّّّّقّا٘ـاارقّبا ّالػاترا ّّّّضققت

ّّّّالًدروبّّ.ّلخلا

تادروبّّّسـد.لًوضقحّالعؿلّوّكػا ةّالطروؼةّا٘ؼترحةّّالًٍار ّنػذ ّالعدودّمنّّّّّّّّّّّ

ثابًاةّٕؿقانّّّنّتؽاوّأنّخالالّالًٍاار ّيجابّّّّا٘ػروضاةّّصق ّا٘عؾؿا ّطةّاالشيؽةّبوادا

الأذاااؽالّفيّمجؿوساااةّّؿؾاااتّالًٍرباااةّالأولىّسؾاااىّ.ّسفيّالًٍرباااةّالواحااادةّالػىاااا ّ

وّصابؾقاةّالًعؿاق ّلؾًؿققازّّّّّسـادّالًعامالّمانّتؾاتّالأذاؽالّّّّّوكانتّالـًائجّجقادةّّالًدروبّ

ّخلالّالػترا ّ.

مـاارقّاٗطا ّبا ّّّّالشايؽةّوّلًؼؾقالّّّتراسؾقاةّّّكؿَاولةّلزوادةالًٍربةّالٌانقةّصدمتّّّّّّّّّّّّ

ساددّّبزواادةّّالشايؽةّّّهقؽالّحمنّخالالّٓاوورّّّّ ُّ٘رجا ّأنماطّالػىاالػترا ّا٘غؾؼةّ

صااق ّخطاا ّلاحظـاااّباا نّهااذاّالـااو ّماانّالزوااادةّّ.ّكاا  لًوضااقحّحوّأوضاااّالعؼاادّاُ٘ياا ةّ

ّيةّلقِتّبِقىةّ.ااوّبـِّضا لتتصدّالًدروبّ

داعةّّةّحوّحاولاتّيواادةّّّسؾقاّالػاسؾاىّيواادةّّّادًؿر ّالمحاولا ّفيّالًٍربةّالٌالٌةّّّّّّّّّّّ

كالّذاؽلّّّسانّّّسددّالـِخّا٘ضاييةّخلالّيوادةّّمنحّالأنماط٘زودّمنّا٘غؾؼةّالػترا ّ

ّصقاديّفيّكلّترىةّ.

بزوادةّةّا٘ؼترحةّاابًـػقذّالطروؼالًٍربً ّالِابؼً ّّأترؽارالًٍربةّالرابعةّّععتّّّّّّّّّّّ

هاذاّوٌياتّبا نّّّّوفيّمجؿوساةّالًادروبّ.ّّفيّكالّترىاةّّّّالأنماطوسددّسددّالعؼدّاُ٘ي ةّ

ّسـدّأجرا ّهذاّالًَوورّ.ِٓنّّسؿلّالشيؽةّصد

ّّا٘ـٍازّّّّالارأيّحّّبطر ّمحًؿؾةالصورّا٘ؾونةّّتّنػذ ّالطروؼةّا٘ؼترحةّسؾىاكذلّّّّّّّّّ

ًُدمّأدّالتيّّحّوّقلتّسـدّالًٍربةّاٗامِةنػسّمجؿوسةّالًدروبّسؾىّّربةّٔهباسًيار

طاوطّمؾوناةّّّولؽـفااّصادّر اتّ ّّّفيّمجؿوساةّالًادروبّّّّالأنمااطّصورّمؾونةّلـػسّترقفاّ

ّ.ّّهذهّالصورّّةّفيّالًعاملّمناااااااااااصدرةّسالقالشيؽةّّأزفر .سؾىّخؾػقا ّبقضا ّ

ّ

IIIّ ّوماااابجفااايّكؿيقااوترّماانّجقاالّبـًقّّّسؿاالّالطروؼااةّا٘ؼترحااةّّّأْااز ّٔااار ّّّّّّّّّ

(Pentium IIIّ)ّّّربواااااااااتقّةبؾغةّالبرمجالبرامجّبرمجةّحّوّيتC++ 
 ّّ.ّّّ

ّ
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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 . 



 III 

      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 III computer ,and programmed by “Turbo C++ “ language 
programming  . 
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8.5  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 
work).  
          
    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. 
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     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 00001 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  . 
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     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 00001 for an 
images drawn with colored lines. While largest available error 
value is 000000 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 6 ,2 , 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    I 
 

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

 Even: even function  
        )()( xx                                                             …    (1)      

    domainx  , and square valued  for inputs ,that make it  

     symmetric . 
 Real valued: RE : , Rx )( , R  is a set of real numbers [33].  

 Commonly used [14] . 
 Rapidly vanishing: satisfies the condition (2-1) ,and as wave 

characteristic [55]; 
 

         




 0)( dxx                                                           …    (2)     

 

      As it is known the exponential functions1 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[51]) ,it is satisfies a function to be convex for if  1x , 

2x  supp( A ) in a support of   at A ,then;   
   

                 21 xx    ) ()( 21 xx            …     (3)    
 

      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  
1 and over  than 3 , that is exactly what we want from a MF  . 
 

                    2

2x

e


  =  
2

2

1
x

e

                                                        …    (4)                                                         

                                                           
1
  Exponential function is real valued function  : for   y=exp(x)  , 

           and  exp: AR  , such that   y(x)R  , and   y(0)=1   . 
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     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 3  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   3   and  1   ;   ]1,0[)( x . 
 

 
 

Figure(1) :Mexican hat wavelet  
 

     

     For Gaussian MF in fuzzy logic [33] that as; 
 

        
2

2

2

)(

),,(f s

tx

etsx



                                                               …     (5)   
  

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

 
 

Figure(2) :Gaussian Membership function 
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Appendix    II 
 

 

    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 [11] . 
     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  [3,+1] for universe both for 

inputs and outputs [11] .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 . 



 
 

Chapter One 
General Introduction 

1.1 Introduction 
 

    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 [1] . Paradigms such as; expert 
systems ,Neural Networks, Fuzzy logic,…,are used as intelligent 
techniques, which offer some advantages in real world 
applications[2].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[2].The technique that used for fusing these systems 
called a “Fusion Technology” [3]. 

      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 [4] ,that is 
computationally ,NNs are performing successfully where other 
methods do not , in recognizing and matching complicated ,vague  

,or incomplete patterns [5] , and they are ideally suited to pattern  
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recognition ,signal processing ,classification and the predication 
tasks [4] ,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([6]),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([3]) . 

    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 )(2 RL  can be approximated to any prescribed  

accuracy with a finite sum of wavelets, the dilation and translation 
obtained on a chosen mother wavelet [7]  . 

    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 [4].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 [4]. 

     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 [8][4]. 

     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[9] .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 
[9][8]  .  

      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 [11] ,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) [11] classified into ; 

 Fuzzy rule_ based systems with learning ability . 

  Fuzzy rule_based systems represented by network architectures. 

  Neural Networks for fuzzy reasoning . 

  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 [12].     

    Also, wavelet analysis has been combined with fuzzy logic in 
flame detectors for on_line signal processing[9],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 
1), whose membership function meets the admissibility condition 
for  
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wavelet [13]  . 

 

1.2  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 combinations1 . 
     We can devoted the literature review as its date in declaration ; 
 

 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 [11] in 1993. 

 
     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 [14] 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 1996 and its development in 1997 ,the 
architecture ,principles of this network were illustrated 
through what republished in reference[12] and part from 
[11] .It is a feedforward network with five layers of 
neurons similar to a layered structure that given in 
reference[1] .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 [15] 
that was published in 1997 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 4 to decompose 

                                                           
1
 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 [11] that was published in 1998 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 .  

 
     From subjects that were be raised ,and it a different for 

the combination of fuzzy logic and wavelets what is 
reported in [13] at 1998 , 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 wrong2 -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[14] for detailed description.  

 
      As manufacturing applications for FuNN what was  
published in [15] ,an other one in 1999 in [16] 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. 

 
 

                                                           
2
 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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      In combining fuzzy and wavelets the most papers 

about this subject were reported firstly in 2111 by March 
Thuillard ,( ideas in these papers3 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 
2111 in [8] .In a subsequent papers follow it present 
similar ideas but with some developments in some sides 
such learning with multiresolution Perceptron_like 
networks [12],(this idea also was discussed in other 
papers) . 

 

       Also the papers [8],and [9] 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[4] in same last mentioned year . 

 

     In 2111  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 [7] (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 2111 that a work shop for practical applications of 
ideas for Marc Thuillard4 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 [4] .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 

                                                           
3
  This idea was presented in an other papers but it was most illustrated in this paper -from a researcher  

   view point  . 
4
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 
attention5) 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 . 

 

     From a wavelet based neural network as classifier that 
exploit an (EFuNN), was presented to University of Otago 
in 2111 in [17] , which is a complement for techniques that 
applied to task of image recognition were published in 
2111 (see previous reference).It 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 
EFuNN ,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 

                                                           
5
 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[17] ,which give 
a minute description for this algorithm6 ,see [18] also. 

    Combining wavelets and NNs ; From the works on 
images the technique that explore a wavelet and NNs 
through reported technique in 2111 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 [19] ,which is a special 
case of wavelet_based signal processing systems to be 
conversant with results of set of experiments see[19] .  

 
     There is a thesis presented to Babylon university in 
2113 see[3] ,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()(2)2()?(  xsxsxsx              …     (1-1) 
 

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

      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 [21] at 
2114  see this reference in the list . 

 

     Fuzzy classifiers ; are represent an other direction for 
search ,which is the ability that led to combination with 
other methods .In studied established in 2114 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 [21] for more details ,and 
also these methods were occurred in references  [11] and 
[18] . 

 
                                                           

6
 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 3991 and 3991) [18]  . 
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1.3 Thesis  Aim 
 
 
     The trails for development are not stopped at point , so we want 
through this research to; 
  

 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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1.4 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  
 

2.1   Neural Networks  
      The attention for the NNs is increased since 1891’s ,as one of 

“Artificial Intelligent” applications [3][6] ,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 [6]. 
       

      NNs emerged from psychology as a learning paradigm, which 
mimic how the brain learns [22]. 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 [19].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[19][3]. 
     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 [3] .Figure(2-1) clarify 

the sample of architecture.    
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Figure(1-2):The sample for  Neural network architecture  

 

2.1.1 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) [5],but the learning which represents training NNs is an 
external process through external data [23].  
     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 [22][5] . 
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 [6] and [5] . 
      The learning in NNs is divided into two basic learning modes 
[11][3][23][24]; 
 

 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  . 
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 Unsupervised Learning ;or called Learning by doing as 
in [5] ,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 [3][5]. 

2.1.2 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 [5].  
      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 [6] . 
Connections between the neurons in different layers called inter 
layer connections ,while connections between neurons in a single 
layer called intra layer [5] . 
       NNs can classify into many kinds depending on its architecture 
as [22] ; 
 
   ▪ Feedforward Neural Networks. 
   ▪ Feedback Neural Networks. 
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2.1.2.1   Feedforward Neural Networks  [6][3][22][24] 
      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 . 
 

2.1.2.2 Feedback Neural Networks  [3][6][23] 
      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 . 

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

 

1.2.1 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 
[6] ,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 [22] .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 [3].     
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     From applications of this type are ,function approximations 
[25][26][1], hand written recognition [21] ,expert systems [11] ,and 
from other developed applications in personal computers [6]. 
      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[9][8][29]. 

2.1.3.1 Problems 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 ; 

1. 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 [5][23] ,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 [3][1] (as it used in reference [3] ) . 

2. Generalization ; [6][29] 

     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 . 

3. 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 
((1,1)as in [6]) 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 [1][3] .   
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4. 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(1 or 1 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 [3]. 
 

2.2 Wavelets 
      The term “wavelet” as it simplest means a little wave [28][31] 
[31],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 [31]. 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[32],i.e. localized(wave_like)functions (graphically) of mean 
zero . 
      Mathematically, wavelets occurred in family of functions[33] 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 [32] ; 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 [31] ,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 [32] ,while wavelets that are rapidly vanishing has the 
admissibility condition as;  

                      




 0)( dxx                                             …     (2-1) 

 

 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 [34]  . 
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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 [35] ; 
 

              )(,
a

bx
ba


                                                   …     (2-2) 

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

              )(, xba                                                                         …     (2-3) 
 

    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 0b  ,and 1a so get on the       
form (2-2) . 

     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[32] ,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 [31] . 
     A sets of wavelets are employed to approximate functions[31] , 
analysis functions and syntheses [25] ,and signal(images) 
processing [34] .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 [36] . 
 
 

 1.1.2     Scaling and Shifting    [36][31]   
 

     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 .  
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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 t ; a=1/1                                                                    …     (2-4) 
   f t ; a=1/1 
  

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 t  by k  is represented 

by f tkFor wavelets see Figure(2-3) .  

 
Figure(1-1):The shifting    

  2.2.2     The Window of Wavelet  [25][26] 
 

      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   ,the support of this function in 

scale(time) domain ,   ) (supp   is defined as ;  
     

              ],[ ) (supp maxmin  xx                                          …     (2-5) 
 

  where minx and maxx  satisfies the following inequality ; 

              





R

x

x

dxx

dxx

2

2

/)(/

/)(/
1

max

min




                                        …     (2-6) 

   where      is small real number  . 
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     It is implies that energy of   in ],[ maxmin  xx  is at least 

concentrated in the time domain at rate  1  .Similarly for Fourier 

transform of  , )( ,the support in frequency domain is defined as;  
 

                      ],[ ) (supp maxmin                                 …     (2-1) 

  

, where 

                  








R
d

d










2

2

/)(/

/)(/
1

max

min

                                 …     (2-9) 

 

therefore   has a time_frequency window   
 

                     ],[ maxmin  xx  ],[ maxmin                             …     (2-8) 
 

    In general, the daughter )(, xba  has a window  
 

                    ]ab,a[b maxmin  xx   ],[ maxmin                  …     (2-11) 

 

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

 

1.1.1    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)[31],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[32]),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 [39]. 
 
     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 unique but wavelet analysis 
is not since there are many possible sets of wavelets [32]. 
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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 [31] ,so a function is admissible if [39][38][31] 
; 
 

                


 




dw
w

w
Ch

//

/)(/ 2

                                      …     (2-11) 

 
   and     0)0(                                                             …     (2-12) 

 
 where hC  is the admissibility constant , )(w is a Fourier transform  

of )(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 [18][32]  .  
     Another point of view on wavelet transform is by means of filter 
banks[4][41](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[41],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[4].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  
[32] . 
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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 . 
    

1.1.1.2 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   as[36] ; 
 

             dttshiftscaletfpositionshiftscaleC 




 ),,().())(,(               …     (2-13) 

 

     Morlet_Grossmann define the CWT for a one-dimensional 
signal, )()( 2 RLtf   (space of all square integrable functions [32]),or 

as finite energy function[31] ,as [38][39] ; 
 

                dx
a

bx
xf

a
baW 





 
 )().(

1
),(                                          …     (2-14)   

 

where ),( baW a wavelet coefficient  of function )(xf as result of CWT,  

)(x  is(real valued) analyzing wavelet (mother wavelet), 

( a >1) is scale parameter, 
b    is shift (position, translation)parameter, 

  is conjugate function of  , and (  )means a complex conjugate ,  

the constant  
a

1
  is term for energy normalization . 

     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 [25],so the original signal can be reconstituted from its 
wavelet transform [32] ,through wavelet coefficients that are with 
mean zero.  
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    1.1.1.2.1    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 [32]; 
 

1. CWT is a linear transformation : 
 

•  If  )(xf is a linear signal function as 

                    )()()( 21 xfxfxf                                           …     (2-15) 

            then ,   ),(),(),(
21

baWbaWbaW fff                         …     (2-16) 

          Proof;    dx
a

bx
xf

a
baW f ).().(

1
),(


 





       

                              Since   , )()()( 21 xfxfxf    

                                              = dx
a

bx
xfxf

a
).()).()((

1
21








  

                                              = dx
a

bx
xf

a

bx
xf

a
)).()).()().((

1
21










   

                       From properties of integral; 
                                            

                                              = dx
a

bx
xf

a
dx

a

bx
xf

a
).().(

1
)().(

1
21





 








   

                                     = ),(),(
21

baWbaW ff    

 
        •   If         )()( 1 xkfxf                                              …     (2-11) 

            then ,   ),(),(
1

bakWbaW ff                                    …     (2-19) 

              Proof; Similarly ,can prove this; 

                            dx
a

bx
xf

a
baW f ).().(

1
),(


 





  

                      Since   , )()( 1 xkfxf   

                                     = dx
a

bx
xkf

a
).()).((

1
1







  

                   From properties of integral; 

                                      = dx
a

bx
xf

a

k
).().(1







  

 

                                  = ),(
1

bakW f  
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2. CWT is covariant under translation : 
 

If       )()( 00 xxfxf                                            …     (2-18) 

then , ),(),( 00
xbaWbaW ff                                  …     (2-21) 

Proof;    dx
a

bx
xf

a
baW f 





 
 )().(

1
),( 00

  

                    Since    )()( 00 xxfxf  , then;                           

                                     dx
a

xxbx
xxf

a





 
 )().(

1 00

0    

                                                   dx
a

xbxx
xxf

a





 


)()(
).(

1 00

0   

                  Since x   regarded as   x 0xx   for signal  

                                     dx
a

xbx
xf

a





 
 )

)(
().(

1 0  

                          ),( 0xbaW f   
 

3. CWT is covariant under dilation as  : 
 

   If      )()( sxfxf s                                                 …     (2-21)    

then ,  ),(),( sbsaWsbaW ffs
                                 …     (2-22)  

Proof;   dx
a

bx
xf

a
baW sfs 





 
 )().(

1
),(   

                       dx
s

s

a

bx
sxf

as

s





 
 )))((().()

1
)((   

                       dx
as

sbsx
sxf

sa

s





 
 )().(   

                               ),(. sbasWs f  
 

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

1.1.1.2.1  Inverse of Continuous Wavelet Transform [32][31] 
        

    The inversion formula ,can restore a signal(function) )(xf by 

inverse transform ,if considering WT ),( baW of a given function ; 
 

                
2

0

).().,(
11

)(
a

dadb

a

bx
baW

aC
xf


  








                      …     (2-23) 

 

     Generally;     )()( xx                                                   …     (2-24) 



 
Chapter Two                                                                                      Neural Networks and Wavelets 

 11 

,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(2-11) , this condition 

implies 0)0(ˆ  ,that is the mean of wavelet function is zero ,where ; 
  

           dv
v

vv
C 







0
)(ˆ)( 

 dv
v

vv

 


0

)(ˆ)( 
                             …     (2-25) 

    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 . 
 

1.1.1.1 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[32] ,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[31]. In the framework of the discrete WT ,a family of 
wavelets can be defined as ; 
 

                     ),(),({ 2 nmnbxaa m
m

d   Z
2}                      …     (2-26) 

 

where a  and b  are constants that fully determined together with 

mother wavelet   in family d ,where 

               














m

j

m

j

ad

bnam
                                                     …     (2-21)  

these relations show that ,unlike the continuous approach, wavelet 
parameters cannot be varied continuously[1] .                                                                                                                     
    CWT is 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)[38],and images video[39],it is unlike DWT ,is not restricted 
to time scales and there for offers more flexibility in the analysis 
[38],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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1.1.1.1.2 Inverse of Discrete Wavelet Transform [35] 
 

The inverse discrete wavelet transform(IDWT) is ; 
 

       



a b a

bx
baW

a
xf )().,(

1
)(                                  …     (2-29)   

 
      

2.2.4     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 [36] .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 of jv scalar wavelets( jv being number of variables) 

as[1] ;  

              



iN

k

jkj z
1

)(                                                      …     (2-28) 

with        jkz 
jk

jk

d

mx 
                                                        …     (2-31) 

where jkm and jkd  are translation and dilation vectors ,respectively. 

     Families of multidimensional wavelets generated according to 

this scheme have been frames of )(2 jv
RL  . 

    The wavelets have been initialized from a mother wavelet in 

)(2 jv
RL  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 [3]; 

       },:)x()x({ 2

1

,,

nl
l

klba ZkZlbkaa                      …     (2-31) 
 

  wavelets constructed as it produced, 
   l  index of dilation  , a   is dilation factor , 
  k  index of translation , b  is translation factor, 
  x  is multidimensional inputs vector , 
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   and 
nZ  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 ; 

        },:)x()x({ 2

1

,,

n

llklba ZklTkDD                   …     (2-32) 

D  is scaling matrix , T   is translation matrix , 
  l = ),.....,( 1 nll , 

nZk  vectors ,  

 
nZ  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) [3],for one dimensional wavelets 
through eq(2-31)  as ;   
 

               )()........().()x( 21 nxxx                              …     (2-33) 

where  
                 x=( 1x , 2x ,…., nx )                                            …     (2-34)                                   

since Tensor product of one dimensional wavelets frames  lead to 
gotten on a frames ,too [3] . 
 

2.2.5  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 3_layers feed forward neural networks 
from structure or learning algorithms) using wavelets as activation 
functions [9][31][8],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[33] . 
     A (WNNs) 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 [1]. 
(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 [31] .  
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     Signals(which change over time ,such video images [34] ) 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 [31]. 
      WNNs have been also ,used as a multilayer (such three 
layers[9][42][8]) or single layer Perceptron [43] ,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[9] (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 [34] . 
     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 [1].(To know what these methods see reference[1]). 
     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[41][18]) ,because wavelets are localized in space 
(time[43]) 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[31][28] .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 [33]  . 
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1.1.1.2  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 3_layers 
Perceptron network . 
     Figure(2-5) 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[38] .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[1]) ,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 ba , ,through implement any kind of 

a wavelets functions ,through the square window of each neuron at 
time(scale)/frequency plane[31], 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) [38].Outcomes of neurons at hidden layer are wavelet 
coefficients (of function expansion or signal)that gives significant 
values[35] .            
     The(single neuron, used at universal function approximator [39]) 
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 hN  in hidden layer . 

      Response of a network to input signal as output [38]: 
 

biai

N

i

ij

h

wny ,

1

)( 


                                                       …     (2-35) 

 

    where jy     actual output of neuron   j , 

              hN    number of  hidden neurons , 

      iw      weights between hidden and output layer, 

     biai ,   wavelet function at hidden neuron i . 
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      But when using a direct connections between input and output 
layers  neurons ,the output form will be in [1],to minimize error ; 
 

           y = y(x) = 



No

k

kk

N

i

ii xaxc
h

01

)(                                              …     (2-36) 

 

     Also this measure reflects the approximation quality performed 
by the network over parameters space [33] 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 [9][34] ,also the task of 
training WNN involves estimating parameters in the network by 
minimizing some cost function [39] .    

 
Figure(1-1): 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[38][39]. 
     An error signal for neuron  j  is ;        

                      )()()( nyndne jjj                                                  …     (2-31) 
 

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

            )(ny j   actual output of neuron   j   .  
 

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

                        )(
2

1 2 ne j                                                     …     (2-39)   
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    Over all neurons in output layer of the network ,a form(2-39) can 

be written as[38]; 

                    )(
2

1
)( 2 nenE

Cj

j


                                               …     (2-38)  

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, C  has single member, this leads to as expected view 
(suggested) ;  

                   )(
2

1
)( 2 nenE                                                     …     (2-41)                                

    The (squared) error averaged over all training vectors is then ;  

                  



N

n

av nE
N

E
1

)(
1

                                               …     (2-41) 

         N    number of vectors in the training set, 
       avE  average (squared)error .  
    avE  constitutes a cost function (that needed to minimize it)  

    By applying correction delta rule )(nw ji to update weights )(nw ji  ; 

                    
)(

)(
)(

ndw

ndE
nw

ji

ji                                              …     (2-42) 

 

 where   is a parameter that determines rate of learning ,minus 
sign in eq(2-42) 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 )(nE it may use a steepest descent[31] ,which 

require the gradients 
iw

E




,

ia

E




,and 

ib

E




  ,which are refer to a 

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

ia  , and ib ,respectively . 
 

      So a gradient of E as ; 

       let  
i

i

a

bx 
                                                                …     (2-43) 

          



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w

E
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                                                    …     (2-44) 

          
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    The delta of change as ;  

                
w

E
w




                                                         …     (2-41) 

                
b

E
b




                                                         …     (2-49) 

                
a

E
a




                                                         …     (2-48) 

 

      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   ,and if jm  and jd  

are integers satisfying some conditions the family 

Njj ,...,1}{   forms an orthogonal wavelet basis. A weighted 

sum of such functions with appropriately chosen jm and 

jd  can thus be used; in this way, only the weights have 

to be computed [34][9]. 

      Another way to design a wavelet network is to 
determine jm and jd according to space_frequency 

analysis of data; this leads to a set of wavelets which are 
not necessarily orthogonal [34][25] .  

     Alternatively, in other way one can consider a 
weighted sum of wavelets functions whose parameters 

jm and jd are adjustable real numbers, which are trained 

together with weights[34] .(such architecture discussed 
beforehand). 

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

1.1.1 Wavenets : 

 
      An interesting alternative to a wavelet networks consists of 
using a dictionary of dyadic wavelets and to optimize only the 
weights [8] .This approach is generally refereed to as wave nets or 
wavenets [9][42] ,which is an other term to describe WNN , or as 
adaptive wavelets (by [31]) .It was first proposed by Bakshi  et al in 
1884 [9] . In its simplistic version a wavenet corresponds to a feed 
forward neural network using wavelets as activation functions . 
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     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 [8], So dyadic activation 
functions will be with form [9] ; 
 

                    ))(2(, nxm

nm                                      …     (2-51) 
 

 with nm , are integers . 

since this form is of dyadic wavelets1.  
      

     Wavenets architecture is same for WNN[31] (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 [31][44] .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[31] ,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 (2-44) and (2-41) for updating the weights than 

a previous discussed forms .          
           

                                                           
2
 There is another form ,which is trydic wavelets with ( m3 ) ,this out of study here to have more  

    information see the reference [11] . 



 
 
 

Chapter Three 
 

Fuzzy Logic 
 
 
 

1.3  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 1), and 
false on other (has failed value 0)[45] ,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 [46] ,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( 1 or 0 ) , 
such as applications of AI [47] .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 [23]  .  
     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 [11] .  
     Here the keynote1 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 [46] . 
 

      

                                                           
3
 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 [41][37] ,that allows 
intermediate values to be defined between conventional evaluations 

like; true/false ,black/white ,yes/no ,high/ low [45] ,and it is translate the 

fuzziness of linguistic concepts(variables) and approach it 
mathematically into form that computers (machines)can understand 
and manipulate it [19] . 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 [46] 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 [37] ,defined by 
a calculus of interaction that reasoning which are approximate rather 
than exact [11] .  
      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 [37] . 
      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 
[37]. 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 [11],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 [37] .But on other hand ,other systems such as control 
system depends on consequents and antecedents part of rules .See 
now this example ; 
 

Example 3.1:   
       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 1 and false take value 0 ;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 0.6  rather than 1 . 
 

Example 3.2 :  [23]  

    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 1 or 
0) ,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 0.1 rather 
than 1 ,in this case you are using fuzzy logic . 
 

      FL provide a different way to approach a central or classification 
problems [45] ,so we can view to it as a methodology for computing 
(with words rather than numbers), and a control system [11],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 [46] . 
      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 . 
 

2. In FL ,every thing is a matter of degree . 
 

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

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

5. Inference is viewed as a process of propagation of elastic 
constraints [46] . 

6. A major challenge to FL is the translation of the information  
     contained implicitly in a collection of data points to linguistically   
     interpretable fuzzy rules [1] .  
7. 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 [4]  . 
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3.2  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 [11] .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 [11],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 [46][49] . 
      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 [0,1]  [11] . 
      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 [50] .  
 

      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 [11],the fuzzy 

classifier [45]  
 
 

1.2.3  Fuzzy Sets 
      In classical mathematic ,we are familiar with what called crisp 

sets[45][41] .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) (1 or 0)[10].Fuzzy sets on the other hand allow  members 
(elements) to be partially in a set (in some degree) . 
 

 Definition 3.1; [46][11] 

      Let U (a non empty set) the universal set ,and let a function   
]1,0[:)( UuA  , for Uu ,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 )(uA  ,for a member Uu   .  

   So A   can written as[26] ; 
              }));(,{( UuuuA A                                             …     (3-1) 

    that is, it is characterized by its membership function [46] .  
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     Note that elements of a fuzzy set are ordered pairs in form 
))(,( uu A [23] ,first side is member included in the set A (satisfies its 

conditions) while second part refer to degree of this inclusion(value 
between 0 and 1) . 
 

     The idea of fuzzy sets proposed to represent data information that 
possess non statistical uncertainty [50] ,vague [11] values .  

     A family of all fuzzy sets on U is denoted by F )(U [46],A fuzzy 

concept is a generalization of the binary concept (of crisp set)by 
allowing more values between 0 and 1(true and false ,black and 
white). In fact infinitely (finite in some cases) many alternatives (more 
values) can be allowed between these two boundaries [45] 
(interpretation of numbers now assigned to all members in much more 
difficult) since values refer to gradual membership in the set .So if  

},...,,{ 21 nuuuU   is a finite (universal)set and A  is a fuzzy set in U  then 

we use notation2 [46]; 
 

               nn uuA /..../ 11                                       …     (3-2)  
 

where term ii u/  , ni ,...,1  ,means that i  is a grade of membership of 

iu   in  A  ,and plus sign represents the union . 
 
 
 

Remark ;   The crisp set is a subset of fuzzy set . 
 

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

                         }1,0{)( xA in crisp set , 

            but       ]1,0[)( xA in fuzzy set . 
 

            and the mapping as ; 
 

                         }1,0{:)( UxA  in crisp set , 

             but      ]1,0[:)( UxA   in fuzzy set . 
 

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

 
 
 
 

                                                           
2
    Or as a set form in[11];  }/..../{ 11 nnuuA    
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Note:    A fuzzy  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 (3.2.10) ,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  0 and 1 [10] ,that is would actually be equivalent to crisp set .This is 
wide in discrete membership function on one point . 
 

Example 3.3:  Let R be a universal set ,the fuzzy set A  on R is set  

             of all and only real numbers which near zero and that between  
             1  and 1   . 
 

 
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 3.4 :[11] 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;  
                    )}9.0,5(),0.1,4(),0.1,3(),5.0,2(),2.0,1{( ththrdndstA   

                    )}1.0,5(),5.0,2(),8.0,1{( thndstB   

     Note that in A  a  3rd
  and 4th

 pencils are exactly short ,while the 5
th

 is 

almost short ,2
nd

 pencil more or less short ,and 1
st
 pencil is almost 

exactly not short  . 
     In  B  , 1st

 pencil is almost long (belongs to B ) , 2
nd

 pencil is more or less 
long ,and 5

th
 pencil is almost exactly not long ,while the 3

rd
   and 4th

 

pencils not long (not belong to B )  . 

 
                                  

Figure (3-2); A fuzzy set “short and long pencils “ 
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1.2.2 Empty Fuzzy Set : 
 

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

                     0)( u                                                            …     (3-3) 

    for each      Uu  , 

   or some times denoted as  )(u  [46]  , see figure(3-3)  . 
 

Notes: 
1. It is easy to see that  A , holds for any fuzzy subset A  of U  

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

universal set U (any set) , i.e.   F )(U  . 

3. 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 ]10,0[  ,then  can be written as 

just  since membership degrees of its members (on domain which 

defined on it)are zero. 

 
Figure(3-3) :Empty  fuzzy set in u=[0110]                

 

1.2.1 Universal Fuzzy Set  
 

      The larges fuzzy set in universal (non empty) set U ,is called 

“universal fuzzy set” ,and denoted by U1  ,and defined as [46][11] ; 

                      1)(1 u
U

                                                 …     (3-4) 

for each  Uu    . 
 

Notes: 
1. It is easy to see that UA 1 holds for any fuzzy subset A of U  [46].  

2. Universal fuzzy set U1  is also in family of all fuzzy sets F )(U ,for  

U (any set), i.e.  U1  F )(U . 
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1. The operations on a fuzzy sets also holds on U1 ,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 ]10,0[ ,then U1 can written 

with membership degree equal to 1 for each member in ]10,0[ see 

figure(3-4). 

 
Figure(3-4) :Universal  fuzzy set in u=[0110]   

 

  3.2.4    Membership Functions ; 
      A  (MF)is basic idea in fuzzy set theory [50] , 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 [50] ,since it is a relationship between values of an elements and 
its degrees of membership [10] .  
     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 3.2  ; [50][11][46]  

      A function which characterize a fuzzy set A  on a universal set U  is 
said to be a membership function ,and denoted by  )(uA  ,for  Uu  , 

and its can be written as  [11][23] ; 
                          ]1,0[:)( UuA    ,for  Uu    . 
 

    That is ,a mapping from universal set into determined set (a closed 
interval ]1,0[I ).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 [50].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” [1][42] .  
 
 

Example 3.5: See[50]. 

        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 close to 2   , 
  and                       C  is a set of numbers close to   2   . 
     We can use a same MF to describe these different fuzzy sets,these 
shapes are shown in figure(3-5)  . 
 

 
 

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) [51] . 
    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[10] . 
     Note that, we don’t forget that MFs describe different classes 
should overlaps in different formats and wide [11] ,and this not 
necessary means that the classes(fuzzy sets) must overlaps . 
 

 Example 3.6 :[10]   

       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(3-6) .Note the MF is same for 

all classes in the middle ,and different in classes PL  and NL   . 
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 Note:   Example (3.6) can be take on the set of integer numbers . 

 
 

 

 
 

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 [50] . 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(3-1) . 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 
[10][11] , 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 [11] 
.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 
is same universal set or same MF,or it is overlaps.  
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   3.2.5 Some of Membership Functions Properties ; 
 

     Like other functions MFs upon on their potential applications and 
properties desired for U [50],and since they refer to a graphical 
representation of magnitude of participation to each value in U (a set) 
[14] ,it may have some properties as any function these properties are 
such ; 
 

   3.2.5.1   Monotonic  on each side of the center of range(fuzzy  

                                  set)[14][50],i.e. closer value to center . 

1.2.3.2 Symmetric  around a center value [14][50].That is number  

                                 equally for left and right of center value .These  
                                        can be express as center of fuzzy set A  [14]. 
 

                     )
//

()(
sA

dAu
HuA


                                                   …     (3-

5) 
 

)(zH   gives the shape of MF A   ,  

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

 Note:  In the case when MF defined on one point ,this means              

              universal set has just one point   . 
 

 Example 3.7 :   The set of moons around the earth  .    
 

   3.2.5.3    Continuity ;  
         The concept of continuity is same as in other functions, that  say 
a function f is continuous3 at some number c  if ; 
 

                            )()(lim cfxf
cx




                                                  …     (3-6) 

       for all x  in range of f . 

      That require existing; )(cf ,and )(lim xf
cx

  

      In fuzzy set theory the condition will be; 
 

                                                           
1
  Back to this definition in the mathematic books  . 
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                             )()(lim cx AA
cx

 


                                              …     (3-7) 

   such that x  and c  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 3.8 :[46] 

      Let A  be a fuzzy set of real numbers “close to 1” , a MF  of A  can   
      be  defined as ; 
                      ))1(exp()( 2 xyxA                                        …     (3-1)    

      ,for Ax  , y  is a positive real number .See figure(3-7). 

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

 

      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 [0,1] ,each point 
corresponds to membership degree of a member in fuzzy set ,see 
example(3.9)  . 
 

Example 3.9:[46]   

       Let A  be a fuzzy set of real numbers “close to 1” .The graphic of 
discrete MF of A  is shown in figure (3-1)  . 

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

 

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

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

1.2.3.1 Normality:  
 

     The shapes of fuzzy sets are generated by its certain accepted 
MFs [51],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 .  
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Definition 3.3 : [51][50][11] A fuzzy set A  in a universe of discourse  

          U  ,is said to be normal fuzzy set if Uuu  ,  and 1)( uA    

          that is    1)(max uA                                           …     (3-9)                                  

          ,for   Uu  . 
    This normalization of fuzzy set means that it have a maximum 
membership value(degree) of 1 [51].It might be thought that the 
normality of the fuzzy sets in linguistic variable(s) is self_evident 
[47],as it is in numerical variables. For more understanding see 
example(3.10 ) . 
 

Example 3.10 :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(3-9).It seems that each of  

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

 
 

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

 

    3.2.5.5   Sub_normal [51] 

Definition 3.4: A fuzzy set A  ,is sub_normal if it is not normal , 

         so    no Uuu  , ,and 1)( uA  , that is,              

                       1)(max uA                                                        …     (3-10)                                 

 

Example 3.11:  
      Consider the linguistic variable (age) with classes young, middle 
aged and old ,on a set of people as universal set ,see figure(3-10), 

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-aged4.This situation particularly in the context of 
specific application conceived by no . 

                                                           
3   One may be died before he has a  middle-aged   .     
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 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[41], 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 3.12: 
      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  ;  
                 1)(max x                                                         …     (3-11)                                 

   and    x person    . 

 
 

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

1.2.3.3 Convex :  
 

 Definition 3.5: [51]   A fuzzy 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 ,for any sr,  A ,and any ]1,0[ , 

           then ;         
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                          Asr  )1(                                                  …     (3-12)                                 

     Convex means that any  cut (level) which parallel to the horizontal 
axis through interval(for example) [11] . 
                         )](),([ 31  aaA                                                 …     (3-13)                                 

 ,  yield nesting property  ,that is for 21 , _ cuts , 
 

                          21       but   )()( 1121  aa                               …     (3-

14)                                 

                                     ,  and   )()( 2313  aa                              …     (3-

15)                                 

     
 Where 1 cut  set is; 

                                           )](),([ 13111
 aaA                             …     (3-

16)                                 

     ,and 2 cut  set is ; 

                             )](),([ 23212
 aaA                                         …     (3-17)                                 

 

    See figure(3-12) ,then the condition of convexity implies that if ; 

                
2112  AA    or 

12  AA                                   …     (3-11)                                 

    
   That is, for   
                               12  ))(())(( 1121  aa                                      …     (3-

19)                                 

    ,where   
                  )()( 2111  aa                                                             …     (3-

20)                                 

   and         )()( 2313  aa                                                            …     (3-21)                                  
 
 

 

Figure(3-12) :Convex set 
 

    The intervals5 on real axis which represent  cut sets are nested if 
fuzzy set is convex and normal [11] ,so as will see fuzzy set can be 
considered as a series of  cut sets which are represented by interval 

                                                           
3
   These intervals called  intervals of confidence   [11]  . 
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determined on real axis ,that  is a fuzzy set(fuzzy number) is a union of 
 cut sets . 

 

3.2.6  Membership Degree ; 
 

  Definition 3.6  : [11]    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 [23][11] ,and it is a value of MF on 
member of fuzzy set. So a membership degree of a member u  by a 
MF A  denoted by; 
 

                    ]1,0[)( uA                                                           …     (3-22)  

     If 0)( uA  the member is not belongs to A  ,that it has membership 

degree zero ,so has no membership in a fuzzy set , while  if 1)( uA   

the member is exactly in A   . 
 

Example 3.13 :    
           Consider }3,2,1,0,1,2,3{ U a universal set, and let  

          )}6.0,2(),8.0,1(),0.1,0(),8.0,1(),6.0,2{( A  be a fuzzy set on U . 
 

     Note that membership degree of 2  is 6.0 belongs 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 (3.4.2))  .  
   
 

   3.2.7   Height of a Fuzzy Set ; 
Definition 3.7: [11]  The height of a fuzzy set A  on universal set U ,  

          denoted by )(Ahgt is given by a supremmum of MF over all Uu   

          and written as; 
                              )(sup)( uAhgt A                                    …     (3-23)                                   
which is refer to highest possible membership degree see figure(3-13); 
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Figure(3-13) :Height of a fuzzy set 

 

Note: In many situations not necessary the  )(sup uA  equal to 1 as 

            will see in sub_normal MFs  . 
 

  3.2.8  Crossover Point;  
Definition 3.8 : [11]   The member(element)of universal set ,for which  

            the MF of a fuzzy set has value 5.0  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 3.14:  
     Suppose set of five balls in different size is a universal set U . 
     Define a fuzzy sets on U  ; 
                A   is a set of “small balls” , 
       and   B   is a set of “large balls”   ,as ; 
                     )}8.0,5(),9.0,4(),0.1,3(),5.0,2(),3.0,1{( ththrdndstA  , 

       and        )}2.0,5(),1.0,4(),0.0,3(),5.0,2(),7.0,1{( ththrdndstB  . 
 

     Note that in A  a 3rd ball and 4th are almost small ,also 5th ball is 
nearly almost small ,while the 2nd ball is more or less small ,and 1st ball 
is almost exactly not small . 
     The members(balls) in B ,which are almost large is a 1st ball, 2nd ball 
is more or less large ,while 4th and 5th ball are almost not large ,and 3rd 
ball is exactly not large  . Note that the crossover point is same for two 
fuzzy sets ,on two membership functions . 
      In example(3.15), we will explain that fuzzy set can be with two 
crossover points . 
 

Example 3.15 :  
               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 (3-14)  . It is clear a two crossover 

points  
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        which are  1  and 1 ,fuzzy set taken for positive and negative real 
        numbers, and value of MF at 1   and  1  is  5.0  . 

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

 
 

1.2.3 level Set (Cut Set) 
 

Definition 3.9:    The set of elements that belongs to fuzzy set A  on  

         universal set U ,at least to the (not lower than) degree   is called   
          level or  cut set [11] , 
 

and it can be defined as[11] ; 
 

                      })(;{   uUuA A                                        …     (3-24)                                    

for ]1,0[  . 

   This set of elements determined in a closed interval in universal set , 
if R (real numbers) is a universal set also for other situations . See 
figure(3-15)  [11] .So A  will be ],[ 0 naa  , 
 

 
Figure(3-15) : Level  Set 

             

Example 3.16 :   
          Assume }4,3,2,1,0,1,2{ X  a universal set , and   

                         )}0.0,4(),3.0,3(),6.0,2(),0.1,1(),6.0,0(),3.0,1(),0.0,2{( A , 

         as fuzzy set , 
         The level set 6.0    is }2,1,0{6.0 A , 

          at                 3.0    is  }2,1,0,3,1{3.0 A ,  

          and for         1       is    }1{1 A   . 

       Note that 3.06.01 AAA   ,while  3.06.01   . See figure(3-16). 
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Figure(3-16) : Level  Sets  ;=0.3  ,=0.6 ,and =1  
 

Note :  
     1. If 0  (in some situations),the  level set will equal to the 

          support of a fuzzy set  .  
  

      2. The union of  level sets , will equal to support  if  we take 

           level  set for each value between  ]1,0[   , see subject ( fuzzy 

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

      3. In example (3-16), the  level set in one subset from an other  

         this true in general situations for 21    ,we get 
12  AA   , which  

        clear the convex principle ,through the nesting property  .  
 
 
 
 

  3.2.10   Support of a Fuzzy Set ; 
 

Definition 3.10 : [11][46][11]  Let  A  be a fuzzy (sub)set  on universal  

          set U ,then support of A  ,denoted by supp )(A  or A sup ,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 }0)(;{)(  uUuA A                                          …     (3-25) 
 

   The support can be a finite set[11] ,that is just a finite number of 
members of the universal set have a non_zero membership degree  . 
 

Example 3.17 :   
        Consider set of natural numbers in ]5,0[  as a universal set ,define   

        fuzzy set A  a set of numbers “about 3 ”  ,that written as ; 
                           )}0,5(),6.0,4(),0.1,3(),8.0,2(),4.0,1(),0,0{(A  

       The support of A  will be ; 
                    supp }4,3,2,1{)( A  

       See here support is finite set, see figure(3-17). 
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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 3.18 :  
      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; 
 

              :))(,{( uuA A either 3u   or },3 Ruu                             …     (3-26)   
      This set is infinite .Note support of A  will be infinite also, that is ; 
                supp }0)(:{)(  uRuA A                                                    …     (3-

27) 

Example 3.19:  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 .     

     3.2.11   Singleton  
Definition3.11 : [11]  

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

              u  in U  with;   
                         1)( uA                                                   …     (3-21) 

 is referred to as a fuzzy (set)singleton  .  
Some times called a fuzzy point by [46],which is a single real number 
[1]     
That is say ; 
                          }{],[ uuuA                                             …     (3-29) 

 , ]1,0[   

    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  
[11].See figure(3-11) ,which is a special case of MF as we noted in  

(MF properties in(3.2.5)) .From all a fuzzy singleton means a fuzzy set 
has only one point . 
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Singleton               Figure(3-18) : 

 

3.3    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 [11] .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 [11] ,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 [1] ,i.e. a 
system description is crisp ,but with a fuzzy inputs and outputs . 
 

Definition 3.12 : [11]  

   If A  is fuzzy set in 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 ; 
                BAf :  , 

                      },),(:))(,{()( YyUuufyyyAfB B              …     (3-30) 
 

where      )(yB














0)(,0

)(,0)(,)(sup

1

11

yfif

YfuyfifuA
      …     (3-31)   

 

               UYf  :1  , UuYyUyf  ,,)(1  ,and UYf  )(1   

    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 [11] ,see example(3.20) . 
    The extension principle is a mathematical framework for system that 
is use input data as fuzzy and the resulting output data also fuzzy ,and 
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a system description is as crisp [1] .Through rules which connect these 
information in fuzzy system and this outcomes give us an imaginary for 
behavior of the system . 
 

Example 3.20 : Let )}7.0,2(),1,1(),8.0,0(),4.0,1(),3.0,2{( A be a fuzzy set  

      on universal set U (a set of real numbers),define function f on U as;   

                      UUf :     , 2)( uufy   , 

      for Uyu ,,  . 
 

      So by extension principle )(AfB   ,and then ;  
                 )}7.0,4(),1,1(),8.0,0(),4.0,1(),3.0,4{(B  . 

      So      )}7.0,4(),1,1(),8.0,0{(B  
 

    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 7.0 .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) [11] ,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 [1]. 
      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 3.13 : [11]  

        Let X  be a Cartesian product of universal sets nUUU ,..., 21          

              nUUUX  ...21  ,and  nAAA ,...,, 21 are fuzzy sets in these sets   

        as , 1A  on 1U  , 2A  on 2U ,…, nA  on nU  ,and define f as mapping from  

       X  to universal set Y ;   YXf : ,where  

                ),...,,( 21 nUUUfY                                                         …     (3-

32) 

       ,then fuzzy set B in Y will be ; 
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                }),...,,(,),...,,(:))(,{( 2121 XuuuYuuufyyyB nnB        …     (3-33)         

        where  
















0)(,0

),...,,(,0)(,)}(),...,({minsup
)(

1

21

1

11

yfif

Xuuuyfifuu
y

nnAnA

B




   …     (3-34) 

    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.   

             

Example 3.21 :  Consider a fuzzy sets defined on universal sets as ; 

                  )}4.0,1(),3.0,2{(1 A     on 1U  ,a set of negative real numbers, 

                  )}5.0,1{(2 A                on 2U  ,a set of negative integers , 

       and     )}8.0,0(),4.0,1(),0,2{(3 A  on 3U  ,a set of real numbers .  

       so        321 ** UUUX                                                    …     (3-35) 

 

       Let      321 ** AAAA                                                       …     (3-36) 

               ,  Au   , Xuuuu  ),,( 321  , 332211 ,, AuAuAu  , 

        define     YXf :   , for a fuzzy set B  on Y  ,  

                       321)( uuuufy                                         …     (3-37) 

        then elements of A  as ; 
                       )}0,1,1(),1,1,1(),2,1,1(),0,1,2(),1,1,2(),2,1,2{( A  

        and then B  will be ; 
                       }),,(,)(:))(,{( 321 XuuuuufyyyB B           …     (3-31) 

          
           So 
                    )}4.0,2(),4.0,1(),0,0(),3.0,3(),3.0,2(),0,1{( B  
                       )}4.0,2(),4.0,1(),0,0(),3.0,3{(   

    Note that the element 1  has two values of membership degrees in 
B ( 0 and 4.0 ) ,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 ( 3.0  and 

4.0 ) a same manner used to choose membership of 2   .   
 

 1.3     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 
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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 [46] ,for example ,people use terms such as; ;         
about 1000000 ,near zero ,or essentially bigger than 5000 ,                          
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 [11]. 

 

Definition 3.14 : [46][11]  

      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 

.)(A  of bounded support(finite set) ,is said to be a fuzzy number. 
 

   The family of fuzzy numbers will be denoted by F [46] .In some      

references we note that fuzzy numbers are denoted by uppercase 

letters with tildes such as ; A
~

 , B
~

, …,etc6,or use numeric symbols to 
refer to values of some variables . For example [1] ;  
         The equation : 

                       21 2
~

5
~

xxy                                                      …     (3-39) 

,where 5
~

and 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 3.22: [11]  Consider a fuzzy sets ” about 5  ” ,and “ about 10 ” 

,  

          which can denoted as ; 5
~

 and 0
~

1 , respectively ,defined on real  
          axis R  with triangular MFs ,see figure(3-19) . 

 
 

Figure(3-19) :Examples of  fuzzy number  

    By depending on the fact ,that a fuzzy set A  can be considered as a 
union of  cut sets [11][11] as ; 
 

                                                           
3
  *  The uppercase letters is refer to uncertainty values for variable see[41][11]  . 

   ** This is wide use in systems which defined by an algebraic differential equations see [1] .  
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                           
]1,0[




AA                                                        …     (3-40) 

    Fuzzy numbers can approximately represented by a collection of it’s 
 cut (level) sets for various values of   [11] .Here we will explain this 

situation ,the  cut (level) set of a fuzzy number(set) A  is defined as  
[11][11];  
                         },)(:))(,{( RuuuuA AA                             …     (3-41) 
 

for R  , A  the  level set  

     If we generalize this concept for each ]1,0[  ,we get a series of 

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

                        )](),([ 101  aaA                                                 …     (3-42) 

     So we have interval ]1,0[  ,here upon union of these  level 

sets(intervals) we will approximate fuzzy number A ,for more details 
see figure(3-20)  . 

      Note that level sets of fuzzy numbers are closed intervals [11] ,the 
called out of these intervals was occurred previously . 
 

 
 

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   . 

  3.4.1    Not Fuzzy Number  
 

Definition 3.15:[46]   A set A  is a not fuzzy number if there exists   ,  

          such that  ]1,0[  , that  A  (level set) is not convex subset of R . 
        

    That is not satisfies condition for a set to be convex,see figure(3-21), 

in spite of it is continuous MF (on a set) ,and normality satisfied in this 
situation . 
  

 
Figure(3-21) :Not fuzzy number  
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    3.4.2   Quasi Fuzzy Number 
Definition 3.16 :  A fuzzy set A  on real line R  with a normal ,fuzzy  

           convex, and continuous membership function satisfies the  
           limiting conditions as [46]; 
 

                        0)(lim 


uA
u

   , 0)(lim 


uA
u

                                …     (3-42) 

           called  a quasi fuzzy number .See figure(3-22)    . 
 

 
 

A quasi fuzzy number               Figure(3-22) : 
 

     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) [11] ,it 
deal with variables with real values(at minimum value zero),not 
imaginary or negative values ,which has no mean in real world 
applications . 
 
 
 
 
 
 



 

 
 

     Chapter Four  
         

     The Suggested Method  
 

 

1.4  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 techniques1 
,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 [8] 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 . 

                                                           
4
  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={1st category , 2nd   category ,3rd category ,…, ith category,…, 

                         Ncth  category }                                                                   …     (4-1) 
 

 Where i  is index of categories  ,Nc  is number of categories. 

      Each category is consist of a set of patterns as versions of 
figure characterize that category ; 
   

            ith  category = { 1st pattern , 2nd pattern , …  

                                     ,  jth pattern , ….,Npth pattern }                      …     (4-2) 
                

Where j  is index of patterns  , Np  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[8][9] ,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[8][9][4]) ,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 3) , 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 [8] . 
      From that all and a previous discussion ,the activation function 
is 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 ; 
 

                ))(2(, nxm

nm                                             …     (4-3) 

 

 where nm ,    Z   . 

 
      A membership function2 is dilated and translated versions of 
scaling functions with steps of wavelets ,that is works step by step 
with wavelets nm,  ,as; 

 
              ))(2(f f nm, nxm                                               …     (4-4) 

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

                nm,,, f?  nmnm                                                   …     (4-5) 

       or  
                nm,,,?   nmnm                                                 …     (4-6) 

 
 

 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(4-3) ,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 . 

                                                           
2

   Since  f  as a scaling function ,we will denote it by   instead of  f  in later . 
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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  NpNf  
 





























NfNp

fi

Np

i

Np

i

f

f

fp

fp

fp

fp

fp

fp

fpfpfp

fpfpfp

.

....

....

....

..

.......

.......

....

....

2

2

1

1

22212

12111

                    …     (4-7) 

  

while vector of features values for a pattern pi   with dimension  

1  Nf    , 

                                      ]......[ 21 fiii fpfpfp                                    …     (4-8) 
 

 where i=1,2,…,Np index of patterns, and f=1,2,…,Nf ,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   .  
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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 
(4.1.4) . 
 

    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 . 
 

 

4.1.1 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  ,  x1    
                          /x-x1/ < Є                                               …     (4-9)  

       x  ,  x1   in some set ,and x  is a center of values , Є is constant  
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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  x1 < x < x2    
                      / x-x1 / < Є                                             …     (4-11)  

 and               / x- x2/ < Э                                             …     (4-11) 

that is            / x-x1 /   / x- x2/                                    …     (4-12) 

 

     x  ,  x1  , x2   in some set , and x  is a center of values , 
      Є and Э  are constants , such that  Є  Э   , 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  

            x   E    f (x)> 1                                              …     (4-13) 

, 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 . 
       

  

4.1.2 Satisfaction of the Conditions for   
                               Membership Functions 
 

      As we saw in (3.2.5) ,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 [1,1],which is in fact a positive values ,that is it wholly 
have a property to be every where positive; 

 

         u   A   , )(uA  [1,1]                                …     (4-14)   

       that is  )(uA    1    . 
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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(3.2.5.2) ,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) , 

 

                         ))(,( uu A   A  ,  ))(,( uu A
    A  ,         

                      )(uA
  )(uA                                          …     (4-15) 

 
            That if there is many values in support its membership    
      degree is equal to maxima which in most cases equal to 1 .    
            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) ;  
 

                         ))(,( uu A   A  ,  ))(,( uu A
  , ))(,( uu A

    A  ,   

                       ))(,( uu A
   ))(,( uu A

                                       …     (4-16) 

                         , )(uA
  )(uA     &     )(uA

  )(uA             …     (4-17) 
 

            Even when   
                       )(uA

 = )(uA
                                             …     (4-18) 

            that is if supposed ;  
                       ))(,( uu A

  = ))(,( uu A
                                 …     (4-19) 

            we can write it as  
 

                        )(uA
  )(uA                                       …     (4-21) 

      

      then  )(uA
  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[48].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 
[18] .  
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Note: Not necessary that the maxima is 1  3 ,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[18] ,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  . 
 

 

 4.1.3    Network  Structure  
 

     Figure(4-1) 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 3_layer Perceptron 

and general WNNs in references ([8][9][31][7][35]) ,and use a 
dyadic wavelets specially as in(reference [8] ). 
 

      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 iN  determines dimensions of the 

inputs , and number of neurons in output layer oN  determines 

dimensions of the outputs (see [23]) . 
 

     So that we can determine number of neurons that it wanted in 
input and output layer .Input neurons iN  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, iN  =5  . 

                                                           
6
    When  maximum value =1    ,that means  normalized  . 
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     The hidden layer consists of many neurons hN ,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( hN =5 and 

hN =8),to exceed the computations ability and then get a good 

results . 
 
    The output layer as shown in figure(4-1) 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 3 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 1  or 1  . As 
in each output layer neuron the actual output is corresponds to 
desired value either 1  or 1 (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           1   1   1 

                   Second  pattern       1   1   1 

                  Third  pattern          1   1   1  
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or any order consists of 1  and 1  code4. 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 . 
 
 

 

 
 
 

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

 
 

      The second thing is that desired values for outputs were 
chosen (not 1   or  1   ) such previous situations .But it is chosen as 
a gradual values between 1  and 1  ,(in [1,1 ])  ,with different from 

one category than all others ,with increasing order stared with        
a first category at a least value 1 ,and increased to the order of 
categories until end at the last category at highest value  1    . 
 

 
 
 

                                                           
1
  This code called a binary coded  [65] , 
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1.4.1 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 2D_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(4-2)  ,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[53][3]. 
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 48  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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first category patterns 

 

 
second category patterns 

 

 
third category patterns 

 

 
fourth category patterns 

 

 
fifth category patterns 

 

 
sixth category patterns 

 

 
seventh category patterns 

 

 
eighth category patterns 

 

 

 

 

 

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 ” [52] ,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 [41] ,which in this situation 
disadvantageous ,since it is evaluate the difference through 
“Human Visual System ” (see[41]) ,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 . 
 

 
 

4.2    Suggested Method Stepping  
 

      To introduce to steps of a suggested method ,firstly see 
figure(4-3) 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 ; 
 
 



  
 

 

 

 Figure(4-3): Suggested  Method Diagram 
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4.2.1    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 ; ” 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([28]) 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 11” to 
capture on images limits(edges) ,these limits dimensions is  
 

              111 pixels  for width , 

 and    111 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 . 



 

Chapter Four                                                                                       The  Suggested  Method 

 61  

4.2.2     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 
[41] .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  [53] ; BMP ,JPG ,TIF ,PCX ,PNG ,…,etc  . 
 
      We say before that the format for image file is BMP5, , which is 
the most commonly used than other formats,  
      The BMP file consists of three parts ; 
 

 A first and main part is the “Header”, which include 54 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. 
[53][52] ,such file modification data [53] . 

 
 The Color Pallet represent second part for image file, which 

refers to color tight for (RGB) true colors (Red , Green, and 
Blue) gray  [52][41] . The size that this part is depend on is 
effected by number of bit per pixel that computed in first part 
from image file . 

 
 The third part of image file is Image Data [52]  . 

 

 
        

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

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

                                                           
9
 It is some times reads as windows Bit Map Format [53]  . 



 

Chapter Four                                                                                       The  Suggested  Method 

 69  

 

4.2.3    Features  Extracting 
 

      It is means decreasing image dimensions through extract some 
numerical measurements from image data [3] ,from it’s benefits , 
get high compression ratio 6  to decrease calculation time  . 
 

       In this stage of work ,”Histogram Features“ [52] ,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 [53] . 
       So it is use a probability distribution ,and then extract a 
statistical features from this distribution .Statistical features 
represent a histogram features [3]. 
        The probability density function(PDF) is computed at each 
gray level by [52];  
      

                  
M

gN
gP

)(
)(                                             …     (4-21)     

 

 where )(gP is a (color) probability density function for level g  ,  

   g is index gray levels, 

  )(gN 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 . 
 

                                                           
0
  When  used in image compression applications . 
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    Probability density function exploited to calculate or extract the 
following features ; 

 

1. Mean : 
 

     The mean gray levels for image ,is computed as[41]; 
 

                    



1-L

0g

)( .      gPgg                                      …     (4-22)  

 

                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 1   to 1-L , if bits number is 8     

           then L =2
8  =256  ,since L =2n  , such that  n   is number of  

         levels bits   . 
 
 

2. Standard Deviation  : 
 

         A standard deviation between levels is computed as; 
 

                       





1

0

2 )(.)(
L

g

g gPgg                                     …     (4-23)   

 

         where g is a standard deviation at level g , [3]. 

 

3. Skewness : 
 

    The skewness for image is computed as[52] ; 
 

             Skew = 





1

0

3

3
)(.)(

1 L

gg

gPgg


                                      …     (4-24)              

 
 

4. Energy : 
 

     It is computes for image levels as [3][52]; 
 

           Energy = 




1

0

2)]([
L

g

gP                                                   …     (4-25)    
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5. Entropy : 
 

          Entropy measurement for bits number required for “Coding  
          Operation ”7 [41] ,and it is computed as ; 
 

               Entropy =




1

0

2 )]([log.)(
L

g

gPgP                        …     (4-26)   

 
 

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(4-3). 

 
     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 [3] ), 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 . 
 
 
 
 

                                                           
6
  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 . 
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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 11 ” ,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 [11] , but the use of MFs here  
    as scaling functions ,while the wavelet represent the expansion  

    of data is in  )(2 nRL  [43][3] . 
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4.2.4    Neuro_Fuzzy Wavenet 
          The steps of working in this stage are gradual as follows; 
 

    4.2.4.1     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 Nf  features (that be extracted from each 

image),detectors as; 
                                   ( f1 ,… , fNf)     

 these values represent a vector of values for some pattern . 
 

     The set of patterns(entered to network)  for  p_patterns  where  

   p =1,…, Np   , Np 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 Sj  of inputs of patterns at j_th category  

,and  Nc  number of categories under study ; 
 

           Sj = { (x1,y1(ff) ) , (x2,y2(ff) ) ,.., (xp,yp(ff) ) ,…, (xNp,yNp(ff) ) } 

              = { (x1,y1(f1 ,… , fNf) ) , (x2,y2( f1 ,… , fNf)  ) , ..., (xp,yp( f1 ,… , fNf)  )   

                      , …,  (xNp,yNp(f1 ,… , fNf) )  }                             …     (4-27)   
  

 where  f =1,…, Nf  index of features numbers ,  

Np number of patterns in category , 

p  index of patterns numbers 

yp(ff)  is a point in a features space, that is with  5_dimensions , 

while (xNp,yNp(ff) )  if it expressed by values of yp(ff)  for  f =1,…, Nf  ,it will 

be as a vector or pattern features values vector xp  , 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 Sj , j=1,.., Nc, and Np for 

training set; Np, that is number of members in Sj . While in testing 

set for each category Np 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 . 
 

4.2.4.2     Weights Initialization  
       

      To apply the back_propagation algorithm the network weights 
must first be initialized [54] .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 network8 ,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 [1 ,1.2 ],(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 ; 
 

                                                           
8 This method was occurred in reference [3]  . 
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    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 ; 
 

                           TjNowww ........1211                     …     (4-29) 

                                    
 where T  is a vector transform .                          
 
                           

   4.2.4.3   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(4-4) . 

 
     If a multi_scaling wavelets were used ,a wavelets would have 
independent dilation and translation parameters for each 
dimension .Since for  the form[7]; 
 

                           )(
dj

mx j

j


                                  …     (4-31) 

 
and jm , jd  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(4-3) with;  
 

                                          m  = integer number  , 

 
and translation  as ; 
 

                                            n = integer number . 
 

so the form(4-3)(4-4) will be; 
 

                    ))(2(f f nm, nxi

m                                        …     (4-31 a) 

 

                      ))(2(, nxi

m

nm                                        …     (4-31 b) 

 
they were chosen as m >1  , n > 1 .  
 
 
 

      4.2.4.4     Back  Propagation Algorithm  
 

      Over all process of back_propagation learning including both 
forward and back ward bass [24] .Forward of the input training 
patterns ,and a backward of the associated error and adjustment of 
weights ,figure(4-5) 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 (4.2.4.2) ,which were 

randomly, then  know  can  began a  working ,see the references 
([6][24][3]) that demonstrate this traditional algorithm   . 
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Figure(4-5) : Back propagation flow chat    . 
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   Step 1  : 
 

     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 ( =1.1 ), 

momentum ( ) is also proposed the same for all experiments with  

( =1.111) ,a maximum iterations to do before stopping (MAXITER)9 

is given a number 411111 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 2  : 
 

     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 
[1,1] .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=1 ) ,which will 

increase during learning ,and begin the index of iteration number 
with 1  . 
 
      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=1 ,also index of epochs which 

started with  1  ,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 ; 

                                                           
5
 The symbols words with lighting line such MAXITER , ERRTOL ,…etc , have been explained clearly 

through the communicated program for this work .    
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                )/1.()()1( Nnnn                                 …     (4-32)    
 

  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 3  : 
 

    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 Normalization11 ,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 ( ff ) value is a maximum value then the input  xp will 

normalized with respect to  ; 
 

      Where   (xNp,yNp(ff) )    input point   
 

                    ( xp  / (ff) )                                                 …     (4-33)    
 

       for  f=1 ,…,Nf  , 

      and  p=1,…, Np  ,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 [1 ,1.2] . 

     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 function11 ,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 (4-5) . 

 
 
 
 

                                                           
46

 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 .  
44

 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; 
 

              222
22

.)1(
xx

j eex


                             …     (4-34)   
 

where j =1,…,
hN  is index hidden neurons, 

hN   number of hidden neurons . 
      

     Here with ,the input value x to activation function is translated 
and dilated as in form of dyadic wavelet (4-3), 

     Since  

                   ix 



i

i

jii wx
N

1

.                                             …     (4-35)    

iN   is number of input neurons , 

    i  is index of input neurons  . 
 

   So the input to hidden layer is in form ; 
 

                )](2[ nxz i

m

ij  
                                          …     (4-36)    

    nm,  Z    
 

   Then the outputs values for hidden layer neurons computed as; 
 

               )x()x( jjjh                                    …     (4-37)      
 

where  ,  are from multi_dimensionality ,and it is computed as; 
            

               



iN

i

ijj z
1

)()x(                                                …     (4-

38)      

                          )(...)(...)()( 321 jNjjj i
zzzz              …     (4-39)      

 

      Also  

             



iN

i

ijj z
1

)()x(                                                            …     (4-41)      

                                          )(...)(...)()( 321 jNjjj i
zzzz                   …     (4-

41)        
 so the output which expressed in equation (4-37) ,will be as ; 

                jh 


iN

i

ijz
1

)( + 


iN

i

ijz
1

)(                                …     (4-42)      
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                        )(...)(...)()( 321 jNjjj i
zzzz    

                          + )(...)(...)()( 321 jNjjj i
zzzz                  …     (4-43)      

    For a chosen functions this formula will be ; 

               jh 
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i ij
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ij ez
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22 ].)1[(
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          …     (4-44)      
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Note : The ijw 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 hi NN   ,where iN is number of  

        input neurons  ,while hN  is number  of hidden neurons   . 

 
 

   Step 4  :  
 

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

multiplicated with random weights jkw between hidden and output 

layer .The output response by implementing continuous function 
on ;  

                 



hN

j

jjkij hwz
1

.
                                               …     (4-45)      

k  index output neurons , oNk ,...,1  . 
 

      The output is  

                ).(
1





h

k

N

j

jjkp hwCO                                    …     (4-46)      

    

 p  is index of patterns pN  . 
 

     But we used in architecture of network just one neuron in output 
layer ,that is  oNk 1    .  

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

                )()( jkjkp zzO
k

                               …     (4-47)      
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 since  1k    . 
 

Note :The weights jkw 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 5  :  

 
     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 . 

             k     or )(.)(1 kko pppN OOd                      …     (4-48)      

            kkpk
O                                                    …     (4-49)      

 

   Step 6   :  

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

             j

N

k

jkkj hw
o

 


.).(
1

                                      …     (4-51)      

       So by ; 

             jjjh                                                                  …     (4-51)  

 when implement this for numbers it will be as[3] ;   

                 )(....).(.....).(.)( 21

p

jN

p

ij

p

j

p

j i
zzzz    

                 )(....).(.....).(.)( 21

p

jN

p

ij

p

j

p

j i
zzzz           …     (4-52)      

 where )(
p

ijz is a wavelet derivative at ijz point value for pattern p , 

and )(
p

ijz  is a membership function derivative at ijz point value for 

pattern p  to hidden layer . 
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 Step 7  : 
 
     Update weights values between hidden and output layer at 
epoch ( 1n ) depending on epoch ( n ) as follows [24][6]; Firstly 
calculate a weight correction term which used to update a weights 
values later ; 

                   ).(
kpkjk Ow                                          …     (4-53)      

and for bias ; 

                   kkb  .                                                 …     (4-54)  

     In practice a momentum term    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 ; 
 

               )().()1( nwOnw jkppjk kk
                 …     (4-55)     

 

jkw is a change in weights between hidden and output layer, 

kp error signal at output neuron at pattern  p  , 

 n   index of epochs ,  is smoothing parameter (momentum) , 

   is a learning rate . 
  

Since ; 

               )()1()1( nwnwnw jkjkjk                           …     (4-56)   

so current weight value;  

               )1()()1(  nwnwnw jkjkjk                          …     (4-57)  

 

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

               )(.)1( nbnb kpk k
                                 …     (4-58)  

 

also since  

               )()1()1( nbnbnb kkk                                 …     (4-59)    

 

then it can be written as ; 
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               )1()()1(  nbnbnb kkk                                …     (4-61)      

 
 
 

   Step 8  :  
 

     Update the weights values between hidden layer and input 
layer as[3][6]; 
 

             jjij hw ..                                                       …     (4-61)  

and, 

             )().()1( nwhnw ijjjij                           …     (4-62)    
 

Once again since ; 
 

            )()1()1( nwnwnw ijijij                                 …     (4-63)                  

 then ; 

            )1()()1(  nwnwnw ijijij                                …     (4-64)  
 

where hNj ,...,1    ,and iNi ,...,1  

 
and for bias ; 

               jj nb  .)1(                                                  …     (4-65)       

since ; 

               )()1()1( nbnbnb jjj                                  …     (4-66)       

then ; 

                )1()()1(  nbnbnb jjj                                …     (4-67)   

 
 

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 .It 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 2) 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 . 
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   Step 11  :  

 
    Compute cost function in aim to minimize the usual error 

measurement which is measured errors (MSE) [3][24]. 

     Mean square error ( pE )  for pattern p is computed as ; 

            



o

k

N

k

ppp OdE
1

2)(
2

1
                                                                   …     (4-68)    

    

but  1k  ,so the equation (4-69) will be;  

             
2)(

2

1
kppp OdE                                              …     (4-69)       

 

     For generalization ,this formula to all patterns in training set 

pN (total number of patterns) ; 

              
 


p o

k

N

p

N

k

pp OdMSE
1 1

2)(
2

1
                                          …     (4-71)       

 

 which is a sum of pN  errors computed for singled patterns using 

equation(4-71),since 1 oNk   so ; 

 

            



p

k

N

p

pp OdMSE
1

2)(
2

1
                                                                    …     (4-

71)       
      

     In light of this measured values we could compute AvgErr,and 
Worst Err  values for training on a patterns categories ,(in Step 2) . 
 
 

   Step 11   : 

  
      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 
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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 2  . 

 

4.2.4.5     Outputs Structure and Make Decision 
 

       4.2.4.5.1   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 Nj  in R ,where j is index of Nc categories ,for  j=1,…, Nc  ,  

Nc  is number of categories . 

 
     We can put it in form;  
 

                   Nj= [sj ,tj]                                                    …     (4-72)        
 

  sj   is minimum boundary in interval Nj , 

  tj   is maximum boundary in interval Nj , 

  and  sj , tj    R  . 
 

    So the range T will be a set of the intervals Nj ,and  T   R  as; 

              T={ N1 , N2 ,…, Nj ,…, NNc }                                 …     (4-73) 
 

                ={  [s1 ,t1], [s2 ,t2] ,…, [sj ,tj],…, [sNc ,tNc] }        …    (4-74)       
 

   or       T={ Nj  } ={ [sj ,tj]   }                                             …     (4-

75)  
 

for   j=1,…, Nc    

   

     The difference c 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+1 - tj                                                            …     (4-

76)       
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where j=1,…, Nc   . 

 
 
 
 
 
 
 

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

              [sj ,tj]- [sj-1 ,tj-1]= [sj - tj-1 , tj - sj-1]                       …     (4-77)    

 

     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 

[sj ,tj] , as  ; 

 

                  r = tj - sj                                                             …     (4-

78)    

 
for  j=1,…, Nc   
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4.2.4.5.2   Make Decision  
 

      A networks that used for categorization as in [5] ,and pattern 
recognition as in [28],is need to be as a decision tool in such 
applications . 
       The need to take decision is for satisfying (or not) a previous 
conditions . 
 

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

 

 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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 5.6    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 5 neurons into 8 neurons 

,which is a same used in second experiment . Also increasing 
number of patterns in each category at training set to 7  patterns 
for each category .So number of patterns in a training set at the 
fourth experiment be 56 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 
1.0 ,it will be modified during learning ,momentum value is equal to 
1.110 . Also the training is under maximum number of iterations for 
work at  411111   . 

 

1.0 Learning rate 

1.110 Momentum 

011111 Max. iterations 

6 Translation 

2 Dilation 

1 .1110 Available error 

8 Hidden neurons 

0 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      
(5-37) ,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 1.11168, which a maximum 

error value during training ,and is a largest error can a network 
reaches at this experiment ,after 4413 iterations through 629  
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 1.13695 , 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 1.11528 ,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 1.16192 ,which a minimum rate for 
learning through training on this category at this experiment .  
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Figure (1-37):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[7]= 1.13830 

output[0]= 1.10978 

output[2]= 1.10243 
output[3]= 1.14495 

output[4]= 1.12111 

output[5]= 1.14126 

output[6]= 1.13692 
 

     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[0]= 1.10978 
 

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[2]= 1.10243 
output[0]= 1.10978 

output[4]= 1.12111 

output[6]= 1.13692 

output[7]= 1.13830 

output[5]= 1.14126 
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output[3]= 1.14495 
     Differences values for patterns outputs values around a 
standard output value through depended order be; 

1.11735 
1.11122 
1.10704 
1.10853 
1.12148 
1.12507 

      The real closed interval for a first category ,at this experiment  
,that determined by a patterns outputs values for this category ; 

[1.10243, 1.14495] 
 

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 1.13252  
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 09 patterns from a set of 21 

patterns  ,for this category within a determined training interval. 

 

Second  Category 
    Results of training on this category were illustrate in figure (5-38) 

,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 1.11155 , which is less 

than an available proposed error value through training on this 
category after 711 iterations through 011 epochs .Worst error value 
over a full epochs is equal to 1.13334 ,and the average error value 
over a full epochs is equal to 1.11476 .Learning rate after update is 
1.19874 .  
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Figure (1-31):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[7]=1.09029 

output[0]=1.08959 
output[2]=1.09224 

output[3]=1.08669 

output[4]=1.21992 

output[5]=1.09964 

output[6]=1.08316 
 

     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[0]=1.08959 
     After reordering output values ,under a depended order in this 
work will be; 

output[6]=1.08316 

output[3]=1.08669 

output[0]=1.08959 

output[7]=1.09029 

output[2]=1.09224 

output[5]=1.09964 

output[4]=1.21992 
 

    Differences values for patterns outputs values around a 
standard output value through previous order be; 

1.11653 
1.11291 
1.11071 
1.11265 
1.10115 
1.12133 

      

    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; 

[1.08316 , 1.21992] 
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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  
1.12686  ,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 05 patterns from a set of 21 

patterns  ,for this category within a determined training interval. 

 

Third  Category  
      Results of training on this category were illustrate in figure (5-

39) ,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 1.11136 , is less than an 

available proposed error value ,and it is a least error value for 
training on all categories ,that gotten on after 90  iterations through 
03 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 1.12698 , 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 1.11385  .  
     Learning rate value after updating through training is equal to 
1.19997 ,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 .  
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Figure (1-31):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[7]=1.26872 

output[0]=1.27658 
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output[2]=1.27885 
output[3]=1.27813 

output[4]=1.27929 

output[5]=1.27710 

output[6]=1.27660 

     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[0]=1.27658 
 

     After reordering output values ,under a depended order in this 
work ,which is the increasing order will be; 

output[7]=1.26872 

output[0]=1.27658 

output[6]=1.27660 

output[5]=1.27710 

output[3]=1.27813 

output[2]=1.27885 
output[4]=1.27929 

 

    Differences values for patterns outputs values around a 
standard output value through depended order be; 

1.11786 
1.11113 
1.11143 
1.11045 
1.11227 
1.11270 

 

    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; 

[1.26872, 1.27929] 
 

 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 1.10157  
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, 
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the network was able to recognize 03 patterns from a set of 21 

patterns  ,for this category within a determined training interval. 
 
 
 
 
 
 

Fourth  Category  
      Results of training on this category were illustrate in figure (5-

41) ,which clarify changing in error value over an iterations number 
within a proposed limited number for iterations . 
     Mean square error value is equal to 1.11146 ,after 343 iterations  
through  49  epochs . 
     Worst error value over a full epochs is equal to 1.13143 , and 
the average error value over a full epochs is equal to 1.11434 .  
     Learning rate after update through training is 1.19969 .  
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Figure (1-17):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[7]=1.31741 

output[0]=1.30671 

output[2]=1.30802 

output[3]=1.30976 
output[4]=1.32179 

output[5]=1.30623 

output[6]=1.32114 
 

    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[0]=1.30671 
 
 
 
 
 

 

     After reordering output values ,under a depended order in this 
work ,which is the increasing order will be; 

output[7]=1.31741 

output[5]=1.30623 

output[0]=1.30671 

output[2]=1.30802 

output[3]=1.30976 

output[6]=1.32114 

output[4]=1.32179 
 

     Differences values for patterns outputs values around a 
standard output value through a depended order be; 

1.11931 
1.11147 
1.11042 
1.11316 
1.11334 
1.11419 

      

    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; 

[1.31741 , 1.32179] 
 

 ,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  
1.10339  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 04 patterns from a set of 21 

patterns  ,for this category within a determined training interval. 

 

Fifth  Category  
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      Results of training on this category were illustrate in figure (5-

40) ,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 1.11139 , that is gotten on 

after 809  iterations  through  007  epochs . 
     Worst error value over a full epochs is equal to 1.12808 ,and the 
average error value over a full epochs is equal to 1.11412 .  
     Learning rate after update through training is 1.19828 .  
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Figure (1-14):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[7]=1.46026 

output[0]=1.46803 

output[2]=1.47005 

output[3]=1.47401 

output[4]=1.46979 
output[5]=1.48353 

output[6]=1.47238 
 

      This order for patterns output values is appear here after 
adding the seventh pattern  .  

       Standard output value is; 
              output[0]=1.46803 
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[7]=1.46026 

output[0]=1.46803 

output[4]=1.46979 
output[2]=1.47005 

output[6]=1.47238 



  

 

Chapter Five                                                                                                The Experiments  
 

 471 

output[3]=1.47401 
output[5]=1.48353 

 

    Differences values for patterns outputs values around a 
standard output value by depending order be; 

1.11687 
1.11066 
1.11312 
1.11425 
1.11597 

1.10541 
    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; 

[1.46026, 1.48353] 
 

 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  1.12227 
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 08 patterns from a set of 21 

patterns  ,for this category within a determined training interval. 

 
 

Sixth  Category 
 

      Results of training on this category were illustrate in figure (5-

42) ,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 1.11137 , that is gotten on 

after 809  iterations  through 007  epochs .Worst error value over a 
full epochs is equal to 1.12737 ,and average error value over a full 
epochs is equal to 1.11390  .  
     Learning rate after update through training is 1.19828  .  
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Figure (1-11):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[7]=1.61876 

output[0]=1.62483 
output[2]=1.62735 

output[3]=1.62876 

output[4]=1.62217 

output[5]=1.62389 

output[6]=1.62325 
 

     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; 
            output[0]=1.62483 
 

     After reordering output values ,under depending order in this 
work ,which is the increasing order will be; 

output[7]=1.61876 

output[4]=1.62217 
output[6]=1.62325 

output[5]=1.62389 

output[0]=1.62483 

output[2]=1.62735 
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output[3]=1.62876 
 

    Differences values for patterns outputs values around a 
standard output value by depending order be; 

1.10617 
1.11276 
1.11058 
1.11194 
1.11252 
1.11393 

 

    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; 

[1.61876, 1.62876] 
 

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 1.12111  
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 00 patterns from a set of 21 

patterns  ,for this category within a determined training interval. 

 

Seventh  Category 
      Results of training on this category were illustrate in figure (5-

43) ,which clarify changing in error value over an iterations number 
within a proposed limited number for iterations . 
     Mean square error value is equal to 1.11139 , that is gotten on 

after 896  iterations  through 028  epochs .Worst error value over a 
full epochs is equal to 1.12823 ,and average error value over a full 
epochs is equal to 1.11413  .  
     Learning rate after update through training is 1.19795  . 
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Figure (1-13):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[7]=1.71521 

output[0]=1.70424 

output[2]=1.72391 

output[3]=1.72344 
output[4]=1.72400 

output[5]=1.72269 

output[6]=1.72235 
 

     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; 
            output[0]=1.70424 
 

     After reordering output values ,under a depended order in this 
work ,which the increasing order will be; 

output[7]=1.71521 

output[0]=1.70424 

output[6]=1.72235 

output[5]=1.72269 

output[3]=1.72344 

output[2]=1.72391 

output[4]=1.72400 
 

    Differences values for patterns outputs values around a 
standard output value through depending order be; 

1.11914 
1.11800 
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1.11845 
1.11921 
1.11966 
1.11987 

 

    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; 

 [1.71521, 1.72400] 
 

 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  
1.10890  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 6 patterns from a set of 21 patterns  

,for this category within a determined training interval. 
 
 
 
 
 
 
 
   

Eighth  Category 
    Results of training on this category were illustrate in figure (5-44) 

,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 1.11163 , that is gotten on 

after 0974  iterations through 282 epochs .Worst error value over a 
full epochs is equal to 1.13557 ,and average error value over a full 
epochs is equal to 1.11518  .  
     Learning rate after update through training is 1.19151   .  
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Figure (1-11):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[7]=1.94014 

output[0]=1.96700 

output[2]=1.96879 

output[3]=1.96781 

output[4]=1.96741 
output[5]=1.96358 

output[6]=1.96456 

 

    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[0]=1.96700 
 

     After reordering output values ,under a depended order in this; 
output[7]=1.94014 

output[5]=1.96358 

output[6]=1.96456 

output[0]=1.96700 

output[4]=1.96741 

output[3]=1.96781 
output[2]=1.96879 

     Differences values for patterns outputs values around a 
standard output value through depended order be; 

1.12617 
1.11353 
1.11255 
1.11129 
1.11169 
1.11068 
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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; 

 [1.94014, 1.96879] 
 

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   
1.12775  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 4 patterns from a set of 21 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:         [ 1.10243 ,1.14495 ] 

Second category:      [ 1.08316 ,1.21992 ] 

Third category:         [ 1.26872 ,1.27929 ] 

Fourth category :     [ 1.31741 ,1.32179 ] 

Fifth category:         [ 1.46026 ,1.48353 ] 

Sixth category:         [ 1.61876 ,1.62876 ] 

Seventh category:     [ 1.71521 ,1.72400 ] 

Eighth category:      [ 1.94014 ,1.96879 ] 
 

    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 ; 

1.13252 
1.12686 
1.10157 
1.10339 
1.12227 
1.12111 
1.10890 
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1.12775 
    

     Not that a least range is for third category interval (which is also 
least range at third experiment) at it equal to 1.10157  .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 1.13252  . 
 

Note :  
  0.Outputs values for patterns(actual outputs) do not belong to  
     two(or more) categories interval in the same time at a fourth  
     experiment also . 
 

  2.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  . 
 

    3.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    
     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 : 

1.03800 
1.15881 
1.12800 
1.04147 
1.02523 
1.17644 
1.20693 
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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 1.12800, while the largest 
difference is between seventh and eighth category and it equal to 
1.20693 ,which also a largest range for error regions in third 
experiment . 
 

     The resultant of testing through this experiment, was at 
recognize 011  patterns for all categories from the number of 

patterns 061 patterns that were used . 

 
       Note the improving in performance at this experiment through 
increasing number of patterens that were recognized .  
  



 
 
 
 
 
 
 
 
 

Range Max. boundary Min. boundary Eta. updated Worst err. Average err. MSR It .No. Epoch Categories 

1.10252 1.10045 1.10200 1.16142 1.10645 1.11528 1.11168 0010 624 0
st
 category 

1.12686 1.21442 1.08016 1.14800 1.10000 1.11006 1.11155 011 011 2
n
 category 

1.10150 1.20424 1.26802 1.14440 1.12648 1.11085 1.11106 40 00 3
rd

 category 

1.10004 1.02104 1.01001 1.14464 1.10100 1.11000 1.11106 000 04 4
th

 category 

1.12220 1.08050 1.06026 1.14828 1.12808 1.11012 1.11104 804 000 5
th

 category 

1.12111 1.62806 1.61806 1.14828 1.12000 1.11040 1.11100 804 000 6
th

 category 

1.10840 1.02000 1.01521 1.14045 1.12820 1.11010 1.11104 846 028 7
th

 category 

1.12005 1.46804 1.40010 1.14151 1.10550 1.11518 1.11160 0400 282 8
th

 category 

 
 
 
 

 

 Table(5-7): Conclusions  values for the eight categories from the fourth experiment   
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                               1.00800                    1.15881    1.12800            1.00100                             1.02520                   1.10600                              1.20640 

 

 

 

 

 

 

Figure(5-45): Decision Line for the fourth experiment 

 

 

 

 

 

 

 



  

 

Chapter Five                                                                                                The Experiments  
 

 411 

  

 
 

 

 

Fourth 

experiment 

Third 

experiment 
Second 

experiment 

First 

experiment 

Categories 

1.10252 1.12001 1.10050 1.12000 0
st

 

1.12686 1.10800 1.12605 1.10800 2
nd

 

1.10150 1.11001 1.11200 1.11048 3
rd

 

1.10004 1.10165 1.11062 1.11040 4
th

 

1.12220 1.10818 1.10555 1.10255 5
th

 

1.12111 1.10810 1.11601 1.11001 6
th

 

1.10840 1.10610 1.11441 1.11400 7
th

 
1.12005 1.12000 1.11501 1.11081 8

th
 

 

Table(5-8): Conclusions  ranges  values for the eight categories  

at the first  fourth  experiment 
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 Figure(5-46) Error distribution curve at the first fourth experiments  
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5.7 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(5-01)  
 

 1.0 Learning rate 

 1.110 Momentum 

011111 Max. iterations 

6 Translation 

2 Dilation 

1.110 Available error 

5 Hidden neurons 

6 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 ,…,so on .Parameters values for training on this category 
are same for other categories as in table(5-01)  . 
     

The Results: 
     Result of training a network on a first category after the 
discussed changes in colors is illustrated in figure(5-47) for 

changing error over an iterations number during the training  . 
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Figure (1-17):Changing error values over iterations number for the first  category 

at the fifth experiment 
 

    Mean square error value is  1.11196 which is largest value 
gotten for error through training than all other categories ,the 
training is completed after 2606 iterations ,through 436  epochs 
these numbers are a maximum through training on all categories .  
    A worst error value over this number of epochs is  1.14412  ,and 

the average error value is equal to 1.11733  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 1.17881 , this is a least updated 
value for learning rate through training   . 
 

      Output results of patterns in this category at this experiment ; 
output[0]=1.14495 

output[2]=1.13108 

output[3]=1.14957 

output[4]=1.14413 

output[5]=1.14772 

output[6]=1.14396 
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    Standard output value is ; 
         output[0]=1.14495 
 

     After reordering output values ,under the depended order; 
output[2]=1.13108 

output[6]=1.14396 

output[4]=1.14413 

output[0]=1.14495 

output[5]=1.14772 

output[3]=1.14957 
 

     The differences values for patterns outputs values around a 
standard output value through this order be; 

1.10477 

1.11199 

1.11192 
1.11277 
1.11462 

 

     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 ; 

[1.13108, 1.14957] 
                                             

     The range of this interval for output values that converge 
graphically to a figures in this experiment is equal to  1.10939  .  
     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 07 patterns from a set of 21 

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(5-48) for changing 

error over an iterations number during the training  . 
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Figure (1-11):Changing error values over iterations number for a second category 

 at the fifth experiment 
 

     Mean square error value is 1.11110  which is a smallest value 
gotten for error through training on all the other categories ,the 
training is completed after 66 iterations through 00 epochs , these 
numbers are less than all other categories .  
     Worst error value is equal to 1.11619 ,and average error value 
is 1.11010 , 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 1.19998 , 

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[0]=1.04508 

output[2]=1.04413  

output[3]=1.01643 

output[4]=1.05449 

output[5]=1.04441 

output[6]=1.04394 
 

     Standard output value is ; 
           output[0]=1.04508 
 

     After reordering output values ,under the depended order;  
output[3]=1.01643 

output[6]=1.04394 

output[2]=1.04413 

output[5]=1.04441 

output[0]=1.04508 
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output[4]=1.05449 
 

     The differences values for patterns outputs values around a 
standard output value through this order be; 

1.13875 

1.11024 
1.11005 
1.11178 
1.11930 

     Depending on reordering a patterns output values for this 
category increasingly to determine a closed interval for this 
category at this experiment; 

[1.01643 , 1.05449] 
                                             

    The range of this interval for output values converge graphically 
to a figures in this experiment is equal to  1.14816  .  
    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 05 patterns from a set of 21 

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(5-49) for 

changing error over iterations number during the training  . 
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Figure (1-11):Changing error values over iterations number for the third category  

at the fifth experiment 

    Mean square error value is 1.11804 that through training , the 
training is completed after 691  iterations ,through 005 epochs . 
     A worst error value over all epochs is  1.14135 ,and the average 

error value over a full epochs is 1.11672 .Learning rate is updated 
through training than a proposed one to be equal to 1.19834  .  
 

     Output results patterns in this category in this experiment are ; 
output[0]=1.20704 

output[2]=1.20501 

output[3]=1.20665 

output[4]=1.21443 

output[5]=1.21666 

output[6]=1.20111 
 

      Standard output value is ; 
           output[0]=1.20704 

      After reordering output values ,under the depended order;  
output[4]=1.21443 

output[5]=1.21666 

output[6]=1.20111 

output[2]=1.20501 

output[3]=1.20665 

output[0]=1.20704 
 

     Differences values for patterns outputs values around a 
standard output value through this order be; 

1.10270 

1.10148 
1.11704 
1.11214 
1.11149 

     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 : 

[1.21443 , 1.20704] 
                                             
     The range of this interval for output values converge graphically 
to a figures in this experiment is equal to  1.10270   .  
 

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 03 patterns from a set of 21 

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(5-51 ) for 

changing error over an iterations number during the training  . 
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Figure (1-17):Changing error values over iterations number for a fourth category 

at the fifth experiment   
 

     The mean square error value is 1.11175 that through training, 
the training is completed after 0126  iterations ,through 070 epochs 
. 
     A worst error value over all epochs is 1.13891 ,and the average 
error value over a full epochs is 1.11648 .Learning rate is updated 
through training than a proposed one to be equal to 1.19639   .   
     Output results patterns in this category in this experiment are 
as; 

output[0]=1.33074 

output[2]=1.33358  

output[3]=1.33368 
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output[4]=1.33019 

output[5]=1.32366 

output[6]=1.30057 
    

     Standard output value is ; 
                output[0]=1.33074 
 

     After reordering output values ,under the depended order;  
output[6]=1.30057 

output[5]=1.32366 

output[4]=1.33019 

output[0]=1.33074 

output[2]=1.33358  

output[3]=1.33368 
 

     Differences values for patterns outputs values around a 
standard output value through this order be; 

1.12107 

1.11818 
1.11165 
1.11084 
1.11094 

 

     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; 

[1.30057, 1.33368] 
      

     The range of this interval for output values converge graphically 
to a figures in this experiment is equal to 1.12200  .  
     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 05 patterns from a set of 21 

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: 
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      Result of training a network on fifth category after the 
discussed changes in colors is illustrated in figure(5-50) for 

changing error over an iterations number during the training  . 
 

0

0.01

0.02

0.03

0.04

0

1
5
0

3
0
0

4
5
0

6
0
0

7
5
0

9
0
0

1
0
5
0

iterations number

e
rr

o
r 

v
a
lu

e

 
 

Figure (1-14):Changing error values over iterations number for a fifth category  

at the fifth experiment  
 

     The mean square error value is  1.11166 that through training  , 
the training is completed after 0104  iterations ,through 069 epochs 
. 
     A worst error value over all epochs is 1.13641 ,and the average 
error value over a full epochs is 1.11616 .Learning rate is updated 
through training than a proposed one to be equal to  1.19647  .   
     Output results patterns in this category in this experiment are ; 

output[0]=1.46652 

output[2]=1.47767  

output[3]=1.47770 

output[4]=1.48078 

output[5]=1.48810 

output[6]=1.46422 
 

      Standard output value is ; 
              output[0]=1.46652 
 

      After reordering output values ,under the depended order;  
output[6]=1.46422 

output[0]=1.46652 

output[2]=1.47767  

output[3]=1.47770 

output[4]=1.48078 

output[5]=1.48810 

      Differences values for patterns outputs values around a 
standard output value through this order be; 

1.11231 



  

 

Chapter Five                                                                                                The Experiments  
 

 411 

1.10005 
1.10009 
1.10526 
1.12049 

 

     Depending on reordering a patterns output values increasingly, 
to determine a closed interval for this category at this experiment 

[1.46422, 1.48810] 
                                             

     The range of this interval for output values converge graphically 
to a figures in this experiment is equal to  1.12379  .  
     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 09 patterns from a testing set with  

21 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(5-52 ) for 

changing error over an iterations number during the training  . 
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Figure (1-11):Changing error values over iterations number for a sixth category 

 at the fifth experiment 
 

     Mean square error value is 1.11162 that through training ,the 
training is completed after 924 iterations ,through 054 epochs . 
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     A worst error value over all epochs is  1.13544 ,and average 
error value over a full epochs is 1.11591 .Learning rate is updated 
through training than a proposed one to be equal to  1.19716 .  

 

  
     Output results patterns in this category in this experiment are ; 

output[0]=1.61997 

output[2]=1.63156  

output[3]=1.60755 

output[4]=1.60284 

output[5]=1.62170 

output[6]=1.60526 
 

     Standard output value is ; 
          output[0]=1.61997 
 

     After reordering output values ,under the depended order;  
output[0]=1.61997 

output[4]=1.60284 

output[6]=1.60526 

output[3]=1.60755 

output[5]=1.62170 

output[2]=1.63156  
 

     Differences values for patterns outputs values around a 
standard output value through this order be; 

1.11287 

1.11529 
1.11758 
1.10174 
1.12159 

     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; 

 [1.61997 ,1.63156] 
                                             

     The range of this interval for output values converge graphically 
to a figures in this experiment is equal to  1.12159  .  
 

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 . 
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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 02 patterns from a testing set of 

21 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(5-53) for 

changing error over an iterations number during the training  . 
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Figure (1-13):Changing error values over iterations number for a seventh category  

at the fifth experiment 
 

     Mean square error value is 1.11660 that through training ,the 
training is completed after 991  iterations ,through 065 epochs . 
     A worst error value over all epochs is 1.13636 ,and average 
error value over a full epochs is 1.11616 .Learning rate is updated 
through training than a proposed one to be equal to 1.19663   .   
 

     Output results patterns in this category in this experiment are ; 
output[0]=1.73941 

output[2]=1.74998  

output[3]=1.75040 

output[4]=1.73631 

output[5]=1.74503 
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output[6]=1.70429 

     
    Standard output value is ; 
          output[0]= 1.73941 
 
 
 
 

     After reordering output values ,under the depended order;  
output[6]=1.70429 

output[4]=1.73631 

output[0]=1.73941 

output[5]=1.74503 

output[2]=1.74998  

output[3]=1.75040 
 

    Differences values for patterns outputs values around a 
standard output value through this order be; 

1.12500 

1.11301 
1.11573 
1.10158 
1.10210 

 

     Depending on reordering a patterns output values increasingly, 
to determine a closed interval for this category at this experiment; 

 [1.70429, 1.75040] 
                                             

     The range of this interval for output values converge graphically 
to a figures in this experiment is equal to  1.13702  .  
     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 00 patterns from a testing set of 

21 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: 
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      Result of training a network on the eighth category after 
discussed changes in colors is illustrated in figure(5-54) for 

changing error over an iterations number during the training  . 
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Figure (1-11):Changing error values over iterations number for the eighth category 

at the fifth experiment  
 

     Mean square error value is 1.11191 that through training ,the 
training is completed after 0686  iterations ,through 280 epochs . 
     A worst error value over all epochs is  1.14252 ,and average 
error value over a full epochs is 1.11718 .Learning rate is updated 
through training than a proposed one to be equal to  1.19156  .  

    Output results patterns in this category in this experiment are as; 
output[0]=1.95914 

output[2]=1.96149  

output[3]=1.96129 

output[4]=1.96124 

output[5]=1.94528 

output[6]=1.95764 
     

     Standard output value is ; 
           output[0]= 1.95914 
 

     After reordering output values ,under the depended order;  
output[5]=1.94528 

output[6]=1.95764 

output[0]=1.95914 

output[4]=1.96124 

output[3]=1.96129 

output[2]=1.96149 
 

     The differences values for patterns outputs values around a 
standard output value through this order be; 

1.10376 
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1.11041 
1.11021 
1.11025 
1.11045 

 

     Depending on reordering a patterns output values increasingly, 
to determine a closed interval for this category at this experiment 

[1.94528, 1.96149] 
                                             

     The range of this interval for output values converge graphically 
to a figures in this experiment is equal to  1.10520  .  
     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 6 patterns from a testing set of 21 

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  :              [1.13108 , 1.14957] 
Second category  :          [1.01643 , 1.05449] 
Third category  :             [1.21443 , 1.20704] 
Fourth category  :          [1.30057 , 1.33368] 
Fifth category  :             [1.46422 , 1.48810] 
Sixth category   :            [1.61997 , 1.63156] 
Seventh category  :         [1.70429 , 1.75040] 
Eighth category :            [1.94528 , 1.96149] 

 
    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 ;   

 

1.10931 
1.14816 
1.10270 
1.12200 
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1.12379 
1.12151 
1.13702 
1.10520 

 

    Not that a least range is for third category interval (which is also 
a least range for fourth experiment) at it equal to 1.10270 , while 
largest range is at second category interval that has biggest 
capacity for outputs values(actual outputs)for patterns in this 
category  that equal to 1.14816  . 
 
 

Note : 

   0.The outputs values for patterns(actual outputs )do not belong 
to  
       two(or more) categories interval in the same time at this   
      experiment also .  
 

   2. 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.  
 

   3. 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    
     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 : 

1.15686 
1.14994 
1.19443 
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1.03154 

1.02096 
1.18373 
1.09387 

 

      Note that largest error region range is occurred at difference 
range between seventh and eighth category intervals and it equal 
to 1.09387 ,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 it is  equal to  1.14994   . 
 

      The resultant of testing through this experiment ,was at 
recognize 018  patterns for all categories from the number of 

patterns  061 patterns that were used .  
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Figure(5-55): Error values curve for the eights categories 

 at the fifth experiment   
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Range Max. boundary Min. boundary Eta. updated Worst err. Average err. MSR It .No. Epochs Categories 

1.10404 1.10450 1.10108 1.10881 1.10012 1.11000 1.11146 2606 006 0
st
 category 

1.10816 1.05004 1.01600 1.14448 1.11614 1.11010 1.11110 66 00 2
n
 category 

1.10200 1.20000 1.21000 1.14800 1.10105 1.11602 1.11180 641 005 3
rd

 category 

1.12200 1.00068 1.00050 1.14604 1.10841 1.11608 1.11105 0126 000 4
th

 category 

1.12004 1.08810 1.06022 1.14600 1.10601 1.11616 1.11166 0100 064 5
th

 category 

1.12154 1.60156 1.61440 1.14016 1.10500 1.11541 1.11162 420 050 6
th

 category 

1.10002 1.05000 1.00024 1.14660 1.10606 1.11616 1.11166 441 065 7
th

 category 

1.10520 1.46104 1.40528 1.14156 1.10252 1.11018 1.11141 0686 280 8
th

 category 

 

 

 

Table(5-10): Conclusions  values for the eight categories from 

 the fifth experiment  that  for colors 
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                        1.15686              1.10440         1.14000                   1.00150                              1.02046                        1.18000                               1.04080   

 

 

 

  

Figure(5-56): Decision Line for the fifth experiment  
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Chapter Five 
 

The  Experiments 
 

  5.5   Presentation  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(7.4.7).  

 

      To show the efficiency of the discussed suggested method  ,we 
perform it with different ways at a set of experiments4 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 ;   
 

 222
22

.)1()?(
xx

eexx


                                 …     (8-4) 

 

where  x  in  R . 

                                                           
1
 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 Nf  features (that were extracted from 

each image) ,we used five features ,detectors as; 
 

                    Nf= 8  ,and   ( f4 , f5, f6, f7, f8) , 
 

 these values represent a vector of values for some pattern . 
 

     A set of patterns(that entered to network) for  p_patterns   where  

 p =4,…, Np   , Np ,is number of patterns in that file .The number of 

patterns supposed equal to 9  ; Np=9 , that is number of members in 

Sj at j_th category, in form (7-63) . While in testing set ,for each 

category Np is supposed equal to 53  pattern (image) .  

     Then the file of inputs as matrix with dimensions as 98  for 
each category ,but as will see in some experiments use 7  versions 
for the standard figure ,so it will be 78 ,and for a testing set we 
will use for all experiments number of patterns equal to 53  . 
     The form (7-7) will be in light of previous notations   
 























562616

522212

512111

....

.......

.......

....

....

fpfpfp

fpfpfp

fpfpfp

                      …     (8-5) 

  

and vector of features values for a pattern pi   in form(7-8) with 

dimensions  48  ; 
 

                                   ]......[ 521 fpfpfp iii                                      …     (8-6) 
 

     Each file represent a data of a some category from the eight 
categories used ,where Nc  number of categories under study , that 

consider  Nc=8  , j=4,..,8  . 
 

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 .  
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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,  
 

             d4 =3 ,…, dNc=4  

   ,            d4 < d5< …< dNc                                                     …     (8-7) 

 
 that is  
for Nc =8 ; 

            d4 < d5< d6< d7< d8< d9< d7< d8 

 

Nc  is number of categories  

     So a desired output values for a training set through its eights 
categories ,were considered as ; 
 
     First category                    d4= 3 

     Second category                d5= 3.48 

     Third category                   d6= 3.58 

     Fourth category                d7= 3.68 

     Fifth category                   d8= 3.8 

     Sixth category                  d9= 3.98 

     Seventh category              d7= 3.78 

     Eighth category                d8= 4 

 
    Which all belong to a closed interval [3,4] as; 
                d j [3,4]    or can be written as    3   d j 4 

    
    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(7-6) ,and with 

integer values fixed at n=9 ,and m=5 for all experiments on the 

suggested method . 
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8.5 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 53 images for each 

category, so for eights categories will be 493 images ,for each 

experiment ,but for a two different views experiments will be 653 
images5 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 )  .  
  

 

             
                                                                                      (a)   

     

                                          
 

                                           
 

                                              
                                                     

                                             
                                 (b)                                      

          

Figure(5-1):Some samples form the testing set for;(a) the first experiment (b)and the colored 

images at fifth experiment   

 
 

 8.6 First experiment : 
                                                           

2
 The number of images may be (seems for some ones) large but it good for work . 
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    The method was performed with its essential idea by 
implementing the activation function in equation(8-4) . Structure of 

a network was discussed previously . When do this experiment it 
consists of ; 
 8 (input layer) neurons, 8 (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 9 patterns 

,with available error value appropriate for training chosen through 
trials–error way, Momentum value is 3.334 ,this value will not 
changes after training6 . 
   

 

1.0 Learning rate 

1.110 Momentum 

011111 Max. iterations 

6 Translation 

2 Dilation 

1 .1110 Available error 

5 Hidden neurons 

6 Number of patterns in category  

                     

Table  (5-5 ):Proposed training parameters values at a first experiment 
  

First category : 
     A standard figure that characterize this category is illustrated in 
figure(8-5) .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 . 
  

 
Figure(5-2) : First Category 

 

     The learning rate is 3.4  ,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 : 

                                                           
3
  The momentum value will be supposed at value .0..0 for all experiments and for all categories ,(not  

    adjusted after training),this will depend for the coming experiments . 
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     The results of a network training on a first category is 
represented through quadratic distribution in figure(8-6),with 

respect to errors for each pattern in the category within limits of 
maximum iterations for training  . 
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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 3.33378 this error value is a maximum value for 
error through training among the eights categories after 6495  
iterations through 857 epochs, 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 3.33988  ,while a 
worst error value that a network reached for training on this 
category was 3.36985 , 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 3.37394 ,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[4]=3.35989 

output[5]=3.35399 

output[6]=3.37873 

output[7]=3.35997 

output[8]=3.37497 

output[9]=3.36977 
 

     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[4]=3.35989 
 

      After reordering outputs ,with increasing order then ; 
 

output[5]=3.35399 

output[4]=3.35989 

output[7]=3.35997 
output[9]=3.36977 

output[8]=3.37497 

output[6]=3.37873 
 

 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 : 

3.33887 
3.33338 
3.34594 
3.34874 
3.34887 

     

     The closed interval as;   

[3.35399, 3.37873] 
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  . 
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   The range of a closed interval for this category at this experiment 
is equal to  3.35774   . 
 

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 49 patterns from a set of                 

53  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(8-7) .The network was trained on 

patterns of this category which are noisy versions from pattern in 
figure(8-7) , initial values for training parameters and other 

parameters are same for values used in other categories which 
were proposed in table(8-4)  .  
 

 
 

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(8-8) ,with 

respect to errors values of network for each pattern in this category 
within  limits of maximum iterations for training  . 
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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 3.33336  this error 
value is a least error value at network training on the eights 
categories ,after 99 iterations through 44 epochs, it is a smallest 
number of iterations and epochs than all other categories. Average 
error value over these number of iterations is 3.33463 , while worst 
error value that this network reached through training on this 
category was 3.33788  . 
    Learning rate value after training over all patterns in this 
category and epochs is 3.39998 ,note that value of learning rate is 

a largest value after training  .  
 

    Outputs results for each version of original image under work ,as 
output[4]=3.47994 

output[5]=3.47889 

output[6]=3.47774 

output[7]=3.49393 

output[8]=3.48674 

output[9]=3.47549 
 

    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[4]=3.47994 

 

    After reordering outputs ,with increasing order then ; 
output[9]=3.47549 

output[6]=3.47774 

output[4]=3.47994 

output[5]=3.47889 

output[8]=3.48674 
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output[7]=3.49393 

    Difference between these outputs is small and difference values 
around a standard output value are ; 

3.33775 
3.33553 
3.33498 
3.33983 
3.34699 

 

    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; 

[3.47549 , 3.49393] 
 

 ,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 3.34874  . 
     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 46 patterns from a set of 53 

patterns  ,for this category within a determined training interval. 

 
 

 

 Third category : 
 

      The standard figure of pattern that characterize this category is 
illustrated in figure(8-9) .The network was trained on patterns of 

this category which are noisy versions from pattern in figure(8-9) , 

initial values for training parameters and other parameters are 
same for values used in other categories which were proposed in  
table(8-4). 
 

 
 

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(8-7) ,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(5-7): 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 3.33397 ,which 
traditionally less than available error tolerance for training a 
network, after 858 iterations through 88 epochs .Average error 
value over this number of iterations was 3.33899 , while worst error 
value that a network reached through training on this category of 
patterns was 3.36878 . 
     Learning rate value after training over all patterns and epochs  
is adjusted to be equal to 3.39935  ,it is a nearer value to a 

proposed value .  
     The outputs values for patterns in this category ,were; 

 

output[4]=3.54786 

output[5]=3.54949 

output[6]=3.54895 

output[7]=3.54984 

output[8]=3.54786 

output[9]=3.54789 
       

     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[4]=3.54786 
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     Also by ordering outputs ,in increasing order have been; 

output[4]=3.54786 

output[9]=3.54789 

output[8]=3.54786 

output[6]=3.54895 

output[5]=3.54949 

output[7]=3.54984 
 

    Note that a standard output is a minimum value than all other 
outputs .   
    Differences between versions outputs around standard output;  

3.33336 
3.33363 
3.33439 
3.33499 
3.33498 

 

     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 ;  

[3.54786, 3.54984] 
   

,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 
is equal to  3.33498    . 
 

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 7 patterns from a set of 53 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(8-8) .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 
(8-4) . 

 
 

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(8-9) with 

respect to errors values of network for each pattern in this category 
within limited number of maximum iterations for training , which is 
733333 iterations .  
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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 3.33388 , 
which traditionally less than available error tolerance for training a 
network after 879 iterations through 474  epochs . Average error 
value over this number of iterations was 3.33873 , while worst error 
value that a network reached through training on this category of 
patterns was equal to 3.36754   .                                                                      
      Learning rate value after training over all patterns and epochs  is 
adjusted to be equal to 3.39785   .  
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     Outputs values for patterns in thus category ,were; 
output[4]=3.64666 

output[5]=3.64784 

output[6]=3.64898 
output[7]=3.64993 

output[8]=3.64597 

output[9]=3.64957 
 

     Standard output value for a fourth category is : 
                  output[4]=3.64666 
 

     After an increasing order have been; 
output[8]=3.64597 

output[4]=3.64666 
output[5]=3.64784 

output[6]=3.64898 

output[9]=3.64957 

output[7]=3.64993 
  

      Also see that standard output is a minimum value than other 
outputs .   
     Differences between versions outputs around standard output ;  

963.333 
3.33448 
3.33598 
3.33597 
3.33687 

     

    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 ; 

[3.64597, 3.64993] 
 

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 
is equal to 3.33696 . 
    When a testing step performed through a testing set that contain 
also a fuzzy versions for a standard figure for this category, the 
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network was unable to recognize 7 patterns from a set of 53  patterns  

,for this category within a determined training interval 

Fifth category : 
        The standard figure of pattern that characterize this category is 
illustrated in figure(8-43) .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  
(8-4)  . 

 
 

Figure(5-51) :Fifth  Category 

The Results : 
     The results for network training on a patterns in the fifth category 
are represented through quadratic distribution in figure(8-44),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(5-55):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 3.33385 ,which 
traditionally less than available error tolerance for training a 
network after 975 iterations through 495 epochs . Average error 
value over this number of iterations was 3.33869 , while worst error 
value that a network reaches through training on this category of 
patterns was equal to 3.36567 .Learning rate value after training 
over all patterns and epochs  is adjusted to be equal to 3.39978  .  
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      Outputs values for patterns in this category ,were; 
output[4]=3.79839 

output[5]=3.79758 

output[6]=3.79996 

output[7]=3.79944 

output[8]=3.77794 

output[9]=3.79854 
 

     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[4]=3.79839 
  

    After ordering in same way for previous categories with 
increasing order have been; 

output[4]=3.79839 

output[7]=3.79944 

output[5]=3.79758 

output[9]=3.79854 

output[6]=3.79996 
output[8]=3.77794 

 

     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 ; 

3.33438 
3.33447 
3.33648 
3.33787 
3.34588 

     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 ; 

[3.79839, 3.77794] 
 

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 3.34588  . 
    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 46 patterns from a set of 53 

patterns  ,for this category within a determined training interval .  
 

Sixth category : 
    The standard figure of pattern that characterize this category is 
illustrated in figure(8-45).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 
(8-4)  . 

 
 

Figure(5-52) :Sixth Category 

The Results : 
     Results of a network training on a patterns in sixth category are 
represented through quadratic distribution in figure(8-46) ,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(5-53): 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 3.33378 ,which is 
traditionally less than available error tolerance for training a 
network ,after 897  iterations through 479 epochs .Average error 
value over this number of iterations was 3.33849 , while worst error 
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value that a network reaches through training on this category of 
patterns was equal to 3.36447 . Learning rate value after training 

over all patterns and epochs is adjusted to be equal to 3.39757  .  
 

    Outputs values for each pattern in this category ,were; 
output[4]=3.95376 

output[5]=3.95693 

output[6]=3.95897 

output[7]=3.94857 

output[8]=3.94999 

output[9]=3.94978 
 

    Standard output value for patterns of sixth category is :         
         output[4]=3.95376 
 

     After ordering in same way for previous categories as 
increasing order have  been; 

output[7]=3.94857 

output[9]=3.94978 

output[8]=3.94999 

output[4]=3.95376 

output[5]=3.95693 

output[6]=3.95897 
 

    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 ; 

3.33579 
3.33458 
3.33377 
3.33587 
3.33794  

     

    Closed interval for the sixth category patterns ,in light of patterns 
outputs values in this category is;  

 [3.94857, 3.95897] 
 

  ,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 3.33773. 
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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  9 patterns from a set of 53  

patterns ,for this category within a determined training interval .  
 

Seventh category : 
    The standard figure of pattern that characterize this category is 
illustrate in figure(8-47).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 
(8-4)  . 

 
 

Figure(5-54) :Seventh Category 

The Results : 
     The results for network training on a patterns in the seventh 
category are represented through quadratic distribution in figure            
(8-48) ,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(5-55): 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 3.33383 , 
which traditionally less than available error tolerance for training   a 
network, after 969 iterations through 489 epochs . Average error 
value over this number of iterations was 3.33858 , while worst error 
value that a network reaches through training on this category of 
patterns was equal to 3.36499  . 
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     Learning rate value after training over all patterns and epochs  
is adjusted to be equal to 3.39998  .  
 
 
 

    Outputs values for each pattern in this category were; 
output[4]=3.74443 

output[5]=3.75368 

output[6]=3.74989 

output[7]=3.75386 

output[8]=3.74947 

output[9]=3.74894 
 

    Standard output value for patterns of seventh category is :   
       output[4]=3.74443 
 

    Ordering the outputs with increasingly order then; 
output[4]=3.74443 

output[9]=3.74894 

output[8]=3.74947 

output[6]=3.74989 
output[5]=3.75368 

output[7]=3.75386 
 

     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;  
3.33784 
3.33837 
3.33879 
3.33958 
3.33976 

 

      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;  

 [3.74443, 3.75386] 
 

 ,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 
experiment is equal to  3.33976  .  
        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 7 patterns from a set of 53 patterns 

,for this category within a determined training interval.  

 

Eighth category : 
     The standard figure of pattern that characterize this category is 
illustrated in figure (8-49) .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(8-4)  . 

 
 

Figure(5-56) :Eighth Category 
      

 The Results : 
       Results of a network training on a patterns in eighth category 
are represented through quadratic distribution in figure(8-47) ,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(5-57): 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 3.33376 ,which 
traditionally less than available error tolerance for training a 
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network after 4797 iterations through 599 epochs . Average error 
value over this number of iterations was 3.33968 , while worst error 
value that a network reaches through training on this category of 
patterns was equal to 3.36865   . 
     Learning rate value after training over all patterns and epochs  
is adjusted to be equal to 3.38964  .  

  

     Outputs values for each pattern in this category ,were; 
output[4]=3.99747 

output[5]=3.99878 

output[6]=3.99786 
output[7]=3.99769 

output[8]=3.99398 

output[9]=3.99485 
 

      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[4]=3.99747 
 

      Ordering the outputs with increasingly order then; 
output[8]=3.99398 

output[9]=3.99485 

output[4]=3.99747 

output[7]=3.99769 

output[6]=3.99786 

output[5]=3.99878 
 

      Computed differences around a standard value were; 
3.33649 
3.33565 
3.33355 
3.33399 
3.33497 

      

     Closed interval for the eighth category patterns ,in light of 
patterns outputs values in this category is;  

 [3.99398, 3.99878] 
 

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 3.33783  . 
    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 7 patterns from a set of 53  patterns 

, for this category .  
 
 

Discussion of the First  Experiment : 
     The intervals of a training set categories at first experiment are; 
 

First category         [3.35399, 3.37873] 

Second category     [3.47549, 3.49393] 

Third category        [3.54786, 3.54984] 

Fourth category     [3.64597, 3.64993] 

Fifth category        [3.79839, 3.77794] 

Sixth category      [3.94857, 3.95897] 

Seventh category    [3.7444 3,3.75386] 

Eighth category      [3.99398, 3.99878] 
  

     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 ; 

3.35774 
3.34874 
3.33498 
3.33696 
3.34588 
3.33773 
3.33976 
3.33783 

 

     The largest range is at first category interval that has a biggest 
capacity for actual outputs for patterns in this category equal to 
3.35774 , while smallest range is occurred at third category interval 
it is equal to 3.33498 ,which is seems narrower than other intervals 
. 
 

Note : 
    4. Actual output for each pattern not belong to two(or more) 

       categories intervals in the same time ,this error or -in more 
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       accuracy- a generalization problem and then fail to take a  
       right decision .   
    5. 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. 
   6. 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    
       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 : 

3.39979 

3.38696 
3.39979 
3.47849 
3.47396 

3.38879 
3.57378 

     

    We can see that a least range occurred between second interval 
and third interval ,equal to 3.38696 ,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 3.57378 ,see 
decision line in figure (8-48)  .  
 

    The resultant of testing through this experiment was at 
recognizing 73 patterns  for all categories from the total number of    
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 patterns 493 patterns that were used . 



 

 

 
 
 
 
 

 
Range Max. boundary Min. boundary Eta. updated Worst err. Average err. MSR It .No. Epoch Categories 

1.12070 1.10501 1.12166 1.17160 1.12652 1.11650 1.11170 2062 527 4
st
 category 

1.10070 1.06161 1.00206 1.16660 1.11705 1.11021 1.11112 66 00 5
n
 category 

1.11060 1.20650 1.20052 1.16612 1.12570 1.11566 1.11160 520 00 6
rd

 category 

1.11262 1.20661 1.20267 1.16752 1.12020 1.11571 1.11150 006 000 7
th

 category 

1.10255 1.07760 1.06516 1.16675 1.12227 1.11526 1.11152 672 062 8
th

 category 

1.11701 1.62560 1.60020 1.16720 1.12007 1.11506 1.11100 060 006 9
th

 category 

1.11602 1.72152 1.70001 1.16660 1.12066 1.11520 1.11151 626 056 7
th

 category 

1.11001 1.66570 1.66160 1.10620 1.12022 1.11620 1.11172 0760 266 8
th

 category 

 
 

Table(5-2) : Conclusions  values for the eight categories from the first experiment 
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                           1.16676             1.15262       1.16606                      1.00006                                 1.00162                  1.10506                                   1.20105 

  

 
 
 
 
 

Figure(5-58): Decision Line2 for the first experiment  

 
 
 
 
 
 

  

5 *   The symbol  (            )  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 . 
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  8.7  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(8-4) ,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 8 neurons ,while number of output 

neurons is stay 4 neuron ,since it fixed in a network structure (that 

we cannot change it through all experiments) .The number of 
hidden neurons increased from 8 neurons in first experiment into 8 

neurons in this experiment . A proposed available error value is 

modified from 3.3338  in first experiment into 3.3337  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(8-6) .Which is constant for all categories in training set 

through this experiment . 
 

 

 

3.4 Learning rate 

1.110 Momentum 

733333 Max. iterations 

3 .3337 Available error 

6 Translation 

2 Dilation 

8 Hidden neurons 

9 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(8-6) .  
 

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 3.33369 ,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 7473  iterations ,through 4498  
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 3.35855 , 
and average error value is equal to 3.33773  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 
3.34975 at 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 . 
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Figure(5-59): 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[4] = 3.34488 

output[5] = 3.33777 

output[6] =  3.36934 

output[7] = 3.34479 

output[8] = 3.36479 
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output[9] = 3.35854 

    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[4] = 3.34488 
  

    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[5] = 3.33777 

output[4] = 3.34488 

output[7] = 3.34479 

output[9] = 3.35854 

output[8] = 3.36479 

output[6] =  3.36934 
 

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 ;  

3.33747 
3.33354 
3.34996 
3.34988 
3.35776 

              

     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 ; 

 [3.33777, 3.36934] 
 

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 3.36487 ,which is larger than a range of this category 
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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 49 patterns from a testing set with 

53  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(8-6) . 
 

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 
3.33366 in limits of a proposed tolerance ,which is higher than that 
value that got on in a first experiment ,after 795  iterations, through 
465 epochs ,which are increased over than numbers in a first 
experiment .  
    Worst error value that a network reached is equal to 3.35886 is a 
worst error reached a network through training in this experiment 
on all categories ,while the average error value is equal to 3.33763 
.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 3.39785 ,it is less than a value in a first  experiment   .  
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Figure(5-21): 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[4] =  3.48538 

output[5] =  3.48799 

output[6] =  3.47953 

output[7] =  3.53538 

output[8] =  3.49498 

output[9] =  3.47896 
     

     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[4] =  3.48538 
 

     To determine a limits of the real closed interval for outputs of 
patterns in this category by ordering outputs increasingly will be ; 

output[9] =  3.47896 

output[6] =  3.47953 

output[4] =  3.48538 

output[5] =  3.48799 

output[8] =  3.49498 

output[7] =  3.53538 
     

     Differences values for patterns around the standard value 
through a previous order for patterns are; 

3.33975 
3.33588 
3.33594 
3.33993 
3.35336 

 

     Then a real closed interval for a second category ,which is 
determined by the patterns outputs values in this category as ; 

 [3.47896, 3.53538] 
 

,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 3.35978 ,which is larger than a range of this category 
interval at first experiment ,this range represent that capacity of 
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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 47 patterns from a testing set with 

53  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(8-6) . 
  

 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 3.33359 ,which is 
less than error value at first experiment ,after 498  iterations 
through 58 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 3.35738 ,which is less than a value in a first 
experiment .An average error value is 3.33734 , which is also less 
than a previous value in a previous experiment .     
     Leaning rate value is updated through training in this 
experiment until be 3.39989 ,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(5-25): 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[4] =  3.57675 

output[5] =  3.57934 

output[6] =  3.57849 

output[7] =  3.57978 

output[8] =  3.57748 

output[9] =  3.57678 
 

     This outputs values are appear for patterns as ordered in a third 
category in a training set . 
 

      Standard output value is; 
           output[4] =  3.57675 
    

      To determine a limits of a real closed interval for outputs of 
patterns in this category by ordering outputs with increasing order ; 

output[4] =  3.57675 

output[9] =  3.57678 

output[8] =  3.57748 

output[6] =  3.57849 

output[5] =  3.57934 

output[7] =  3.57978 
 

     Differences values for patterns around the standard value 
through a previous order of patterns are; 

3.33336 

3.33376 
3.33477 

3.33559 

3.33576 

      A real closed interval for a third category ,which is determined 
by the patterns outputs values in this category  as ; 

 [3.57675, 3.57978] 
  

 ,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 3.33576 ,which is larger than a range of this category 
interval at 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 7 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(8-6) . 
 

 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 3.33357 ,which is less than 
error value at first experiment ,after 678  iterations and through 96 
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 3.35697 ,while the average error value is equal 
to 3.33697 .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 3.39979 ,but it is larger than value that got on in the 
previous experiment on the same category .  
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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[4] =  3.65668 

output[5] =  3.65778 

output[6] =  3.65978 
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output[7] =  3.65779 

output[8] =  3.65587 

output[9] =  3.65977 
 

     This outputs values are appear for patterns as its ordered in a  
fourth category  . 
 

     Standard output value is; 
          output[4] =  3.65668 
 

     By ordering outputs values of patterns with increasing order as ; 
output[8] =  3.65587 

output[4] =  3.65668 

output[5] =  3.65778 

output[6] =  3.65978 

output[9] =  3.65977 

output[7] =  3.65779 
 

     Differences values for patterns around the standard value 
through a previous order for patterns are; 

3.33378 
3.33476 
3.33643 

3.33669 

3.33747 
 

    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 ; 

 [3.65587, 3.65779] 
 

,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 3.33795 ,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, 
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the network was able to recognize 9 patterns from a testing set with 

53  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(8-6) . 
 

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 3.33357 ,which is  
traditionally less than error value at a first experiment ,after 798 
iterations ,through 458 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 3.35547 ,and the average error value is equal to 
3.33699 ,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 3.39798 ,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[4] =  3.77698 

output[5] =  3.77736 
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output[6] =  3.78334 

output[7] =  3.77899 

output[8] =  3.78986 

output[9] =  3.77858 
 

     This outputs values are appear for patterns as it ordered in fifth  
category  . 
     Standard output value is; 
             output[4] =  3.77698 
 

     To determine a closed interval for patterns outputs values in 
this category by ordering outputs with increasing order also, as ; 

output[4] =  3.77698 

output[7] =  3.77899 

output[5] =  3.77736 

output[9] =  3.77858 

output[6] =  3.78334 

output[8] =  3.78986 
 

     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; 

3.33498 

3.33638 
3.33763 

3.33936 

3.34888 
 

     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 ; 

 [3.77698 , 3.78986] 
 

,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 3.34888 ,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 45 patterns from a testing set with 

53  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(8-6) . 
 

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 3.33356 ,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 795 iterations , through 457 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  
3.35483 ,it is a least worst error value for training on categories of a 
training set . Average error value is equal to 3.33688 . 
     Leaning rate value is updated during training on this category 
until be 3.39798  ,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[4] =  3.96388 
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output[5] =  3.96643 

output[6] =  3.96784 

output[7] =  3.95784 

output[8] =  3.95997 

output[9] =  3.95899 
 

 this order for outputs values is appears as patterns ordered in a 
sixth category  . 
 

     Standard output value is; 
          output[4] =  3.96388 
 

      Also, to determine a boundaries of a closed interval for output 
values in this category ,it were ordered increasingly as; 

output[7] =  3.95784 

output[9] =  3.95899 

output[8] =  3.95997 

output[4] =  3.96388 

output[5] =  3.96643 

output[6] =  3.96784 
 

      Differences values for patterns around a standard value are:  
3.33577 

3.33489 
3.33397 
3.33585 

3.33696 
 

     The real closed interval for a sixth category patterns at this  
experiment as ; 

 [3.95784, 3.96784] 
 

 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 3.33973 ,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, 
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the network was able to recognize 8 patterns from a testing set with 

53  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(8-6) . 
 

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 3.33358 ,note that this 
value is also less than that one in a first experiment on the same 
category ,after 865 iterations , through 469 epochs ,these numbers 
are less than that numbers at first experiment  . 
     Worst error value at training on this category is equal to  
3.35567, while average error value is equal to 3.33675 ,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 3.39789 ,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[4] =  3.74998 

output[5] =  3.75997 

output[6] =  3.75948 

output[7] =  3.75988 

output[8] =  3.75876 

output[9] =  3.75839 
 

      Also, this order for outputs values is appears as patterns 
ordered in a seventh category  . 
 

     Standard output value is; 
           output[4] =  3.74998 
  

    To determine a closed interval for output values in this category 
, it were ordered increasingly as; 

output[4] =  3.74998 

output[9] =  3.75839 

output[8] =  3.75876 

output[6] =  3.75948 

output[5] =  3.75997 

output[7] =  3.75988 
 

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; 

3.33847 

3.33878 
3.33956 
3.33999 

3.33993 
 

     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 ; 

 [3.74998, 3.75988] 
 

,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  . 
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     Range of this closed interval for a seventh category at a second 
experiment is 3.33993 . 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 7 patterns from a testing set with 

53  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(8-6) . 
 

 The Results : 
     Results of a network training on the eighth category are    
changed than a previous experiment .  
     Mean squared error value is equal to 3.33367 ,which is less 
than a value in a first experiment ,after 5478 iterations ,through 688 
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  3.35774 
,while average error value is equal to 3.33789 , 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 3.38848 ,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[4] =  3.97859 

output[5] =  3.97997 

output[6] =  3.97899 

output[7] =  3.97889 

output[8] =  3.97497 

output[9] =  3.97599 
 

     This order for patterns outputs values is appears as patterns 
ordered in an eighth category  . 
     Standard output value is; 
           output[4] =  3.97859 

 
     To determine a closed interval for outputs values in this 
category through increasing order as ; 

output[8] =  3.97497 

output[9] =  3.97599 

output[4] =  3.97859 

output[7] =  3.97889 

output[6] =  3.97899 

output[5] =  3.97997 
 

    Differences values for a patterns outputs values around a 
standard output value with previous order as; 

3.33689 

3.33593 
3.33363 
3.33373 

3.33474 
 

      The real closed interval for an eighth category, that it 

determined by a patterns outputs values in this category is; 
[3.97497, 3.97997] 

 

,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 3.33863 ,which less than 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 6 patterns from a testing set with 

53  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         [ 3.33777 ,3.36934 ] 

Second category     [ 3.47896 ,3.53538 ] 

Third category        [ 3.57675 ,3.57978 ] 

Fourth category     [ 3.65587 ,3.65779 ] 

Fifth category        [ 3.77698 ,3.78986 ] 

Sixth category      [ 3.95784 ,3.96784 ] 

Seventh category   [ 3.74998 ,3.75988 ] 

Eighth category     [ 3.97497 ,3.97997 ] 
 
   The ranges of these intervals at this order of categories intervals 
are; 

3.36487 

3.35978 
3.33576 

3.33795 
3.34888 

3.33973 
3.33993 
3.33863 

 

     A least range is for third category interval equal to 3.33576 
,while a largest one is for a first category interval and equal to 
3.36487   . 
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     Differences of the regions between these intervals -error 
regions-  for a second experiment are as; 
 

3.46995 
3.37497 

3.37975 
3.47979 
3.46858 
3.38877 
3.57485 

 
 
 
 
 

       A least difference occurred between a third category  interval 
and the fourth category interval equal to 3.37975 .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  3.57485 ,it means that 
the error is larger between these two categories . 
 

Note :  

     4. 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 . 
 

    5. 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(8-57) 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. 
 

     6. 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  
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    to infinity with the two directions ,a minus and plus infinity ,to    
     and   ,respectively . 
 

   The resultant of testing through this experiment, was at 
recognize 97 pattern for all categories from the number of      

patterns 493 patterns that were used .                                                                      
 

 



 

 

 
 

 
 

 

 

 

 
Range Max. boundary Min. boundary Eta. updated Worst err. Average err. MSR It .No. Epoch Categories 

1.12057 1.12610 1.11000 1.10672 1.12022 1.11071 1.11126 7071 0065 4
st
 category 

1.12605 1.21210 1.07562 1.16702 1.12502 1.11021 1.11122 762 022 5
n
 category 

1.11272 1.27605 1.27272 1.16606 1.12010 1.11010 1.11126 060 20 6
rd

 category 

1.11062 1.22706 1.22207 1.16606 1.12260 1.11260 1.11127 270 62 7
th

 category 

1.10555 1.00652 1.07260 1.16765 1.12207 1.11266 1.11120 760 020 8
th

 category 

1.11671 1.62050 1.62700 1.16760 1.12051 1.11250 1.11122 762 027 9
th

 category 

1.11661 1.72605 1.70665 1.16756 1.12227 1.11272 1.11125 022 026 7
th

 category 

1.11521 1.67667 1.67067 1.10505 1.12700 1.11056 1.11127 2000 250 8
th

 category 

 

 

 

 

Table(5-4): Conclusions values for the eight categories from the second experiment 
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                              1.02662                          1.17060     1.10602              1.00606                                  1.02020                     1.10500                                   1.20002    

 

 

 

 

 

Figure(5-27): Decision Line for the second experiment  
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 5.5  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 (8-4) .The 

number of patterns were increased to one pattern into each 
category .Then number of patterns will be 89 patterns , with  7  

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(8-58) for changing error value over an iterations number . 

     Mean square error value is equal to 3.33377  after 6736 
iterations, through 859 epochs at training .The worst error value 
over a full epochs number equal to  3.36976 ,and the average error 
value over a full epochs number is  3.33896  . 
     Learning rate is updated through training ,its value after end 
training is 3.37375 .The error value here is a maximum error value 
for training over all categories at this experiment . 
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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[7] =  3.37389 

output[4] =  3.35978 

output[5] =  3.35394 

output[6] =  3.37864 

output[7] =  3.35989 

output[8] =  3.37489 

output[9] =  3.36969 
 

    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[4] =  3.35978 
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    After reordering outputs values ,as increasing order will be ; 
output[5] =  3.35394 

output[4] =  3.35978 

output[7] =  3.35989 

output[9] =  3.36969 

output[7] =  3.37389 

output[8] =  3.37489 

output[6] =  3.37864 
 

     Differences values for patterns outputs values around a 
standard output value through the order be ; 

3.33887 
3.33338 
3.34594 
3.34744 
3.34874 
3.34886 

 

     Then the real closed interval for a first category ,at this 
experiment ,that determined by a patterns outputs values after 
ordering be ; 

[3.35394 , 3.37864]  
     

 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 
experiment is  3.35773  . 

      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 49 patterns from a testing set with 

53  patterns , for this category within a determined training interval  .  
 

Second  Category : 
     The results of training on this category were illustrated in 
figure(8-59) for changing error value over an iterations number . 

     Mean square error value for training is 3.33336 ,which is a 
minimum error value for training on all categories in a training set 
at this experiment ,after 94 iterations through 46 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 
3.33779 ,and average error value over a full epochs is 3.33443 . 
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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 3.39997,it 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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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[7] =  3.47847 

output[4] =  3.47733 

output[5] =  3.47898 

output[6] =  3.47783 

output[7] =  3.49399 

output[8] =  3.48683 

output[9] =  3.47558 
  

    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[4] =  3.47733 

     Now by reordering outputs values to determine a closed interval 
for this category ,with increasing order as ; 

output[9] =  3.47558 

output[6] =  3.47783 

output[4] =  3.47733 

output[7] =  3.47847 
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output[5] =  3.47898 

output[8] =  3.48683 

output[7] =  3.49399 

 
     The differences values for patterns outputs values around a 
standard output value after ordering  are ; 

3.33775 
3.33553 
3.33447 
3.33498 
3.33983 
3.34699 

 

     A real closed interval for a second category at third experiment , 
which determined by ordering a patterns outputs values in this 
category  is ; 

[3.47558, 3.49399]  
     

 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 3.34874 , 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 46 patterns from a testing set with 

53  patterns , for this category within a determined training interval  .  

 
 

Third  Category : 
       

     The results of training on this category were illustrated in 
figure(8-63) for changing error value over an iterations number . 

     Mean square error value for training on this category is equal to 
3.33395 ,after 984 iterations through 96 epochs . 
     Worst error value over a full epochs is 3.36859 , and the 
average error value over a full epochs is 3.33836 .This average 
error values is a maximum value through training on all other 
categories .  
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     A learning rate is updated through training ,and it is value after 
end the training is 3.39894   . 
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Figure(5-31): 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[7] =  3.53974 

output[4] =  3.54838 

output[5] =  3.54999 

output[6] =  3.54946 

output[7] =  3.54734 

output[8] =  3.54867 

output[9] =  3.54837 
       

      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[4] =  3.54838 
 

     Outputs values were ordered to determine a closed interval for 
this category ,increasingly as ; 

output[7] =  3.53974 

output[4] =  3.54838 

output[9] =  3.54837 

output[8] =  3.54867 

output[6] =  3.54946 

output[5] =  3.54999 

output[7] =  3.54734 
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    Differences values for patterns outputs values around a 
standard output value after ordering be ; 

3.33867 
3.33335 
3.33359 
3.33438 
3.33497 
3.33499 

      

     The real closed interval for a third category at this experiment ,  
by ordering patterns outputs values increasingly in this category is;  

[3.53974, 3.54734]  
     

  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 
experiment is  3.33763  . 

       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 46 patterns from a testing set with 

53  patterns , for this category within a determined training interval  .  

 
       

Fourth Category : 
     The results of training on this category were illustrated in 
figure(8-64) for changing error value over an iterations number . 

     Mean square error value is 3.33388 ,after 4338 iterations 
through 477 epochs ,the worst error value over a full epochs is 
3.36655 , and average error is 3.33777  .  
     A learning rate is updated through training ,and its value after 
end training is 3.39894  . 
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Figure(5-35):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[7] =  3.63755 

output[4] =  3.64765 

output[5] =  3.64879 

output[6] =  3.64998 

output[7] =  3.64787 

output[8] =  3.64699 

output[9] =  3.64757 
 

     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[4] =  3.64765 

     The outputs values were ordered to determine a boundaries of 
a closed interval for this category , as ; 

output[7] =  3.63755 

output[8] =  3.64699 

output[4] =  3.64765 

output[5] =  3.64879 

output[6] =  3.64998 

output[9] =  3.64757 

output[7] =  3.64787 
 

    The differences values for patterns outputs values around a 
standard output value after previous order be ; 

3.33743 
3.33369 
3.33447 
3.33596 



 

Chapter Five                                                                                                The Experiments  
  

 154 

3.33595 
3.33688 

     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 ; 

[3.63755, 3.64787]  
     

   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 experiment is  3.34398  . 

       
      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 47 patterns from a testing set with 

53  patterns , for this category within a determined training interval  .  

 
 

 Fifth Category : 
     The results of training on this category were illustrated in 
figure(8-65) for changing error value over an iterations number . 

     Mean square error value for training in this category is 3.33783 , 
after 4478 iterations through 497 epochs ,a worst error value over a 
full epochs is 3.36484 , and the average error value over a full 
epochs is 3.33379  .  
     Learning rate at this category is updated through training until 
be 3.39997  . 
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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;  
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output[7] =  3.79369 

output[4] =  3.79894 

output[5] =  3.79843 

output[6] =  3.77377 

output[7] =  3.79997 

output[8] =  3.77877 

output[9] =  3.79939 
 

      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[4] =  3.79894 
 

     After ordering the outputs values to determine a closed interval 
for this category , with increasing order as ; 

output[7] =  3.79369 

output[4] =  3.79894 

output[7] =  3.79997 

output[5] =  3.79843 

output[9] =  3.79939 

output[6] =  3.77377 

output[8] =  3.77877 
 

     Differences values for patterns outputs values around a 
standard output value after previous order are; 

3.33888 
3.33439 
3.33549 
3.33648 
3.33789 
3.34586 

 

   The real closed interval for the fifth category at this experiment , 
which determined by ordering a patterns outputs values in this 
category  is ; 

[3.79369, 3.77877]  
     

 ,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 . 
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     The range of a closed interval for the fifth category and at this 
experiment is 3.34838 ,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 49 patterns from a testing set with 

53  patterns , for this category within a determined training interval  .  

 
 
      

 

 

 

 

 

 

Sixth Category : 
 

     The results of training on this category were illustrated in 
figure(8-66) for changing error value over an iterations number . 

     Mean square error value for training is equal to 3.33378 , after 
4387 iterations through 484 epochs at end training .Worst error 
value over a full epochs number is 3.36337 , and the average error 
value over a full epochs number is 3.33759  .  
     Learning rate is updated through training ,and its value after 
training is 3.39747  . 
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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[7] =  3.93899 

output[4] =  3.95483 

output[5] =  3.95797 
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output[6] =  3.95973 

output[7] =  3.94964 

output[8] =  3.95436 

output[9] =  3.95388 
 

      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[4] =  3.95483 

 
 
 
 

    After reordering the outputs values with increasing order as ; 
output[7] =  3.93899 

output[7] =  3.94964 

output[9] =  3.95388 

output[8] =  3.95436 

output[4] =  3.95483 

output[5] =  3.95797 

output[6] =  3.95973 
 

     Differences values for a patterns outputs values around 
standard output value under previous order be ; 

3.34644 
3.33579 
3.33458 
3.33377 
3.33587 
3.33793 

 

     Then the real closed interval for sixth category at this 
experiment after the ordering is ; 

[3.93899, 3.95973]  
     

 ,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 3.34834 ,is refer to that a capacity of this category 
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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 46 patterns from a testing set with 

53  patterns , for this category within a determined training interval  .  

 
 
 
 
 
 
 
 
 
 

Seventh Category : 
     The results of training on this category were illustrated in 
figure(8-67) for changing error value over an iterations number . 

     Mean square error value is equal to 3.33379 , after 4439 
iterations through 488 epochs at training .The worst error value 
over a full epochs number is equal to 3.36378, and average error 
value over a full epochs is 3.33768  .  
     Learning rate is updated through training ,and its value after 
end training is 3.39993   . 
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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[7] =  3.73898 

output[4] =  3.74558 

output[5] =  3.75489 



 

Chapter Five                                                                                                The Experiments  
  

 158 

output[6] =  3.75437 

output[7] =  3.75475 

output[8] =  3.75365 

output[9] =  3.75343 
 

      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[4] =  3.74558 

 
 
 

     After reordering the outputs values to determine a closed 
interval for this category ,with increasing order as ; 

output[7] =  3.73898 

output[4] =  3.74558 

output[9] =  3.75343 

output[8] =  3.75365 

output[6] =  3.75437 

output[5] =  3.75489 

output[7] =  3.75475 
 

    The differences values for patterns outputs values around a 
standard output value under previous order be ; 

3.33993 
3.33785 
3.33837 
3.33879 
3.33958 
3.33977 

 

     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 ; 

[3.73898, 3.75475]  
     

 ,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 . 
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     The range of a closed interval for a seventh category and at this 
experiment is 3.34937 ,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 9 patterns from a testing set with 

53  patterns , for this category within a determined training interval  .  

 
 

 

 

 

 

 

 

 

 

 

 

Eighth Category : 
 

     The results of training on this category were illustrated in 
figure(8-68) for changing error value over an iterations number . 

     Mean square error value for training is equal to 3.33375 , after 
5475 iterations through 639 epochs. The worst error value that a 
network reached over a full epochs is equal to 3.36799 ,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 
3.33875 .The learning rate is updated through training ,and its 
value after end training is 3.38894   . 
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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;  
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output[7] =  3.97567 

output[4] =  3.99779 

output[5] =  3.99938 

output[6] =  3.99847 

output[7] =  3.99798 

output[8] =  3.99468 

output[9] =  3.99547 
 

     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[4] =  3.99779 
 

     Then reordering the outputs values to determine a closed 
interval for this category ,with increasing order as ; 

output[7] =  3.97567 

output[8] =  3.99468 

output[9] =  3.99547 

output[4] =  3.99779 

output[7] =  3.99798 

output[6] =  3.99847 

output[5] =  3.99938 
 

 

     The differences values for patterns outputs values around a 
standard output value through order be ; 

3.35545 
3.33644 
3.33559 
3.33355 
3.33398 
3.33495 

 

     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 ; 

[3.97567, 3.99938]  
     

 ,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 
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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 3.35677 ,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 8 patterns from a testing set with 

53  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         [3.35394 ,3.37864] 

Second category     [3.47558 ,3.49399] 

Third category        [3.53974 ,3.54734] 

Fourth category     [3.63755 ,3.64787] 

Fifth category        [3.79369 ,3.77877] 

Sixth category      [3.93899 ,3.95973] 

Seventh category   [3.73898, 3.75475]  

Eighth category     [3.97567, 3.99938]  
 

  The ranges of these intervals through this order are; 
3.35773 
3.34874 

3.33763 
3.34398 
3.34838 
3.34834 
3.34937 
3.35677 
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     Note that a least range(scope) is for third category-once again- 
interval and it is equal to 3.33763 ,while largest range is for first 
category interval and it is equal to 3.35773   . 
 

     The differences(ranges) of regions between these intervals(error 
regions) are for two sequential intervals at the third experiment as; 

3.39997 

3.37875 
3.39354 
3.47579 
3.46358 
3.37898 
3.55395 

 

    The least range occurred between second and third category 
interval that equal to 3.37875 .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 
3.55395 .It means that an error region is larger here than other 
regions   . 
 

Note : 
   4. 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 .  
 

     5. 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(8-69) 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 .  
 
 

      6. 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    
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     and   ,respectively  . 
 

 

    The resultant of testing through this experiment, was at 
recognize 435 patterns  for all categories from the number of patterns  

493 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 .                                               
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Range Max. boundary Min. boundary Eta. updated Worst err. Average err. MSR It .No. Epoch Categories 

1.12071 1.10520 1.12160 1.17102 1.12002 1.11562 1.11177 2712 526 4
st
 category 

1.10070 1.06166 1.00220 1.16667 1.11776 1.11001 1.11112 60 02 5
n
 category 

1.11721 1.20710 1.21670 1.16060 1.12526 1.11512 1.11162 650 62 6
rd

 category 

1.10165 1.20707 1.21722 1.16702 1.12222 1.11070 1.11155 0110 000 7
th

 category 

1.10010 1.07000 1.06126 1.16667 1.12050 1.11051 1.11106 0000 060 8
th

 category 

1.10010 1.62671 1.61066 1.16707 1.12117 1.11026 1.11105 0157 050 9
th

 category 

1.10610 1.72072 1.71560 1.16661 1.12100 1.11025 1.11106 0016 050 7
th

 category 

1.12270 1.66610 1.60220 1.10060 1.12766 1.11502 1.11172 2002 216 8
th

 category 

 

 

 

Table(5-5): Conclusions  values for the eight categories from the third experiment 
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                                  1.16667            1.10072        1.16120                     1.00206                                 1.02125                    1.17060                               1.22162 
 
 

 

 

 

 

 

 
 

Figure(5-36): Decision Line for the third experiment  
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  9.5  Future Works 
 
    I 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 . 

 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  

 Use an other continuous types of wavelets or 
membership functions . 

 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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